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Abstract

Augmentedrealitydealswith theproblemof dynamically
augmentingor enhancing(imagesor live videoof) thereal
world with computergenerateddata (e.g., graphicsof vir-
tual objects). This posestwo major problems: (a) deter-
miningtheprecisealignmentof real andvirtual coordinate
framesfor overlay, and(b)capturingthe3Denvironmentin-
cludingcamera andobjectmotions.Thelatter is important
for interactiveaugmentedreality applicationswhere users
caninteractwith bothreal andvirtual objects.

Here weaddresstheproblemof accurately tracking the
3D motionof a monocularcamera in a known3D environ-
mentand dynamicallyestimatingthe 3D camera location.
We utilize fully automatedlandmark-basedcamera calibra-
tion to initialize themotionestimationandemployextended
Kalmanfilter techniquesto track landmarksandto estimate
the camera location. Theimplementationof our approach
hasbeenprovento be efficient and robust and our system
successfullytracksin real-timeat approximately10Hz.

1 Introduction

Augmentedreality(AR) is atechnologyin whichauser’s
view of therealworld is enhancedor augmentedwith addi-
tional informationgeneratedby a computer. Theenhance-
mentmay consistof virtual geometricobjectsplacedinto
the environment,or a display of non-geometricinforma-
tion aboutexisting real objects.AR allows a userto work
with and examine real 3D objectswhile visually receiv-
ing additionalcomputer-basedinformationaboutthoseob-
jectsor thetaskat hand.By exploiting people’s visualand
spatial skills, AR brings information into the user’s real
world ratherthanforcing the userinto the computer’s vir-
tual world. Using AR technology, usersmay thereforein-
teractwith a mixedvirtual andrealworld in a naturalway.

Thisparadigmfor userinteractionandinformationvisu-
alizationprovidesapromisingnew technologyfor many ap-
plications.AR is beingexploredwithin a varietyof scenar-
ios. Themostactiveapplicationareais medicine,whereAR
is usedto assistsurgical proceduresby aligningandmerg-
ing medicalimagesinto video [Bajuraet al. 92; Lorensen
etal. 93;Stateetal. 96a;Grimsonetal. 94]. For manufac-
turingAR is beingusedto directworkerswiring anairplane
[Caudell& Mizell 92]. In teleroboticsAR providesaddi-
tional spatial information to the robot operator[Milgram
et al. 93]. AR may alsobe usedto enhancethe lighting
of an architecturalscene[Chevrier et al. 95], as well as,
providepart informationto a mechanicrepairinganengine
[Roseet al. 95]. For interior designAR may be usedto
arrangevirtual furniture in a real room [Ahlers et al. 95].
Theapplicationthatis currentlydriving ourresearchin aug-
mentedreality involvesmerging CAD modelsof buildings
with videoacquiredata constructionsitein real-time.
1.1 Augmented Reality Technical Problems

A numberof technicalproblemsmust be addressedin
orderto producea usefulandconvincing video-basedaug-
mentedrealitysystem:

1. A video-basedAR systemessentiallyhas two cam-
eras,a real onewhich generatesvideo of the real en-
vironment,anda virtual one,which generatesthe 3D
graphicsto bemergedwith thelivevideostream.Both
camerasmusthave thesameinternalandexternalpa-
rametersin orderfor therealandvirtual objectsto be
properlyaligned.To achieve this,aninitial calibration
of therealcameraandadynamicupdateof its external
parametersarerequired.

2. In orderto have correctinteractionsbetweenreal and
virtual objectsin anAR environment,precisedescrip-
tionsof theshapeandlocationof therealobjectsin the
environmentmustbeacquired.Theseinteractionsmay
includecollision detection,dynamicresponsesandvi-
sualocclusions[Breenetal. 96]. Theseeffectsrequire



an initial calibration/registrationof modelsto objects
and the subsequentdynamicupdateof thesemodels
basedon trackingthecorrespondingrealobjects.The
generalshapeof theenvironmentmayalsobedirectly
acquiredwith avarietyof techniques(e.g.shape-from-
shading,[Oliensis& Dupuis93; Ikeuchi& Horn81]).

3. Correctlighting is an essentialpart of generatingvir-
tual objectswith convincing shading. It is therefore
importantto properlymodelthe lighting of a real en-
vironmentandprojectit onto thevirtual objects. It is
equallyimportantanddifficult tomodify theshadingof
real objectswithin the video streamwith virtual light
sources[Chevrier etal. 95;Fournier94].

4. An augmentedreality systemshouldinteractively pro-
vide user requestedinformation. Since the user
is working in an actual 3D environment, the sys-
temshouldreceive informationrequeststhroughnon-
conventionalmeans,eitherby trackingthemotionsof
theuserandinterpretingher/hisgestures,or througha
speechrecognitionsystem.

5. Theinformationdisplayedin andmergedwith thereal
environmentmusteffectively communicatekey ideas
to the user. Thereforedata visualizationtechniques
within this new paradigmthateffectively presentdata
in a 3D settingneedto bedeveloped.

1.2 Technical Contribution
Ourtargetapplicationinvolvestrackingacameramoving

arounda constructionsite.We focusedprimarily onvision-
basedalgorithmsfor determiningthe positionandorienta-
tion of thecamera,addressingitem #1 in theprevious list,
becausethesealgorithmsshouldgive us the mostflexibil-
ity whendealingwith the diverseenvironmentspresenton
constructionsites.Magnetictrackingdevicesbeingusedin
otheraugmentedrealityapplications(likein [Roseetal. 95;
Stateetal. 96b])arenot feasiblein sucha scenario,mainly
becauseof (a) their limited range(3–5m),(b) interference
with ferromagneticobjectsof theenvironment,and(c) their
lack of portability. Magnetictracking also requiresmore
initial calibration. However, vision-basedtrackingis com-
putationallymoreexpensivethanmagnetic-basedtracking.

In this paperwe specificallyfocuson theproblemof ac-
curatelytracking the motion of a monocularcamerain a
known 3-D environmentbasedon video-inputonly. Since
we initially planto placeknown landmarkswithin thecon-
structionsites,ourfirst experimentssearchfor andtrackthe
cornersof rectangularpatternsattachedto a wall. Tracking
of thesecornerpoints is basedon extendedKalmanfilter
techniquesusingan acceleration-freeconstantangularve-
locity andconstantlinearaccelerationmotionmodel.Angu-
lar accelerationsandlinearjerk aresuccessfullymodeledas
processnoise.We demonstratetherobustnessandaccuracy
of our tracker within an augmentedreality interior design
application,which may alsobe usedfor exterior construc-
tion siteapplications.

1.3 Related Work
A numberof groupshave exploredthe topic of camera

trackingfor augmentedreality. Vision-basedobjectregis-
trationandtrackingfor real-timeoverlayhasbeendemon-
stratedby [Uenohara& Kanade95]. Their approach,how-
ever, is noteffectivefor interactiveaugmentedreality, since
it doesnot addressthe complete3D problem. It directly
computestheimageoverlayinsteadof utilizing a posecal-
culationbasedimageoverlay. A posecalculationis, how-
ever, necessaryfor interactiveaugmentedreality, wherereal
and virtual objectsinteract, as in [Breen et al. 96], and
hencecameraposeandobjectposeneedto bekeptdecou-
pledandcomputedseparately. A similarapproachhasbeen
reportedby [Mellor 95] in the context of enhancedreality
in medicine[Grimsonet al. 94], wherenearreal-timecali-
brationis performedfor eachframebasedon a few fiducial
marks. However, as in the previous approachthey solve
only for the completetransformationfrom world to image
pointsinsteadof theseparateextrinsicandintrinsicparame-
terestimatesnecessaryfor interactiveaugmentedrealityap-
plications.

Kutulakos et al. [Kutulakos & Vallino 96] solve a sim-
liar problemlikeours.By usinganaffinerepresentationfor
coordinatesanda transformationwith a weakperspective
approximationthey avoid aninitial calibrationandposere-
construction.Becauseof theweakperspective approxima-
tion, however, they experiencelimited accuracy, especially
for environmentswith significantdepthextent, wherethe
weakperspective approximationis violated. (They arecur-
rently investigatinga full perspective version.) They also
useartificial fiducial marksfor (affine) tracking. However,
they requiretheuserto interactively selectat leastfour non-
coplanarpointsasa bootstrapprocedure,whereasour ap-
proachallowsautomaticfeatureselectionandautomaticini-
tial calibration.

Someresearcher[Uenohara& Kanade95; Kutulakos&
Vallino 96] have arguedthat a simpleview based,calibra-
tion freeapproachfor real-timevisualobjectoverlayis suf-
ficient. This is definitelytruefor certainapplications,where
no directmetric informationsis necessary. For genericap-
plications,however, we preferthemorecomplex posecal-
culationbasedapproachwhichallowsthedecompositionof
the imagetransformationinto camera/objectposeand the
full perspective projectionmatrix. This thenposesno con-
straintsin applyingstandardinteractionmethods,like colli-
sionor occlusiondetection.

Work closelyrelatedto ourapproachis alsodescribedin
[Stateetal. 96b;Bajura& Neumann95],whereahybridvi-
sionandmagneticsystemis employedto improvetheaccu-
racy of trackinga cameraovera widerangeof motionsand
conditions.They show anaccuracy typical for visionappli-
cationscombinedwith therobustnessof magnetictrackers.
Theirhybridapproachonly workswithin therestrictedarea
of a stationarymagnetictracker. While our approachis be-
ing developedto work with a mobile camerascanningan
outdoorconstructionsite.

Trackingknown objectsin 3D spaceandego-motiones-



timation(cameratracking)have a long history in computer
vision� (e.g. [Gennery82; Lowe 92; Gennery92; Zhang&
Faugeras92]). Constrained3D motionestimationis being
appliedin variousroboticsandnavigation tasks.Much re-
searchhasbeendevotedto estimating3D motion from op-
tical flow fields (e.g. [Adiv 85]) as well as from discrete
moving imagefeatureslike cornersor line segments(e.g.
[Huang86;Broidaetal. 90;Zhang95]), oftencoupledwith
structure-from-motionestimation,or usingmore than two
frames(e.g. [Shariat& Price90]). The theoreticalprob-
lemsseemto bewell understood,but robustimplementation
is difficult. Thedevelopmentof our trackingapproachand
themotion modelhasmainly beeninfluencedby thework
describedin [Zhang& Faugeras92].

1.4 Outline of the Paper
Westartwith thecameracalibrationproceduredescribed

in Section2. In Section3 weexplain themotionmodelem-
ployedin ourKalmanfilter basedtrackingprocedure,which
is thendescribedin Section4. We finally presentour initial
resultsin Section5 andclosewith aconclusionin Section6.

2 Camera Calibration
The procedureof augmentinga video frameby adding

a renderedvirtual objectrequiresanaccuratealignmentof
coordinateframes,in which therealandvirtual objectsare
represented,andother renderingparameters,e.g., internal
cameraparameters.

Internal,aswell as,externalcameraparametersarede-
terminedby an automated(i.e. with no user interaction)
cameracalibration. The internal parameters,focal length
andfocal center(

���������������������
). arebasedon the standard

pinholecameramodelwith nolensdistortion1, andarefixed
duringasession.Theexternalparametersdescribethetrans-
formation(rotationand translation)from world to camera
coordinatesandundergodynamicchangesduringa session
(e.g.,cameramotion).

A highlyprecisecameracalibrationis requiredfor agood
initialization of the tracker. For thatpurposewe proposea
two stepcalibrationprocedurein aslightly engineeredenvi-
ronment.We attemptto find theimagelocationsof markers
placedin the 3D environmentat known 3D locations(cf.
Figure4). This addressesthetrade-off betweenhigh preci-
sioncalibrationandminimal or no userinteraction. In the
first stepwe locatethesemarkersin the imagethroughex-
tractingthecentersof darkblobsanduseit asaroughinitial
calibration. This bootstrapsthe secondstepconsistingof
a constraintsearchfor additionalimagefeatures(corners);
thus improving the calibration. We are using the camera
calibrationalgorithmdescribedin [Wenget al. 90] andim-
plementedin [Tuceryanetal. 95].

Thenext subsectiondescribesour algorithmfor finding
dark image blobs. The constrainedsearchfor projected

1Thereasonfor notcompensatingfor lensdistortionis thatweareusing
the workstation’s graphicspipelinefor display, which doesnot allow for
lensdistortionin its rendering,besidescorrectionsthroughreal-timeimage
warpingusingreal-timetexturemapping.

modelsquaresis addressedin thecontext of acquiringmea-
surementsfor theKalmanfilter in Subsection4.2.
2.1 Finding Dark Image Blobs

The algorithm for finding dark blobs in the image is
basedon a watershedtransformation,a morphologicalop-
erationwhich decomposesthewholeimageinto connected
regions(puddles) dividedby watersheds(cf. [Barreraet al.
94]). Using this transformationa darkblob surroundedby
a bright areaprovidesa strongfilter responserelatedto the
depthof thepuddle(cf. Fig. 1). Thedeepestandmostcom-
pact blobs (puddles)are then matchedagainstthe known
3D squares.For this purpose,the squarescontainone or
moresmallredsquaresatknown positions,whichrepresent
binaryencodingsof theidentificationnumbersof themodel
squares(cf. Fig.2). Theredsquaresarebarelyvisible in the
greenandbluechannelsof thevideocamera.Thuswe can
applya simplevariantof a regiongrowing algorithmto the
greencolor channelto determinethebordersof eachblack
square.After fitting straightlinesto theborder, we sample
eachblacksquarein the redcolor channelat thesupposed
locationsof theinternalredsquaresto obtainthebit pattern
representingthemodelid. Blobswith invalid identification
numbersor with multiple assignmentsof thesamenumber
arediscarded.Using this scheme,the tracker cancalibrate
itself evenwhensomeof themodelsquaresareoccludedor
outsidethecurrentfield of view (seeFigure7 a)).
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Figure 1: (a)Subimagewith darksquares,(b) watershedtransfor-
mationwith greycodedregions(waterhsedaredrawn in black),(c)
resultof thegreyscaleinsideoperationfor theregionsof (b), mea-
suringthe depthof puddles— the dark squaresprovide a strong
filter response.(d) and(e) show 3D plots of images(a) and(c),
respectively.

3 Motion Model For Rigid Body Motion
Any tracking approachrequiressomekind of motion

model,even if it is constantmotion. Our applicationsce-
nario suggestsa fairly irregular cameraandobjectmotion
within all 6 degreesof freedom2. Sincewehavenoa priori

2In an AR application the cameracan be hand held or even head
mountedsotheuseris freeto move thecamerain any direction.



Figure 2: Closeupof oneblackcalibrationsquareexhibiting the
internalsmaller(red)squaresusedto determinethesquaresID (cf.
text).

knowledgeabouttheforceschangingthemotionof thecam-
eraor theobjects,we assumeno forces(accelerations)and
henceconstantvelocities.It is well known that in this case
a generalmotioncanbedecomposedinto a constanttrans-
lationalvelocity ��� at thecenterof mass� of theobject,and
a rotationwith constantangularvelocity � aroundan axis
throughthecenterof mass(cf. Figure3 and[Goldstein80]).
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Figure 3: Each3D motioncanbedecomposedinto a translational
velocity +�, anda rotation - aboutan axis throughthe centerof
mass . of the object, which is constantin the absenceof any
forces. /1032547682�4:9�2�; denotesthe world coordinateframe, and/10=<�476�<�4:9><�; denotesthecameracoordinateframe.

The motion equationof a point ? on the object is then
givenby: @?BAC� �ED �GFIHJ?LKB��M � (1)

where F denotesthe crossor wedgeproduct. Since � it-
self is moving, thecenterof rotationis alsomoving. If we
representthe rotationwith respectto the world frameori-
gin ( �NAPO in Eqn. 1) then the two motion parameters,
rotationandtranslation,areno longerconstantfor a rigid
body motion with constantrotation � and translation ���
with respectto objectcoordinates.Insteadif we substitute�QHSR:MTAU�VHWR7X*M D � � HSRYKZR7X*M weproducethemotionequation:@?[HSR:MTAC� D �NF\? D^] R (2)

with �THSR X MTAC����K3�ZF_�VHWR X M and ] A`K_�ZF[���aA const.The
rotationis now with respectto world coordinates.However,
anadditionalaccelerationterm ] is added.But it hasbeen
shown in [Zhang& Faugeras92] that aslong as � is con-
stantandthevelocity � canbewritten in ordersof HSR5KLR7X*M ,
Eqn. 2 is still integrable,an importantfact being usedin
thepredictionstepof theKalmanfilter (cf Section4). The
integrationyields(cf. [Zhang& Faugeras92;Koller 97]):?aHWR Dcb R:MdAfe\HhgiM�? Dcj HhgQM�� b R D^k HlgmM ] Hon5pq M q �

with

erHhgiMsA I t DGu vxw_yy z D { KB|~} u yy q z q AC���
j HhgiMsA I t D { KI|�} u yy q z D y K u vxw[yy t z q
k HlgmMsA I t D�� y K u vxw_yy t z D y q K � H { KI|�} u y My�� z q��

Thismotionmodeldescribesaconstantlyrotatingandtrans-
lating objectin world coordinates(e.g.,the positionof the
valveof a rotatingwheeldescribesa cycloid curve in world
coordinates).In fact, erHhgmM is the Rodriguesformula of a
rotationmatrix accordingto therotationgivenby the rota-
tion vector g . Hereweusetherotationvectorrepresentation
with g�A�� b R�A�H y � � y � � y�� M , y A��x� g��x� , and z theskew-
symmetricmatrix to thevector g :

zUA �� � K y�� y �y � � K y �K y � y � � ��
4 Camera Tracking

Calibrationandregistrationreferto thestationaryaspects
of a scene. In a generalAR scenario,however, we must
deal with wantedand unwanteddynamicscenechanges.
With trackingoursystemis abletocopewith dynamicscene
changes.If theexternalcameraparametersandtheobjects’
posearetheresultsof thecalibrationandregistrationproce-
dure,respectively, thentrackingcanbe regardedasa con-
tinuousupdateof thoseparameters.

All vision-basedtrackingmethodsarebasedondetecting
andtrackingcertainfeaturesin images.Thesecanbelines,
corners,or any othersalientfeatures,which areeasilyand
reliably detectedin the imagesandcanbeuniquelyassoci-
atedwith featuresof the3D world. Our trackingapproach
currentlyusesthecornersof squaresattachedto moving ob-
jectsor walls (cf. Figure4), which have alreadybeenused
for cameracalibration.

Figure 4: Ourvision-basedtrackingapproachcurrentlytracksthe
cornersof squares.The left figureshows a cornerof a roomwith
eightsquares.Theright figureshows thedetectedsquaresonly.

Oncea completecameracalibrationhasbeenperformed
as describedin Section2, we can switch to the tracking
phase,i.e., updatethe poseandmotion parametersof the
cameraby keepingtheinternalcameraparameterconstant.
We employ extendedKalman filter (EKF) techniquesfor



optimal poseand motion estimationusing the motion de-
scribed� in Eqn.2.

4.1 Extended Kalman Filter
Ourstatevector � of theKalmanfilter comprisesthefol-

lowing 15 components:the positionvector � , the rotation
vector � , the translationaland angularvelocity � and � ,
respectively, andthetranslationalacceleration] :�rA��o� � � � � � � � ]T� �
We usethe 3-dimensionalrotationvectorrepresentation�
for parameterizingtherotation.This way we canavoid ap-
plying additionalconstraintsin theminimizationwhich are
requiredwhenusingtheredundant4 parameterQuaternion
representation.

We do not include the extendedKalman filter (EKF)
equationssincethey canbefoundin mostrelatedtextbooks,
e.g., [Gelb 74]. An implementationnote: the standard
Kalmanfilter calculatesthe gain in conjunctionwith a re-
cursivecomputationof thestatecovariance.This requiresa
matrix inversionof thedimensionof themeasurementvec-
tor, which canbelargeasin our application.However, the
matrix inversioncanbe reducedto oneof thestatedimen-
sionsusingtheinformationmatrix formalism.Theinforma-
tion filter recursivelycalculatestheinverseof thecovariance
matrix ( = informationmatrix) (cf. [Bar-Shalom& Li 93]):����\�>� A � ����>� D¡ Z¢� e �i��   � � (3)

where
� �� denotesthe updatedcovariancematrix,

� �� the
prediction,   � the jacobianof the measurementfunction,
and e � themeasurementnoisematrix,eachat time £ . The
updateequationfor thestate ¤� � � thenbecomes:¤� � � A ¤� �� D¡¥ � HW¦ � K�§ � H�¤� �� M¨M with (4)¥ � A © � ��\�>� D^ ª¢� e«�i��   ��¬ �>�  Z¢� e­�>�� �

(5)

which requiresthe inverseof the updatedcovariancema-
trix

� �� of Eqn 3. Inverting e � is straightforward since
we assumeindependentmeasurementsproducinga diago-
nal measurementnoisematrix e � . The transitionequation
(prediction)becomes¤� �� � � A¯®[H ¤� � � M , with the transition

function(using ¤g � � A°¤� �� b R ):
±>²´³µ�¶·>¸V¹

�ººº�¼» ² ³½ ¶· ¸ ³¾ ¶·À¿ÂÁ ² ³½ ¶· ¸ ³Ã�¶·ÅÄaÆ ¿rÇ ² ³½ ¶· ¸ ³È8¶· ²ÊÉmË
 ¸ 
Ì ² » ² ³Ì ¶· ¸8Í » ² ³½ ¶· ¸W¸³Ã ¶· ¿ ³È ¶·rÍ¨ÄaÆ³Î ¶·³È ¶·
�~ÏÏÏ� �

(6)

accordingto themotionmodelof Eqn.3 ( �=HWe�M denotesa
procedureswhich returnstherotationvectorof therotation
matrix e , cf. [Koller 97]).

4.2 Kalman Filter Measurements
Currently we use the image positions of corners of

squaresasmeasurements,i.e., our Ð\Ñ�Ò dimensionalmea-
surementvector ¦ comprisesthe Ó and Ô imagepositionsof

all of thevertices(corners)of the Ò squares.A measurement¦ is mappedto the state � by meansof the measurement
function § : ¦ÕAÖ§[Hh�×M .

The imagecornersareextractedin a multi-stepproce-
dureoutlinedbelow andin Figure5. Assumethat we are
looking for theprojectionØQÙÚAGÛJÜ_ÝÞÛ � of themodelvertexß ÙàAâáÂÜ3Ý^á � which is given by the intersectionof the
modellines á Ü , and á � ( Û Ü and Û � aretheimageprojections
of themodellines áàÜ and á � ).ã Predictimagelocationsfor modellines áàÜ and á � .ã Subsamplethesepredictedlines(e.g.,into 5 to 10sam-

plepoints).ã Find themaximumgradientnormalto the line at each
of thosesamplepointsusingasearchdistancegivenby
thestatecovarianceestimate.We useonly 8 possible
directionsandextractthemaximumgradientwith sub-
pixel accuracy.ã Fit a new line ÛJÜ to the extractedmaximumgradient
pointscorrespondingto thepredictedmodelline áÂÜ .ã Find the final vertex Ø Ù AäÛ Ü ÝBÛ � by intersectingthe
correspondentimagelines ÛJÜ and Û � .

This procedureallows us to obtainpreciseimagelocations
without going through lengthy two-dimensionalconvolu-
tions.

Associatedwith themeasurementis ameasurementnoise
calculatedfrom the covarianceof the line segmentfitting
process.Thiscovariancetellsushow preciselyanedgeseg-
menthasbeenlocatedandhencetheprecisionof theasso-
ciatedvertex of the measurement.The failure to find cer-
tain verticesis detectedand indicateseither an occlusion
not coveredby the occlusionreasoningstep(describedin
thenext subsection),or amotionnotcoveredby ourmotion
model.

å ååçæVèlé
êoëìå�í êoëìå�í�îÀïEð�ëìå�í

î>ï�ð�ëìå¨í�ñ

åpredictedcorner

imageline òJó
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predictionof
modelline ö ô

position ÷~øposition ù¨ø
detectedcorner

imageof asquare
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pred.of modelline ö ó
maximumgradient
point

å æVèlésearchdirection
å

Figure 5: Our Kalman filter usesimage cornersas measure-
ments,which aredetectedthroughintersectionsof matchedline
segments.Theseline segmentsarefitted from maximumgradient
points which are producedfrom a one dimensionalconvolution
with a derivative of a gaussiankernel úaû normalto theprojection
of theimageline ( ü is a parameterizationnormalto theline and ý
is theimageintensity).



4.3 Occlusion Reasoning and Re-Initialization
Sinceþ our tracker relies only on certainartificial land-

marksin thescene,it is very importantto know whenthey
arevisible. Therearebasicallytwo reasonswhy theimage
measurementsof the landmarkscanbe corrupted:(a) they
areoccludedby otherreal objects,(b) their imageprojec-
tion falls outsidethe field of view of the camerawhenthe
cameraundergoessignificantmotion. Real occlusioncan
bedetectedthrough3D reasoningaboutthescene,in which
casewe needto monitorall moving objectsandalsoknow
theentire3D geometry3. Althoughthesecondcaseis easily
detected,it doeshave a major impacton thetrackingalgo-
rithm. Wecurrentlyonly allow cameramotionswith at least
two landmarks(squares)in thecamera’sfield of view. Fig-
ure7 a) illustratesanocclusionexample.We arecurrently
investigatingtheuseof additionalfeatures,suchasarbitrary
cornersor edgeswhich will be addedoncethe tracker has
beeninitialized from theknown landmarks.

Failure to find certainlandmarksis indicatedby a very
largemeasurementnoise.Suchunreliable landmarkpoints
arediscountedby theKalmanfilter. If too many landmark
points are labelledas unreliable, the tracker re-initializes
itsselfby re-calibration.

5 Results
Thesystemis currentlyimplementedon Silicon Graph-

ics workstationsusing SGI’s ImageVision and VideoLi-
brary as well as Performerand OpenGL. It successfully
tracks landmarksand estimatescameraparametersat ap-
proximately10 Hz with a live PAL-size video streamon
a SiliconGraphicsIndy.

Our landmarksareblackcardboardsquaresplacedon a
wall, asseenin Figure6–7.In thefirst setof experimentswe
recordedanimagesequencefrom amovingcamerapointing
at thewall. Virtual furnitureis thenoverlayedaccordingto
the estimatedcameraparameter(cf. Figure6). Sincewe
have a 3D representationof the room andthe camera,we
areableto performcollisiondetectionbetweenthefurniture
andtheroom[Breenet al. 96]. Theuserplacesthevirtual
furniturein theaugmentedsceneby interactively pushingit
to thewall until acollisionis detected.TheAR systemthen
automaticallylowersthefurnitureuntil it restson thefloor.

Figure7 showsscreen-shotsfrom thevideoscreenof our
AR systemsystemrunningin real-time.Thefiguresalsoex-
hibit somepossibleAR applications:7 a) exhibits tracking
despitespartialocclusions;7 b) shows anadditionalvirtual
roomdivider anda referencefloor grid; 7 c) visualizesthe
usualinvisible electricalwires insidethe wall; 7 d) shows
thefire escaperoutes;7 e) a redarrow shows whereto find
thefire alarmbutton,and7 f) explicitly shows thefire hose
asa texturemappedphotoof theinsideof a cabinet.

Our tracker hasprovento be fairly robustwith partially
occludedlandmarksandalsowith acceleratedcameramo-
tions. We cannotprovidequantitative trackingresultssince
we have currentlyno meansto recordgroundtruth camera
motions.

3This is not yet implementedin oursystem.

6 Conclusion
In thispaperweaddressedtwo majorproblemsof AR ap-

plications:(a)theprecisealignmentof realandvirtual coor-
dinateframesfor overlay, and(b) capturingthe3D motion
of a cameraincluding cameraposition estimatesfor each
video frame. The latter is especiallyimportant for inter-
active AR applications,whereuserscanmanipulatevirtual
objectsin anaugmentedreal3Denvironment.Thisproblem
hasnot beentackledsuccessfullybeforeusingonly video-
inputmeasurements,whichis necessaryfor outdoorAR ap-
plicationson constructionsites, wheremagnetictracking
devicesarenot feasible.

Intrinsic andextrinsic cameraparametersof a realcam-
era are estimatedusing an automatedcameracalibration
procedurebasedon landmarkdetection. Theseparame-
ter setsareusedto align andoverlay computergenerated
graphicsof virtual objectsonto live video. Sinceextrin-
sic cameraparametersareestimatedseparatelythe virtual
objectscanbemanipulatedandplacedin thereal3D envi-
ronmentincludingcollisiondetectionwith theroombound-
ary or otherobjectsin thescene.We furthermoreapplyex-
tendedKalmanfilter techniquesfor estimatingthemotionof
thecameraandtheextrinsiccameraparameters.Dueto the
lack of knowledgeaboutthe cameramovementsproduced
by theuser, wesimply imposeanacceleration-freeconstant
angularvelocity andconstantlinearacceleration-motionto
the camera. Angular accelerationsand linear jerk caused
by theusermoving thecameraaresuccessfullymodeledas
processnoise.

Robustnesshas beenachieved by using model-driven
landmarkdetectionandlandmarktracking insteadof pure
data-driven motion estimation. Real-timeperformanceon
anentry level Silicon Graphicsworkstation(SGI Indy) has
beenachievedby carefullyevaluatingeachprocessingstep
andusinglightweightlandmarkmodelsastrackingfeatures,
aswell as, well designedimagemeasurementmethodsin
theKalmanfilter. Thesystemsuccessfullytrackslandmarks
and estimatescameraparametersat approximately10 Hz
with a live PAL-size video streamon a Silicon Graphics
Indy.

Futurework will include a fusion of model- and data-
driven feature tracking in order to improve performance
alongocclusionsandto expandtheallowedcameramotion.
We will alsoexplore thepossibility of fusing GlobalPosi-
tioning System(GPS)readingsin orderto assistwith cam-
eracalibrationandre-initializationonconstructionsites.
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Figure 6: Theupperrow shows screen-shotsfrom theimagesequence.Thelower row shows theimageswith overlayedvirtual furniture.
Theestimatedpositionof theworld coordinateaxesis alsooverlayedon theroomcorner.
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