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Abstract

Correctly nding andhandlingocclusionbetweervirtual andreal objectsin an AugmentedRealityscends essen-
tial for achieving visualrealism.Here, wepresenian approad for detectingocclusionof virtual partsof thescene
by natural occludes. Our algorithmis basedon a graphicalmodelof staticbadgroundsin the natural surround-

ings, which hasto be acquired befoehand.Thedesignof the approac aimsat providing real-timeperformance
and an easyintegration into existing AR systemsNo assumptionsiboutthe shapeor color of occludingobjects
arerequired. Thealgorithmhasbeentestedwith several graphicalmodels.

Categoriesand SubjectDescriptors(accordingto ACM CCSy H.5.1 [Information Interfacesand Presentation]:

Arti cial, augmentedandvirtual realities

1. Intr oduction

In AugmentedReality, virtual objectsare combinedwith
areal ervironment.Video see-throughAR systemsperma-
nentlyacquirecameramagesof therealsurroundingsn or-
derto performthis mixing process'. After determiningthe
currentpositionandorientationof the userwithin thescene,
corresponding@rojectionsof thevirtual graphicalbbjectsare
thenrenderedntop of the cameramage.

Whereaghis methodof mixing realandvirtual elementds
easyto implementandfastenoughfor real-timesystemsit
alsohasmajor dravbacks.Becauseall pixels of the graphi-
cal virtual elementsare drawn over the cameraimage,they
completelyoccludetherealervironment.ln mary caseghis
doesnot representhe actualsituationin the AR scenelt is
possiblethatvirtual objectsshouldbe behindrealobjects A
commonexamplefor this situationis userinteractionwithin
the AR sceneTheusershandsandpointingdevicesarehid-
denby virtual objectsalthoughthey normally are closerto
thecamera.

Several types of occlusionin AR scenescan be distin-
guished.On the one hand, occlusioncan be characterized
by whatkind of objectis hiddenby whatkind of occluder
A goodoverview of thishasbeengivenby Klinker 4. In our
researchwewereonly interestedn virtual objectsbeingoc-
cludedby real ones.This canagain be split into two cases.
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In the rst casetheexactgeometryandlocationof thereal
objectsareknown. We call this staticocclusion.

By contrast,in dynamicocclusionnothingis known about
the shape size or position of an occluding naturalobject.
Thusit is necessaryo detectpotentialoccluderdor graphi-
calobjectsin thecameramage.A simpleapproactor nd-
ing dynamicoccludersn an AR scenewould be to assume
that occludingobjectshave a certaincolor. Our algorithm
doesnot rely on ary suchassumptioraboutthe occluders.
They maybe of ary geometryor texture.

In orderto be ableto nd pixels belongingto dynamicoc-
cludersin the input cameraimage,our approactrequiresa
graphicalmodelfor certainpartsof the sceneThis graph-
ical model consistsof a setof textured polygons,in front
of which occlusioncanbe detectedThesepolygonshave to
correspondo surfacesin therealworld. By comparingthe
cameraimage with the projectionof the graphicalmodel,
dynamicoccludersarefound. Several stepsarenecessaryo
performthis operationThey aredescribedn Sectiond.

Any objectoccludingone of the given static backgrounds
is assumedo be in front of the graphicalelementsof the
AR sceneThe occludercanthenbe dravn over the virtual
objectsfor a morerealistic display of the AR scene Note
thatthis methodcannot deliver ary real depthinformation
for the scene.This would be necessaryor correctly han-
dling more complex spatialrelationshipsbetweenthe vari-



Fischeretal / DynamicOcclusion

ouskindsof objects.Thelimitationsthatareimposedon our
approachby this arediscussedn moredetailin Section?.

2. Relatedwork

Detectingocclusionfor Augmentedand Mixed Reality has
beenan areaof active researctfor several years.Breenet
al. have suggested model-basednethodfor handlingstatic
occlusionin AR 3. This methodhasalsobeenextendedby
combininga previously acquiredgeometricmodelwith po-
sitionaldatafrom atrackingsystenfor determininghow vir-
tual objectsarehiddenby the users body®.
Severalapproachefor stereacameraAR systemdave been
describedSomesolve the occlusionproblemin generalus-
ing depthinformation delivered by stereomatching 22,
Themethoddevelopedby Gordonetal. 7 cancorrectlyren-
derinteractiondevicesinto thescene.

The AR systemof Malik et al. 16 detectsthe occlusionof
black andwhite marler regionsby the users hand.This is
achieved using a histogram-basethresholdingprocessre-
ned by a ood- Il algorithm.
Someresearcthasalsobeendoneinto occlusionin non-real-
time AugmentedReality. Correctlyhandlingocclusionwhile
addingvirtual objectsto storedvideo sequencewasexam-
inedby BergerandLepetit 15,

3. Acquisition of the graphical model

Our methodrequiresa graphicalmodel of surfacesin the
users ernvironment.Eachsurfaceis describecby a number
of textured coplanarpolygons.We call sucha surfacedy-
namic occlusionbadkground (DOB). Before the algorithm
for detectingdynamicocclusioncanbe usedin a given AR
scenethe dynamicocclusionbackgrounddor the relevant
partsof the scenehave to beacquired.

In orderto generatéhe DOB modelswe have implemented

Figure 1: Part of AugmentEdS menusystem.

aninteractve tool for editing AR scenesWith this software,

AugmentEdit is possibleto de ne a completeAR scene
consistingof virtual objects,phantommodelsfor staticoc-
clusion® anddynamicocclusionbackgroundg¢seeFigurel).
AugmentEdusesOpeninventor?! asl/O le format.

For de ning a dynamicocclusionbackgroundrom scratch,
we designeda simple processspanningall stepsfrom tak-
ing a digital imageof the surfacein the sceneto correctly
positioningthe modelin world space.Using this method,
we have createda numberof simpleocclusionbackgrounds,
mostly cockpitinstrumentsusedin automotve andaircraft
design(seeexamplein Figure?2).

Figure 2: ExampleDOB (aircraft instrument).

4. Overview of the algorithm

We proposean algorithm for detectingdynamicocclusion
in front of static backgroundsThis algorithmis basedon
the comparisonof the graphical model with the current
camerdmage Wherethecameramageis differentfrom the
expectedappearancesuggestedby the graphicalmodel,the
backgrounds assumedo be occludedIf thecameramage
is (nearly) identical with the expectation,the background
can be seenwithout occlusions.In orderto make sucha
comparisorpossible anumberof pre-processingtepsmust
beperformed.

The fundamentalidea of our approachis to renderthe
graphicalimagefor eachDOB into anoffscreenbuffer. The
camergpositionandorientationusedfor this renderingstep
aretaken from our AR systems marker tracking12. Dueto
inaccuraciesn this computedcamerapose,the generated
internal DOB image then hasto be adapted.The reason
for this is the fact thatthe nal comparisonis doneon a
perpixel basis.Thusit is necessaryhat positionandshape
of theinternalimageexactly matchthe DOB in the camera
image.A simpleoverview of thealgorithmis thefollowing:

a) Render DOBto offscreen buffer

b) Adapt internal DOBimage to maitch
camera image

¢) Compare adapted
era image

internal DOB and cam-
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Theresultof the nal stepis anocclusionmask.Thisis a
bitmapin which a bit is setfor every pixel whereocclusion
hasbeendetectedThis entireprocesshasto berepeatedor
eachdynamicocclusionbackgroundTheresulting nal oc-
clusionmaskcan be obtainedby combiningall individual
occlusionmasksusingthe binary OR asshavn in Equation
1.

N
occMask= " partialOccMask 1)
i=1

Here, partialOccMask is the occlusionmaskcomputedor
thei-th dynamicocclusionbackgroundThetotal numberof
DOBsin thescends N.

In orderto adaptthe internal DOB to the cameraimage,a
templatematchingmethodsimilar to the one usedin the
markerlesdrackingsystemdemonstratetly Katoetal. 13 is
applied.This methodagain consistsof several stepswhich
determinehow the internalimagehasto be transformedso
that it matchesthe position of the backgroundsurface in
the cameraimage.First salientpointsin the internalDOB
image are detected.Then positionsin the cameraimage
correspondingo thesesalient featuresare searchedThe
resultof this matchingprocesss an array of displacement
vectorsdescribingthe transformationof the internal DOB
to cameraimage space.This 2D transformationis then
calculatedusing standarchumericaltechniquesAfter that,
the computedransformationis appliedto the DOB image.
In moredetail,the stepsof our algorithmarethefollowing:

1. Render DOBto offscreen buffer

2. Detect salient points in the DOBim-
age

3. Find correspondences for salient

points in camera image
4. Filter correspondences
their  confidence

according to

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 algorithmaslisted above are
discussednorecomprehensely in Sections.

5. Implementation details

For our researctwe developedanimplementatiorof the al-
gorithmfor detectingdynamicocclusion.Thisimplementa-
tion is basedn fundamentaAR systemcomponentslevel-
opedatthe VRCC. It usesa marker trackingsimilar to AR-
ToolKit 12, The basicAR systemhasbeendescribedmore
comprehenskely by Regenbrechetal. 18.
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5.1. Offscreenrendering of the DOB image

EachDOB is renderednto anoffscreerbuffer. The descrip-
tion of the dynamicocclusionbackgrounds takenfrom the
graphicalmodel (seeSection3). For the offscreenrender

ing processthe Mesagraphicslibrary is used?’. (The ob-
vious solutionof usingstandardOpenGLandreadingback
theframehuffer wasrejectedbecausduffer readbacks ex-

tremely expensve on mosthardware.) Eachtextured poly-

gonis drawvn using3D positionandorientiationinformation
from themarler tracking.

5.2. Finding salientpoints on the DOB

In the offscreenimage buffer, salientpoints on the DOB
are searchedThis is done using the structuretensor 2,
whichis abasicimageprocessingperatiorfor nding two-
dimensionalstructureg(like corners).We assumethat such
pointsin theimagearewell suitablefor nding correspon-
dencesn thecameramage.

Thestructuretensoris de ned asthefollowing matrix:

o 12 o
Qb @
a |x|y a |y
In Equation2, Ix andly arethe partial derivativesof theim-
age.Thesummationgremadeoverarectangulaareain the
image whichis centeredit the pixel thatis currentlylooked
at. After this matrix hasbeencomputedijts eigervaluesare
calculatedIf the smallerof thetwo resultingeigervaluesis
greaterthan a thresholdvalue, thereis a sufciently inter
estingtwo-dimensionastructureatthis pixel 1¢ 20, Only this
smallereigervalueis importantfor furtherconsiderations.
The candidatedor salientpointsdeliveredby the structure

Figure 3: Salientpointsdetectedbna DOB.

tensorare ltered becausehey often aretoo numerousA
specializedunctionof the Intel OpenCVlibrary is usedfor
this 10, Firstof all, all pointswith anon-maximakigervalue
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in 3x3 neighborhoodsreignored.After that,the maximum
of theeigemvaluesof all remainingpointsis calculatedOnly
pointswhich have an eigervaluebig enoughrelative to this
maximumare further consideredFinally, a minimum dis-
tancebetweerthe salientpointsis ensured.
Subsequentlyanother ltering stepis necessarywhich is
speci ¢ to our algorithm. The reasonfor this is that along
the edgesof the DOB polygonsthere can be mary two-
dimensionaktructuresvhichin factarealiasingartifactsof
the rendererThereforewe remove all salientpointson the
DOB borders.An examplefor salientpointson a DOB is
shavn in Figure3.

5.3. Establishing point correspondences

For eachdetectedsalientpoint p; onthe DOB, a correspon-
denceis searchedn the cameraimage. This is done us-

ing templatematching.The templateusedis the quadratic
areawith sidelengthtemplateLengh centeredatthe salient
point. A correspondencr this templateis lookedfor in a

quadraticareawith sidelengthseachLengh in the camera
image.This searchareais centerecdat the samecoordinates
that the salientpoint hasin the internal DOB image. This

requiresthe DOB imagein the offscreenbuffer to have the

sameresolutionasthe cameramage.

For templatematchingwe usethenormalizedcorrelationco-

efcient, which is a similarity measurebasedon the cross
correlationt® 19, The correlationcoefcient is computedor

every pixel in the searcharea.lt hasa valueof 1 for maxi-

mumsimilarity (i.e.identity) anda valueof -1 for minimum

similarity. It is computedasfollows 10:

h 1w 1_ -
& TG+ xCy+yd)
=0

. h 1 1.
a8 TOCY2 A A T(x+ Cy+y92
1= 0x0=0 ¥=0x0=0
(3)

In Equation3, T(x% yY) is thedifferencein intensitybetween
a templatepixel and the averagebrightness‘!g\ of the en-
tire templatej.e. T(x%y) = Tx%y9) A Correspondingly
i(x+ x%y+ yY is thedifferencebetweerapixel in theimage
andthe a\/eragebrightnessir&of the searcharea.The numer
atorof thefractionis simply a crosscorrelationover differ-
encesfrom the averagebrightnessBecausehe differences
areused template/imageairswith differentoverall bright-
nesshave comparablecorrelationcoefcients. Thedenomi-
natornormalizeshe resultof the crosscorrelation,thusal-
waysdeliveringaR(x;y) 2 [ 1;1].

In our algorithm, both w and h always have a value of
tenplateLengh. Note that Equation3 is only de ned for
single-channeimages.Thereforeboth the templateimage
andthe cameramagearecornvertedto grayscalebeforecal-
culatingthe correlationcoefcient. R(x;y) is computedfor
the entire searcharea.The pixel with the maximumcoef-
cientis de ned asthe correspondencsg; for the currently
consideredsalientpoint p;. Thelines connectingeachp; to

its correspondingj canbedravn asdisplacementectorsas
shavn in Figure4.

Figure 4: Point correspondenceshownas displacement
vectos.

5.4. Computing the 2D transformation

Thedetectedoint correspondencesmethenusedfor calcu-
lating a 2D transformationThis transformatiorwill laterbe
appliedto theinternalDOB image.Theinput datafor com-
puting the transformationare the pairs of salientpoints p;

andtheir correspondences. A matrix describingthetrans-
formationfrom DOB imagespaceo cameramagespaceds
to bedeterminedEquation4 expresseshis relationship.

g=Ap; i=1:5;m 4)

A homogeneousransformatioris requiredsincetherecan
beatranslationatomponentvhencomparinghe DOB and
cameramagesThusthe p; andg; pointshaveto beextended
by ahomogeneousoordinateTransformatiommatrix A is a
3x3 matrix. Thisis shavn in Equation5.

0 1 0 1

@I A=-pn@P A, i=1::m A2<>® (5

1 1

Thereis oneequatiorfor eachpairof salientpointandcorre-
spondenceT he combinationof thesels an over-determined
equationsystem.This equationsystemis to be solved for

matrix A. In orderto dothis usingstandarchumericalmeth-
ods, equationsystem(5) hasto be reshapedn termsof the

transformatiormatrix A:
M a4=0 (6)

In Equation6, M is amatrix containingall dataof the salient
pointsandtheir correspondence# detailedderivation for
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M canbefoundin 4, aswell asa moregeneralexplanation
in 8, Here, it is de ned asshavn in Equation?.

M= 1
X Yoy 10 o o Xpp Xy Yp1 Xq Xy
0 0 0 xp yp 1 Xpy Yap Yoy Yap Yar
X Yo, 10 o o Xpp Xap Yp2 Xap Xdp
0 0 0 Xpy Ypy 1 Xpp Yo Ypy Yoy Yoy

@
In Equation?, thexp, Xg , Yp, @andyq aretherespectie coor
dinatesof the salientpointsandtheir correspondence3he
equationsystemis then solved using a numericalmethod
basedon the singularvalue decompositior?®. The vector
a is given by the eigervector correspondingo the small-
esteigervalueof M, which is the solutionwith the smallest
residualerror.
Sincethe valuesin M canbecomevery large dependingpn
theimageresolutionused therecanbe numericalproblems
whencalculatingthesingularvaluedecompositionThusbe-
forehandall 2D coordinatesappearingn the equationsys-
temarenormalizedto bein theinternval [ 1;1]. Thisis ex-
plainedin moredetailin & and*.
Another important pre-processingf the pairs of salient
points and correspondenceis done even before the con-
struction of M. When searchingcorrespondencefor the
salientpoints,it is possiblethatno satisfyingresultis found.
Thereis a numberof possiblereasondsfor this. Sincethe
searchareais of x ed size, marker tracking inaccuracies
which aretoo big preventthe algorithmfrom nding a cor-
respondenceAlso if the relevant part of the cameraimage
is hiddenby other objects,no correspondingpoint can be
detectedIn orderto distinguishvalid correspondencdsom
incorrectones,acon dencemeasure; for eachpointpairis
de ned,whichis simplythecorrelationcoefcent calculated
for the correspondencpoint. Only point pairswith a given
minimumcon denceconf Thresharetakeninto accountor
theequatiorsystem(seeEquation8) .

R(G);

Ci

f(pia)ga = f(pia)jc  confThrestgls  (8)
This usuallyreduceghe numberof point pairsfrom k to a
smallerm. At least ve point pairshave to remainafterthis
selection.Otherwise we cannotcomputea solutionfor the
equatiorsystem.

Notethatwe only computea 2D transformatiorfor theDOB
image althoughtheunderlyingmarkertrackinginaccuracies
canbethree-dimensionaNonethelessshomogeneousan-
formationin 2D imagespaceis sufcient for correctingthe
DOB image.The reasorfor this is the factthat bothin the
graphicalmodel andin reality all DOB polygonslie on a
plane?.
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5.5. Applying the transformation

The computedransformatioris thenappliedto theinternal
DOB image.This is doneon a perpixel basisusinga spe-
cializedfunctionof thelntel IPL imageprocessindibrary °.

Every pixel in the original internal DOB imageis copiedto

its new positionin anew imagebuffer accordingo transfor

mationmatrix A. Averagingor interpolationof pixel values
areperformedwhennecessary

Note that not all vectorsa that canbe returnedby the sin-

gularvalue decompositiorare valid transformationsn this

context. ThelPL function only workswith projective trans-
formations.Thus matrix A is testedfor its validity before-
hand.Degeneratednatricesare computedf wrongor con-
tradictorypoint correspondencesefoundin the preceding
stepsof thealgorithm.

5.6. Performing the image comparison

After the DOB imagehasbeentransformedo eliminatethe
effectsof markertrackinginaccurag, theactualimagecom-
parisoncan take place.Positionand orientationof the in-
ternal DOB imageshouldnow matchthe real DOB in the
cameraimage.For the entire areaof the DOB a pixelwise
comparisorcriterion is evaluated.The criterion determines
whetherapixelin theinternalDOB is identicalwith thereal
DOB pixel. Dependingon this, either0 or 1 is storedin the
occlusionmaskfor this pixel. We testeda numberof differ-
ent pixel comparisorcriteriain our researchThey arede-
scribedin Section5.7.

After the entire occlusionmaskhasbeencomputedas de-
scribeda nal ltering stepis executedThisis donesothat
"outlier" pixels which are not part of a coherentoccluding
objectareremovedfrom themask.Thereforemorphological
operators® areappliedto theocclusiormask A sequencef
Openingand Closing over 3x3 neighbourhoodss repeated
severaltimes.

5.7. Pixelidentity criteria

We have evaluateda numberof different criteria for pixel

comparison.Among them there are rather simple and
straightforvard oneslik e a comparisorof absolutentensity
values.Thecompletdist of criteriacanbefoundin 4. Here,
wewill elaborateonly ontwo morecomplicatednes.

The rst criterionis the comparisorof the differencefrom

averagantensityin awindow areaFor computingthis crite-

rion, at rst bothimagesarecorvertedto grayscaleThenfor

every pixel in bothimagesa squarewindow areasurround-
ing it is de ned, the size of which is x ed. The difference
betweerthe averageintensityin thiswindow andthe pixel's

intensityis computedThisis donebothfor the DOB andthe
cameramage.The two differencesarethencomparedand
their differenceis thresholdedor the criterion. The entire
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processs shavn in Equation9.

h o w
8 & lgop(x+ XX w=2y+y° h=2)
Y=1x0=1

Bob(X;y) =

w h
Digob(%:Y) = laob(%y)  Hob(x:¥)
V%\am andDl¢cam arecalculatedcorrespondingly

ocdx:y) = t jDlgon(X;y)  Dlcam(X;y)j > threshotl
©)
In Equation9, lgon and lcam are the intensity of pixelsin
the DOB and cameraimages.This criterion is very ex-
pensve becausedhe local averageintensity must be deter
minedfor every pixel. This generatesn overall comple-
ity of O(n?n?) (with n beinganapproximatiorfor thelocal
window's sidelengthandm anapproximatiorfor theimage
sidelength).Butit is possibleto arrangehe summationgor
the calculationof the local averagessothata complexity of
O(mP) is achieved?.
Theoriginalmotivationfor this criterionwasto eliminatethe
in uence of local brightnessvariationsduring imagecom-
parison.Suchvariationscanresultfor examplefrom shad-
ows castuponthe DOB. Anothercommoncausearediffer-
encesn lighting betweerthe DOB texture in the graphical
modelandthe cameramage.Severaltestshave proventhis
criterion as unableto producesatisfyingocclusionmasks.
Thereasorfor this is a strongdepedencen the sizeof the
averagingwindow. A large averagingwindow preventsthe
criterion from reactingto local changesn lighting. When
usinga smallaveragingwindow the criterionactuallycom-
putesthe spatialderivationof theimagefunctionandcannot
determinadifferencesn homogeneouareas.
A sufciently good occlusionmaskis calculatedby the

Figure 5: Examplecamer image. A DOB (the bright rect-
angle)is partly occludedby an object(a bladk briefcase).

"Adaptive HSV" criterion. This criterion alsomakes useof

thepixel colorinformation.In a rst stepboththe DOB and
the cameraimageare corvertedto HSV images.HSV im-

agescontaintherelevantcolor informationin theirH (Hue)

and S (Saturation)channels®. The problemis that color

information deliveredby the camerais almostrandomfor

very dark pixels. Therefore ,we decidedto adaptvely bal-

ancethe in uence of color and intensity differencesbased
onthepixel brightnessFor brighterpixels,color differences
play abiggerrole.

DH(Xy) = jHdob(XY)  Heam(X;Y)]

DSandDV arecalculatedcorrespondingly
a(xy) = b min(Vgon(XY); Veam(X; ¥))

DH(x,y) + DS(xy)

> +(1 a(xy) DV(xy)

o(x;y) = a(xy)

1; o(x;y) > threshot
octy) = & oY (10)

In Equation10, a(x;y) is the function determiningthe bal-
ancingfactor Color differenceis calculatedasthe average
differencein the H- and S-channelsVariableb is a user

de ned parameterfor settingthe maximumin uence that
color differencesanhave.

We have foundthe"Adaptive HSV" criterionto deliverfairly

goodresultsin mostcasesandit is the bestof six criteria
which we testedfor the occlusiondetectionalgorithm. Still,

in somescenesnding DOB and cameraimageidentity is

notcompletelyreliable.

Figures5 and6 shav anexampleof anocclusionmaskgen-
eratedby the"Adaptive HSV" criterion.

Figure 6: Occlusionrmaskcomputedythealgorithmfor the
camenimagein gure5. Whitepixelsin thebitmapindicate
detectedbcclusion.
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Fischeretal / DynamicOcclusion

6. Evaluation of the algorithm

We have devised several methodsfor evaluatingthe perfor
manceof the algorithm. One importantmeasureof course
is the runtime of the algorithmfor a singleframe.We have
found our approacho take betweerB00and1500millisec-
ondson the computerthatit was developedandtestedon.
Theruntimeanalysisfor anexampleof atypical cameram-
ageis givenin Tablel. Notethatthedetectionof correspon-
dencesaccountgor morethanhalf of the executiontime.
The quality of the resultsproducedby the algorithmis an-

Offscreerrenderingof DOB 20msecs
Salientpointsdetection 70msecs
Searchingpoint correspondences 560msecs
2D Warping 40 msecs
Findungocclusion(identity criterion) 300msecs
Filtering occlusionmask 110msecs
Total time 1100msecs

Table 1: Typical executiontimesfor algorithmsteps

otherimportantinformation. Therearetwo aspect®f algo-

rithm quality that can be examined.The rst aspectis the

correctnes®f the computed2D transformationThe better
it mapstheinternalDOB imageto its actualpositionin the

cameraimage,the morereliableis the image comparison.
In orderto make suchanevaluationpossible a softwaretool

for manualdenti cation of DOBsin camerdamagesvasde-

veloped.Using this manualDOB de nition andthe DOB

appearanceuggestety the 2D transformationa similarity

measureanbe computedThis similarity measurds in the

interval similarity 2 [0;1].

Usingthe DOB similarity measurewe performeda number
of experimentsIn theseexperimentswe examinedthe in-

uence of the con dencethreshold(seeSection5.4) on the
quality of the 2D transformationIn eachexperiment,the

DOB similaritieswere calculatedfor a given seriesof still
cameraimages.The con dencethresholdwas changedor
eachtestrun. Statisticaldataon theresultingDOB similari-
tiesis shavn in Figure7.

All datasetsveretestedwith con dencethresholdsof 0.1,
0.3,0.5,0.7and0.9.0f these.7obviouslyis thebestvalue.
If a smallerthresholdis chosen,it is possiblethat incor
rectpointcorrespondenceseaddedo theequatiorsystem.
This decreasethe quality of the computed2D transforma-
tion. If the thresholdis too high, too few correspondences
aretakeninto accountgvenif they arevalid. Thenthequal-
ity of thetransformatiorcanalsobecomepoor, or it caneven
becomempossibleto computeit at all dueto lack of point
correspondences.

¢ TheEurographic#ssociation2003.

Figure 7: DOB similarity dependingon con dencethresh-
old for threeimage sequences.

Anotherusefulquality measurdor thealgorithmis the sim-
ilarity betweerthe computedcclusionmaskandthe actual
occludersThis requiresmanualidenti cation of theocclud-
ersin thecameramage.We have notyet experimentedvith
thatkind of measure.
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7. Limitations and drawbacks of the approach

Thereare somelimitations to the approachand our imple-
mentation First of all, it's importantto understandhat our
algorithmis not ableto deliver actualdepthinformationfor
the scene Whenever a real occluderis detectedn front of
ary DOB, it is assumedo alsobein front of all virtual ob-
jects.In reality, thisis not alwaysthe case A naturalobject
in the scenecanbe betweentwo virtual objects.Thus, our
occlusiondetectionapproactis not suitablefor all typesof
applicationslt is primarily designedor interactionwith the
AR sceneausinghandsor pointingdevices,which canmostly
beassumedo be closerto the userthanvirtual objects.An-
otherlimitation is thatocclusionis only detectedn front of
DOBs. This canmalke occludingobjectsappearlippedat a
DOB edge.

The algorithm performancedescribedn Section6 appears
to be not goodenoughfor real-timeapplicationsBut given
the fact that state-of-the-artomputersare several timesas
fastasthe one usedfor developmentandtesting,and after
improvementdiscussedn Section8, a considerablespeed-
up shouldbepossible.

Problemscanalsoarisefrom the way that the point corre-
spondencesire detected Becauseof the x ed-sizesearch
window, very large marler tracking inaccuraciesprevent
correspondencesom beingfound at all. How to make the
algorithmmorestablein this respecis alsodescribedn the
following section.Finally, the pixel comparisorcriteriathat
we have examineddo not alwaysdeliver awlessocclusion
masks Alternativesaredescribedn Section8.

8. Possibleimpr ovementsand futur ereseach

Marny possibilitiesfor improving the algorithmcanbe con-
ceived. The detectionof salientpointscanbe donein a sep-
aratepre-processingtep,which storesthe pointsin a sepa-
rate le. In eachframe,thestoredpointsthenonly haveto be
projectedaccordingo themarkertrackingpose.This speeds
upthealgorithmandallows for moresophisticatedietection
heuristics.

For the detectionof correspondencpointsthereareseveral
alternatvesto usinga x ed-sizesearchwindow. The win-
dow sizecould be adaptvely increasedo accountfor large
marker trackinginaccuraciesAlternatively, detectedcorre-
spondencepoints can be iteratively re ned on a Gaussian
pyramid or using different sub-samplinglistances Salient
featurescouldalsobedetectedn thecameramageascandi-
datedfor thetemplatematching Thesemethodscanincrease
boththestability andthe speedf thecorrespondenceetec-
tion, which currentlyis themostexpensve algorithmstepas
mentionedn Section6.

The selectionof point correspondencesanbeimproved by
usingthe RANSAC method? insteadof con dencethresh-
olding. A true 3D poseestimation2° could be performed
basedon the correspondenceimsteadof computinga 2D
transformation.

Finally, the pixelwiseimagecomparisorcould be perfected
by combining several simple comparisorcriteria. 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

comparisorandmake it morereliable. Moreover a method
for nding coherenbccluderareasouldbeemployed. This

canbedoneusinga ood- Il algorithmor animagesegmen-
tationmethodlik e region growing.

Apart from improving the algorithm for detectionof dy-

namic occlusion,anotherdirection of researchis alsocon-
ceivable. The stepsof the approachthat estimatethe trans-
formation betweeninternal DOB and cameraimage could
beusedfor asimplemarkerlesgrackingsystemPre-de ned
surfacesin theusers environmentwould thentake the place
of arti cial markers.A combinatiorof thesetaskscouldpro-

vide bothmarkerlesstrackingandocclusionhandlingbased
onthetechniqueslescribedn this paper
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