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Abstract

Augmentedeality dealswith theproblemof dynamically
augmentingor enhancingimagesor live videoof) thereal
world with computergenerteddata (e.g., graphicsof vir-
tual objects). This posestwo major problems: (a) deter
miningthe precisealignmentof real andvirtual coodinate
framedor overlay, and(b) capturingthe3D environmenin-
cludingcamen and objectmotions.Thelatter is important
for interactiveaugmentedeality applicationswhee uses
caninteractwith bothreal andvirtual objects.

Here we addressthe problemof accurately tracking the
3D motionof a monocularcamen in a known3D erviron-
mentand dynamicallyestimatingthe 3D camear location.
We utilize fully automatedandmark-basedamea calibra-
tion to initialize the motionestimatiorandemployextended
Kalmanfilter techniquedo track landmarksandto estimate
the camea location. Theimplementatiorof our approach
hasbeenprovento be efficientand robust and our system
successfullyracksin real-timeat approximatelyl0 Hz.

1 Introduction

Augmentedeality (AR) is atechnologyin whichausers
view of therealworld is enhance@r augmentedvith addi-
tional informationgeneratedy a computer The enhance-
mentmay consistof virtual geometricobjectsplacedinto
the ervironment, or a display of non-geometrianforma-
tion aboutexisting real objects. AR allows a userto work
with and examine real 3D objectswhile visually recev-
ing additionalcomputefbasednformationaboutthoseob-
jectsor thetaskat hand. By exploiting peoples visualand
spatial skills, AR brings information into the users real
world ratherthanforcing the userinto the computers vir-
tual world. Using AR technology usersmay thereforein-
teractwith a mixedvirtual andrealworld in a naturalway.

This paradignfor userinteractionandinformationvisu-
alizationprovidesa promisingnew technologyfor mary ap-
plications.AR is beingexploredwithin a variety of scenar
ios. Themostactive applicationareais medicinewhereAR
is usedto assistsuigical proceduredy aligningandmery-
ing medicalimagesinto video[Bajuraetal. 92; Lorensen
etal. 93; Stateetal. 96a;Grimsonetal. 94]. For manufc-
turing AR is beingusedto directworkerswiring anairplane
[Caudell& Mizell 92]. In teleroboticsAR providesaddi-
tional spatialinformationto the robot operator[Milgram
etal. 93]. AR may alsobe usedto enhancehe lighting
of an architecturalscene[Chevrier et al. 95], aswell as,
provide partinformationto a mechaniaepairinganengine
[Roseet al. 95]. For interior designAR may be usedto
arrangevirtual furniturein a realroom[Ahlers etal. 95].
Theapplicatiorthatis currentlydriving ourresearchin aug-
mentedreality involvesmerging CAD modelsof buildings
with videoacquiredata constructiorsitein real-time.

1.1 Augmented Reality Technical Problems

A numberof technicalproblemsmustbe addressedn
orderto producea usefulandcorvincing video-baseaug-
mentedreality system:

1. A video-basedAR systemessentiallyhas two cam-
eras,a real onewhich generatewvideo of the real en-
vironment,anda virtual one,which generateshe 3D
graphicgo bememgedwith thelive videostream Both
camerasnusthave the sameinternalandexternalpa-
rametersn orderfor the realandvirtual objectsto be
properlyaligned.To achieve this, aninitial calibration
of therealcameraanda dynamicupdateof its external
parameterarerequired.

2. In orderto have correctinteractionsbetweerreal and
virtual objectsin an AR ernvironment,precisedescrip-
tionsof theshapeandlocationof therealobjectsin the
ernvironmentmustbeacquired.Thesenteractionsnay
includecollision detectiondynamicresponseandvi-
sualocclusiongBreenetal. 96]. Theseeffectsrequire



aninitial calibration/rgistrationof modelsto objects
and the subsequentlynamic updateof thesemodels
basedon trackingthe correspondingeal objects. The
generakhapeof the ernvironmentmay alsobe directly
acquiredwith avarietyof techniquege.g.shape-from-
shading[Oliensis& Dupuis93;lkeuchi& Horn 81]).

3. Correctlighting is an essentiapart of generatingyir-
tual objectswith corvincing shading. It is therefore
importantto properlymodelthe lighting of a real en-
vironmentandprojectit ontothe virtual objects. It is
equallyimportantanddifficult to modify theshadingof
real objectswithin the video streamwith virtual light
sourcegChevrier etal. 95; Fournier94].

4. An augmentedeality systemshouldinteractvely pro-
vide user requestedinformation. Since the user
is working in an actual 3D ervironment, the sys-
tem shouldreceve informationrequestghroughnon-
cornventionalmeansgitherby trackingthe motionsof
the userandinterpretingher/hisgesturespr througha
speechrecognitionsystem.

5. Theinformationdisplayedn andmeigedwith thereal
ervironmentmust effectively communicatekey ideas
to the user Thereforedata visualizationtechniques
within this new paradigmthat effectively presentdata
in a3D settingneedto bedeveloped.

1.2 Technical Contribution

Ourtargetapplicationinvolvestrackingacameramoving
arounda constructiorsite. We focusedprimarily on vision-
basedalgorithmsfor determiningthe positionand orienta-
tion of the cameraaddressindgtem #1 in the previouslist,
becausdhesealgorithmsshouldgive us the mostflexibil-
ity whendealingwith the diverseervironmentspresenion
constructiorsites. Magnetictrackingdevicesbeingusedin
otheraugmentedeality applicationglikein [Roseetal. 95;
Stateetal. 96b]) arenotfeasiblein sucha scenariomainly
becausef (a) their limited range(3-5m), (b) interference
with ferromagnetiobjectsof theervironment,and(c) their
lack of portability. Magnetictracking also requiresmore
initial calibration. However, vision-basedrackingis com-
putationallymoreexpensve thanmagnetic-basettacking.

In this papemwe specificallyfocuson the problemof ac-
curatelytracking the motion of a monocularcamerain a
known 3-D ervironmentbasedon video-inputonly. Since
we initially planto placeknown landmarkswithin the con-
structionsites,our first experimentssearcHor andtrackthe
cornersof rectangulapatternsattachedo awall. Tracking
of thesecornerpointsis basedon extendedKalmanfilter
techniqueausing an acceleration-freeonstantangularve-
locity andconstantinearacceleratiomotionmodel. Angu-
lar accelerationandlinearjerk aresuccessfullynodeledas
processioise.We demonstrat¢he robustnessndaccuray
of our tracker within an augmentedeality interior design
application,which may alsobe usedfor exterior construc-
tion siteapplications.

1.3 Related Work

A numberof groupshave exploredthe topic of camera
trackingfor augmentedeality. Vision-basedbjectregis-
tration andtrackingfor real-timeoverlay hasbeendemon-
stratedby [Uenohara& Kanade95]. Their approachhow-
ever, is not effective for interactiveaugmentedeality, since
it doesnot addresghe complete3D problem. It directly
computegheimageoverlayinsteadof utilizing a posecal-
culationbasedmageoverlay. A posecalculationis, how-
ever, necessarfor interactiveaugmentedeality, wherereal
and virtual objectsinteract,asin [Breenet al. 96], and
hencecamergposeandobjectposeneedto be keptdecou-
pledandcomputedseparatelyA similarapproacthasbeen
reportedby [Mellor 95] in the context of enhancedeality
in medicine[Grimsonet al. 94], wherenearreal-timecali-
brationis performedfor eachframebasedn a few fiducial
marks. However, asin the previous approachthey solve
only for the completetransformatiorfrom world to image
pointsinsteadof theseparatextrinsicandintrinsic parame-
terestimatesiecessarfor interactve augmentedeality ap-
plications.

Kutulakos et al. [Kutulakos & Vallino 96] solve a sim-
liar problemlik e ours.By usinganaffine representatiofor
coordinatesand a transformationwith a weak perspectie
approximatiorthey avoid aninitial calibrationandposere-
construction.Becauseof the weakperspectie approxima-
tion, however, they experiencdimited accurag, especially
for ervironmentswith significantdepth extent, wherethe
weakperspectie approximations violated. (They arecur-
rently investigatinga full perspectie version.) They also
useatrtificial fiducial marksfor (affine) tracking. However,
they requiretheuserto interactively selectatleastfour non-
coplanarpointsasa bootstrapprocedurewhereasour ap-
proachallowsautomatideatureselectiorandautomatidni-
tial calibration.

SomeresearchefUenohara& Kanade95; Kutulakos &
Vallino 96] have amguedthat a simpleview basedcalibra-
tion freeapproacHor real-timevisual objectoverlayis suf-
ficient. Thisis definitelytruefor certainapplicationswhere
no directmetricinformationsis necessaryFor genericap-
plications,however, we preferthe more complex posecal-
culationbasedapproachwhich allows the decompositiorof
the imagetransformationinto camera/objecposeandthe
full perspectie projectionmatrix. This thenposesno con-
straintsin applyingstandardnteractionmethodsl|ik e colli-
sionor occlusiondetection.

Work closelyrelatedto our approachs alsodescribedn
[Stateetal. 96b;Bajura& Neumanrf5], whereahybridvi-
sionandmagneticsystenis employedto improve theaccu-
ragy of trackinga cameraover a wide rangeof motionsand
conditions.They shav anaccurag typical for vision appli-
cationscombinedwith therobustnes®f magnetidrackers.
Their hybrid approactonly workswithin therestrictedarea
of a stationarymagnetidracker. While our approachis be-
ing developedto work with a mobile camerascanningan
outdoorconstructiorsite.

Trackingknown objectsin 3D spaceandego-motiones-



timation (cameraracking)have along historyin computer
vision (e.g. [Gennery82; Lowe 92; Gennery92; Zhang&
Faugera®?2]). ConstrainedD motion estimationis being
appliedin variousroboticsand navigationtasks. Much re-
searchhasbeendevotedto estimating3D motion from op-
tical flow fields (e.g. [Adiv 85]) aswell asfrom discrete
moving imagefeaturedike cornersor line sggments(e.g.
[Huang86; Broidaetal. 90; Zhang95]), oftencoupledwith
structure-from-motiorestimation,or using more thantwo
frames(e.g. [Shariat& Price90]). The theoreticalprob-
lemsseento bewell understoodhut robustimplementation
is difficult. The developmentbf our trackingapproachand
the motion modelhasmainly beeninfluencedby the work
describedn [Zhang& Faugera®2].

1.4 Outline of the Paper

We startwith thecameracalibrationproceduredescribed
in Section2. In Section3 we explainthemotionmodelem-
ployedin our Kalmanfilter basedrackingprocedurewhich
is thendescribedn Sectiond. We finally presenburinitial
resultsin Section5 andclosewith aconclusiorin Section6.

2 CameraCalibration

The procedureof augmentinga video frame by adding
arenderedvirtual objectrequiresan accuratealignmentof
coordinateframes,in which therealandvirtual objectsare
representedand otherrenderingparameterse.g., internal
camergparameters.

Internal,aswell as,externalcamersparametersire de-
terminedby an automatedi.e. with no userinteraction)
cameracalibration. The internal parametersfocal length
andfocal center(f;, fy, cz, cy). arebasedon the standard
pinholecameramodelwith nolensdistortion', andarefixed
duringasessionTheexternalparameterdescribahetrans-
formation (rotation and translation)from world to camera
coordinateandundego dynamicchangesluringa session
(e.g.,cameramotion).

A highly precisecameraalibrationis requiredfor agood
initialization of thetracler. For that purposewe proposea
two stepcalibrationproceduren aslightly engineere@nvi-
ronment.We attemptto find theimagelocationsof markers
placedin the 3D environmentat known 3D locations(cf.
Figure4). This addressethe trade-of betweerhigh preci-
sion calibrationand minimal or no userinteraction. In the
first stepwe locatethesemarkersin the imagethroughex-
tractingthe centerof darkblobsanduseit asaroughinitial
calibration. This bootstrapghe secondstep consistingof
a constraintsearchfor additionalimagefeatureqcorners);
thusimproving the calibration. We are using the camera
calibrationalgorithmdescribedn [Wengetal. 90] andim-
plementedn [Tuceryaretal. 95].

The next subsectiordescribesour algorithmfor finding
dark image blobs. The constrainedsearchfor projected

1Thereasorfor notcompensatinpr lensdistortionis thatwe areusing
the workstation$ graphicspipelinefor display which doesnot allow for
lensdistortionin its renderingpesidesorrectionghroughreal-timeimage
warpingusingreal-timetexture mapping.

modelsquaress addresseth the contet of acquiringmea-
surementgor the Kalmanfilter in Subsectior.2.
2.1 Finding Dark Image Blobs

The algorithm for finding dark blobs in the imageis
basedon a watershedtransformationa morphologicalop-
erationwhich decomposethe wholeimageinto connected
regions(puddle$ divided by watershedécf. [Barreraetal.
94]). Usingthis transformatiora dark blob surroundedy
a bright areaprovidesa strondfilter responseelatedto the
depthof thepuddle(cf. Fig. 1). Thedeepesandmostcom-
pactblobs (puddles)are then matchedagainstthe known
3D squares.For this purpose the squarescontainone or
moresmallredsquaresatknown positionswhich represent
binaryencoding®f theidentificationnumbersf themodel
squaregcf. Fig. 2). Theredsquaresrebarelyvisiblein the
greenandblue channelf the video camera.Thuswe can
applya simplevariantof a region growing algorithmto the
greencolor channelto determinethe bordersof eachblack
square After fitting straightlinesto the border we sample
eachblack squarein thered color channelat the supposed
locationsof theinternalredsquarego obtainthebit pattern
representinghe modelid. Blobswith invalid identification
numbersor with multiple assignmentsf the samenumber
arediscarded.Usingthis schemethe tracker cancalibrate
itself evenwhensomeof the modelsquaresreoccludedor
outsidethe currentfield of view (seeFigure? a)).

Figure 1: (a) Subimagewith darksquares(b) watershedransfor
mationwith greycodedregions(waterhsedredravn in black),(c)
resultof the greyscaleinsideoperatiorfor theregionsof (b), mea-
suringthe depthof puddles— the dark squareprovide a strong
filter response.(d) and (e) shawv 3D plots of images(a) and(c),
respectiely.

3 Motion Model For Rigid Body Motion

Any tracking approachrequiressomekind of motion
model,evenif it is constantmotion. Our applicationsce-
nario suggests fairly irregular cameraand objectmotion
within all 6 degreesof freedont. Sincewe have no a priori

2In an AR applicationthe cameracan be hand held or even head
mountedsothe useris freeto move thecameran ary direction.



Figure 2: Closeupof oneblack calibrationsquareexhibiting the
internalsmaller(red)squaresisedto determinghesquaredD (cf.
text).

knowledgeaboutheforceschanginghemotionof thecam-
eraor the objects,we assumeno forces(accelerationsand
henceconstant/elocities. It is well known thatin this case
a generalmotion canbe decomposethto a constantrans-
lationalvelocity v, atthecenterof massc of theobject,and
a rotationwith constantangularvelocity w aroundan axis
throughthecenterof masqcf. Figure3 and[Goldstein80]).

Figure 3: Each3D motioncanbedecomposedhto atranslational
velocity v. anda rotationw aboutan axis throughthe centerof
masse of the object, which is constantin the absenceof ary
forces. (X4, Yy, Z,) denotesthe world coordinateframe, and
(Xe,Ye, Z.) denoteghe cameracoordinatdrame.

The motion equationof a point p on the objectis then
givenby:
p=vc+twx(p—oc), @

where x denoteshe crossor wedgeproduct. Sincec it-
selfis moving, the centerof rotationis alsomoving. If we
representhe rotationwith respectto the world frame ori-
gin (¢ = 0 in Egn. 1) thenthe two motion parametes,
rotation andtranslation,are no longer constantfor a rigid
body motion with constantrotation w and translationv,
with respecto objectcoordinates.Insteadif we substitute
c(t) = ¢(to) + v.(t — to) we producethe motionequation:

pt)=v+wxp+at (2)

with v (o) = v.—w X ¢e(tg) anda = —w xv. = const.The
rotationis now with respecto world coordinatesHowever,
anadditionalacceleratiorierma is added.But it hasbeen
shavn in [Zhang& Faugera®?2] thataslong asw is con-
stantandthevelocity v canbewrittenin ordersof (¢ — ¢g),
Eqn. 2 is still integrable,an importantfact being usedin
the predictionstepof the Kalmanfilter (cf Section4). The
integrationyields(cf. [Zhang& Faugera®2; Koller 97]):

p(t+At) =R(0)p+ S(O)v At +T(0)a (4L,

_ sin @ 1—cosl ., o
R(O) = I3+ 9 0+ 92 O =c¢
1—cos@ 6 —sind
SO = I3+ B 0+ 7 0?
0 —sinf 6% —2(1 — cos @
TO) = |3+2T®+%®2.

Thismotionmodeldescribes constantlyrotatingandtrans-
lating objectin world coordinatege.g., the positionof the
valve of arotatingwheeldescribes cycloid curvein world
coordinates).In fact, R(6) is the Rodriguesformula of a
rotationmatrix accordingto the rotationgivenby the rota-
tionvectorf. Herewe usetherotationvectorrepresentation
with 6 = w At = (0,,6,,0.), 0 = ||0]|, and© the skew-
symmetricmatrix to thevector@:

0 -6. 9,
o= 6. 0 -6,
—6, 6, 0

4 CameraTracking

Calibrationandregistrationreferto thestationaryaspects
of a scene. In a generalAR scenariohowever, we must
deal with wantedand unwanteddynamic scenechanges.
With trackingour systems ableto copewith dynamicscene
changesilf theexternalcamergparameterandthe objects’
posearetheresultsof thecalibrationandregistrationproce-
dure,respectiely, thentrackingcanbe regardedasa con-
tinuousupdateof thoseparameters.

All vision-basedrackingmethodsarebasedndetecting
andtrackingcertainfeaturesn images.Thesecanbelines,
corners,or ary othersalientfeatureswhich areeasilyand
reliably detectedn theimagesandcanbe uniquelyassoci-
atedwith featuresof the 3D world. Our trackingapproach
currentlyuseghecornerf squaresttachedo moving ob-
jectsor walls (cf. Figure4), which have alreadybeenused
for cameracalibration.

I ..4 I I

Figure4: Ourvision-basedrackingapproactcurrentlytracksthe
cornersof squaresThe left figure shavs a cornerof aroomwith
eightsquaresTheright figure shavs the detectedsquare®nly.

Oncea completecameracalibrationhasbeenperformed
as describedin Section2, we can switch to the tracking
phase,.e., updatethe poseand motion parameter®f the
cameraby keepingthe internalcamergparameteconstant.
We employ extendedKalman filter (EKF) techniquedor



optimal poseand motion estimationusing the motion de-
scribbedin Eqn.2.

4.1 Extended Kalman Filter

Our statevectors of theKalmanfilter compriseghefol-
lowing 15 componentsthe positionvectort, the rotation
vector ¢, the translationaland angularvelocity v and w,
respectrely, andthetranslationabhcceleratior:

s={t,¢,v,w,a}.

We usethe 3-dimensionatotationvectorrepresentatiop
for parameterizinghe rotation. This way we canavoid ap-
plying additionalconstraintsn the minimizationwhich are
requiredwhenusingthe redundant parameteQuaternion
representation.

We do not include the extendedKalman filter (EKF)
equationsincethey canbefoundin mostrelatedtextbooks,
e.g., [Gelb 74]. An implementationnote: the standard
Kalmanfilter calculateghe gainin conjunctionwith a re-
cursive computatiorof the statecovariance. Thisrequiresa
matrix inversionof the dimensionof the measurementec-
tor, which canbelarge asin our application.However, the
matrix inversioncanbe reducedo oneof the statedimen-
sionsusingtheinformationmatrix formalism.Theinforma-
tionfilter recursvely calculatesheinverseof thecovariance
matrix ( = informationmatrix) (cf. [Bar-Shalom& Li 93]):

Pt =Py + HIR ' Hy, ©)

where P denotesthe updatedcovariancematrix, P, the
prediction, H;, the jacobianof the measuremenfunction,
and Ry, themeasuremerroisematrix, eachattime k. The
updateequatiorfor thestate.%k+ thenbecomes:

57 = &, + Ki(zr — he(8;)) with (4)

_—1 _ -1 _
K. = (Py'+HIE;'H) HIR', (5)
which requiresthe inverseof the updatedcovariancema-

trix P,j of Egn 3. Inverting Ry, is straightforvard since
we assumeandependentneasurementgroducinga diago-
nal measurementoisematrix R;,. Thetransitionequation

(prediction)becomess, , , = F(3}), with the transition
function(usingé;r = &f At

- S(R(D1) - R(BY)
f3g) = o +af At ,

accordingto the motion modelof Eqn.3 (¢(R) denotesa
proceduresvhich returnstherotationvectorof therotation
matrix R, cf. [Koller 97]).

4.2 Kalman Filter Measurements

Currently we use the image positions of corners of
squaresais measurements,e., our 8 - n dimensionaimea-
suremenvectorz compriseghex andy imagepositionsof

all of theverticeg(corners)f then squaresA measurement
z is mappedto the states by meansof the measurement
functionh: z = h(s).

The image cornersare extractedin a multi-stepproce-
dureoutlinedbelov andin Figure5. Assumethatwe are
looking for the projectionp; = I; N I, of the modelvertex
v; = m; N my which is given by the intersectionof the
modellinesm;, andm, (I; andl, aretheimageprojections
of themodellinesm; andmy).

¢ Predictimagelocationsfor modellinesm; andmy,.

e Subsampl¢hesepredictedines(e.g.,into 5to 10sam-
ple points).

¢ Findthe maximumgradientnormalto theline ateach
of thosesamplepointsusinga searchlistancegivenby
the statecovarianceestimate.We useonly 8 possible
directionsandextractthe maximumgradientwith sub-
pixel accurag.

¢ Fit a new line [; to the extractedmaximumgradient
pointscorrespondingo the predictedmnodelline m;.

e Findthefinal vertex p; = 1; N I by intersectingthe
corresponderitmagelines’; andly.

This procedureallows usto obtainpreciseimagelocations
without going through lengthy two-dimensionalcorvolu-
tions.

Associatedvith themeasuremeris ameasuremenmtoise
calculatedfrom the covarianceof the line sggmentfitting
processThis covarianceells ushow preciselyanedgesey-
menthasbeenlocatedandhencethe precisionof the asso-
ciatedvertex of the measurementThe failureto find cer
tain verticesis detectedand indicateseither an occlusion
not coveredby the occlusionreasoningstep (describedn
thenext subsection)or amotionnot coveredby our motion
model.

v searcldirectioné
3 ~—pred.of modelline m,

predictedcorner

positionvi~—__, | , .,
detectectorner maximumgradient
positionp; —_} ' v v v ub— point€max
)
predictionof \ extracted
modelline m; imageline I,
— -
~~_ imageof asquare

-— extractedimageline I;

1(6) 1(6) ® Ge(€)

¢ fmax £

Figure 5: Our Kalman filter usesimage cornersas measure-
ments,which are detectedhroughintersectionsof matchedine
segments.Theseline sggmentsarefitted from maximumgradient
points which are producedfrom a one dimensionalconvolution
with a derivative of a gaussiarkernelG¢ normalto the projection
of theimageline (¢ is a parameterizationormalto theline andI
is theimageintensity).



4.3 Occlusion Reasoning and Re-I nitialization

Sinceour tracker relies only on certainartificial land-
marksin the scenejt is very importantto know whenthey
arevisible. Therearebasicallytwo reasonsvhy theimage
measurementsf the landmarkscanbe corrupted:(a) they
areoccludedby otherreal objects,(b) their imageprojec-
tion falls outsidethe field of view of the camerawhenthe
cameraundegoessignificantmotion. Real occlusioncan
be detectedhrough3D reasoningboutthescenejn which
casewe needto monitorall moving objectsandalsoknow
theentire3D geometry. Althoughtheseconctaseds easily
detectedjt doeshave a majorimpacton thetrackingalgo-
rithm. We currentlyonly allow cameranotionswith atleast
two landmarkqsquares)n the cameras field of view. Fig-
ure7 a) illustratesan occlusionexample. We arecurrently
investigatingheuseof additionalfeaturessuchasarbitrary
cornersor edgeswhich will be addedoncethe tracker has
beeninitialized from theknown landmarks.

Failure to find certainlandmarksis indicatedby a very
large measuremermioise. Suchunreliable landmarkpoints
arediscountedby the Kalmanfilter. If too mary landmark
points are labelled as unreliable, the tracker re-initializes
itsselfby re-calibration.

5 Results

The systemis currentlyimplementedn Silicon Graph-
ics workstationsusing SGl's Image\Vision and VideoLi-
brary as well as Performerand OpenGL.It successfully
trackslandmarksand estimatescameraparametersat ap-
proximately10 Hz with a live PAL-size video streamon
a Silicon Graphicdndy.

Our landmarksareblack cardboardsquaregplacedon a
wall, asseenn Figure6—7.n thefirst setof experimentsve
recordedanimagesequencé&om amoving camergointing
atthewall. Virtual furnitureis thenoverlayedaccordingto
the estimatedcameraparametelcf. Figure6). Sincewe
have a 3D representationf the room andthe camerawe
areableto performcollision detectiorbetweerthefurniture
andtheroom[Breenetal. 96]. Theuserplacesthe virtual
furniturein theaugmentedceneby interactvely pushingit
to thewall until acollisionis detectedThe AR systenthen
automaticallylowersthefurnitureuntil it restson thefloor.

Figure7 shavs screen-shotifom thevideoscreerof our
AR systensystenrunningin real-time.Thefiguresalsoex-
hibit somepossibleAR applications:7 a) exhibits tracking
despitegartialocclusionsi/ b) shovs anadditionalvirtual
roomdivider anda referenceloor grid; 7 c) visualizesthe
usualinvisible electricalwires insidethe wall; 7 d) shavs
thefire escapeoutes;7 e) aredarrov shavs whereto find
thefire alarmbutton,and7 f) explicitly showvsthefire hose
asatexturemappedhotoof theinsideof a cabinet.

Our tracker hasprovento befairly robustwith partially
occludediandmarksandalsowith acceleratedameramo-
tions. We cannotprovide quantitatie trackingresultssince
we have currentlyno meango recordgroundtruth camera
motions.

3Thisis notyetimplementedn our system.

6 Conclusion

In thispapemwe addressetivo majorproblemsof AR ap-
plications:(a) theprecisealignmentf realandvirtual coor
dinateframesfor overlay, and(b) capturingthe 3D motion
of a cameraincluding cameraposition estimatedor each
video frame. The latter is especiallyimportantfor inter
active AR applicationswhereuserscanmanipulatevirtual
objectsn anaugmentedeal3D ervironment.Thisproblem
hasnot beentackledsuccessfullybeforeusingonly video-
inputmeasurementsyhichis necessarfor outdoorAR ap-
plications on constructionsites, where magnetictracking
devicesarenotfeasible.

Intrinsic and extrinsic camergparametersf a realcam-
era are estimatedusing an automatedcameracalibration
procedurebasedon landmarkdetection. Theseparame-
ter setsare usedto align and overlay computergenerated
graphicsof virtual objectsonto live video. Since extrin-
sic cameraparametersre estimatedseparatelythe virtual
objectscanbe manipulatecandplacedin thereal 3D ervi-
ronmentincludingcollision detectionwith theroombound-
ary or otherobjectsin the scene We furthermoreapply ex-
tendedKalmanfilter techniquesor estimatinghemotionof
thecameraandthe extrinsic camergparametersDueto the
lack of knowledgeaboutthe cameramovementsproduced
by theuser we simply imposeanacceleration-freeonstant
angularvelocity andconstantinear acceleration-motioto
the camera. Angular accelerationsnd linear jerk caused
by theusermoving the cameraaresuccessfullymodeledas
processoise.

Rolustnesshas beenachieved by using model-driven
landmarkdetectionand landmarktracking insteadof pure
data-driven motion estimation. Real-timeperformanceon
anentrylevel Silicon Graphicsworkstation(SGI Indy) has
beenachieved by carefully evaluatingeachprocessingstep
andusinglightweightlandmarkmodelsastrackingfeatures,
aswell as,well designedmage measurementethodsin
theKalmanfilter. Thesystensuccessfullyrackslandmarks
and estimatescameraparametersat approximatelyl0 Hz
with a live PAL-size video streamon a Silicon Graphics
Indy.

Futurework will include a fusion of model-and data-
driven featuretracking in orderto improve performance
alongocclusionsandto expandtheallowed cameramaotion.
We will alsoexplorethe possibility of fusing Global Posi-
tioning System(GPS)readingsin orderto assistwith cam-
eracalibrationandre-initializationon constructiorsites.
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Figure 6: Theupperrow shavs screen-shotBom theimagesequenceThelower row shavs theimageswith overlayedvirtual furniture.
Theestimategositionof theworld coordinateaxesis alsooverlayedontheroomcorner
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