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Abstract

We presenta markerlessaugmentedeality systemwith
intuitive positioningand realistic direct lighting of virtual
objects. Our approad exploits a two camer system
consistingof a T\-camen anda sh-eyecamen. TheTV-
camen captuesthe videofor the augmentatiorwhile the
sh-eyecamer observeshe upperhemisphegto track the
light sources. Accoingly, direct lighting can be usedto
rendervirtual objects. Additionally, we proposean easy
methodo placevirtual objectsin the sceneandto compute
the shadowsof these objects. The proposedtracking
methodovercomethelimitationsof manysystemshatneed
markers in the scenefor augmentatioror needadditional
equipmentin the sceneto reconstructillumination. Our
appmoad will keeptheaugmentedceneunafected.

1. Intr oduction

Realisticillumination of virtual objectsplacedin real
sceness oneof theimportantchallenge®f anaugmented
reality system. This is in particulardif cult if it is not
possibleto place additional equipmentin the sceneto
measurethe environmentallighting, which is requiredby
most of the existing approaches[5]. The use of such
equipmentwithin the sceneis usually not possible for
augmentationsn TV-studios becausein TV often the
augmentatiorpopsup only for a shorttime. Before and
afterthattime slotit is unacceptabléo have any additional
deviceslike markersor mirror spheresn view.

Theproposedpproacttcomputesrealisticillumination
by observingthe sceneand its surroundingernvironment

with a sh-eye camera. This sh-eye camerais usedto
localisethelight sourcesn the surroundingervironment.

Currenttechniquedor the tracking of camerasrequire
expensve tracking systems,which make use of arti cial
markers like the FreeD tracker from BBC [22] or the
HiBall system[25]. Thesesystemsrequirethe studio to
be equippedwith calibrated marlkers, which is a time-
consuming and costly operation. Furthermore, those
systemscannot be moved easily from one location to
another In contrast,our techniqueexploits the features
alreadygiven in the environmentfor the cameratracking
usingfaststructure-from-motiorand poseestimation[15]
algorithms. That providesa cheapandeasyway to usethe
systemat differentlocations.

The paperis organisedasfollows: the next sectionwill
giveanoverview of theproposediugmentedeality system.
Afterwardswe will review the relatedwork in computer
vision andcomputergraphics. The sections4 to 8 discuss
the differentpartsof the new systemin detail. In section9
experimentalresultsarepresente@n sequencesapturedn
aTV-studioandsectionl0will summariseheapproach.

2 SystemOverview

The paper presents a markerless multi-camera
augmented reality system for TV-production with
direct illumination for the virtual objects. In the eld
of augmentedeality it is requiredto have reliabletracksof
thecamergposeduringtherecording.This goalis achieved
by our systemwithout placingmarkersin the eld of view
of the cameraas most of the currentsystemsdo. Other
systemslike the FreeD system[22] which avoid placing
markersin the eld of view of the camerapplacethem at



leastat the ceiling of the studio. They arethenobsened

with an upward looking camerathatis coupledrigidly to

the main scenecamera. Employing the detectedmarlers
in the upward looking cameraenablescomputationof the

camergositionfor augmentationHowever, acomplicated
and expensve calibration and setup procedureis needed
for thesemarkers.

We usea two camerasystemas shovn in gure 1. It
consistf aTV-cameravhich capturegheimagesusedfor
theaugmentationThe secondcameras a sh-eye camera
with 180degreeseld of view, that capturesmagesof the
upperhemispher®f the scengstudio)andthe surrounding
ervironment. Applying structurefrom motion algorithms
from computevision to theimagesof bothcamerasllows
computationof the camerapositionswithout ary markers
in the scene. Our systemsimply usesthe sceneand the
surroundingervironmentto identify 3D interestpoints. The
3D interestpointsareusedto estimatehe camergposition.
We run a reconstructioron the imagesequencesaptured
by the TV-cameraandthe sh-eye camerabeforehand.It
delivers 3D interestscenepointsfor both cameras.These
two independentreconstructionsare afterwards aligned
automaticallyto eachother

Oneof themajorlimitationsof thestructurefrom motion
algorithmsis thatthe reconstructe@®D point positionsand
alsothe cameraposesaredeterminedn a local coordinate
systemwhich maybescaledyotatedandtranslatecagainst
thereal-world coordinatesystemwhichmalesit dif cult to
placevirtual objectswithin an absolutecoordinatesystem
into the scene. Our proposedsystem overcomesthis
limitation by capturingthe scenebeforehand.During the
of ine phasethe 3D interestscenepoints are computed
automatically This stepestablishes coordinatesystentfor
the scenewhich canbe recoveredby employing the same
3D interestscenepointslater It canbeseenasa“learning”
of thescenestructure.

The learned scenestructurewill be used during the
recordingof the imagesfor the subsequenaugmentation.
It overcomesghe problemof inconsistentoordinatdrames
becausenow the poseestimationduring the augmentation
usesthe same coordinate system as the reconstruction
performedbeforehand Accordingly, the learned3D scene
structurecanbeemployedto placevirtual objects.

The sh-eye cameraof our multi-camerasystemis
exploited to detectthe light sourcesof the scene. The
light sourcesare usually visible in the sh-eye camera
only, while the TV-cameraavoids to look into the light
sources. Our systemwill exploit the light sourcesfor
directillumination of thevirtual objectsplacedin thescene.

Fish-eye camera

TV-camera

Figure 1. Multi-Camera system of a TV-camera
(front camera) and a sh-e ye camera.

The estimatedight sourcesare transferredfrom the sh-
eye coordinatesysteminto the coordinateframe of the
TV-cameraby applying the transformationbetweenboth
reconstructions.This enablesa direct illumination for the
virtual object placedin the coordinatesystemof the TV-
camera.

Outline of the approach

1. Take an image sequencebefore the shov using the
multi-camerasystemsuchthat the front camerasees
thesceneandthe sh-eye cameraseeghelights

2. Make reconstructionsand pose estimationsof the
videosfrom thetwo cameragseesection4)

3. TemporalAlignment (if the camerasverenot aligned
andsynchronisedsection5.1)

4. Spatial Alignment: Fusecoordinatesystemsof both
reconstructionso allow for positionestimationin the
scenegeconstructior{seesection5.2)

5. Positionthevirtual object(seesectiont)

6. Estimatethe light sourcesusingthe sh-eye camera
(seesection?)

7. Online TrackingandAugmentation(seesection8)

3 RelatedWork

During the last yearsaugmentedeality becamemore
popular due to achiavementsin computer graphicsand



computervision. We will describetherelatedwork in both
areadn thissection.At rst we review thework in thearea
of computewision followed by a discussiorof thework in

theareaof computemgraphics.

3D scenereconstructionand pose estimationis still
a current subject of researchin the eld of computer
vision. In the early ninetiesthe rst approachegproved
that scenereconstructiorwas theoreticallyand practically
feasiblefor a cameramoving throughan unknovn scene
with constanbut unknown intrinsics[7]. Variousmethods
have beendevelopedthat wealenedthe constraintson the
camera[18, 23]. The proposedmethodfor marker-less
augmentedeality will exploit theseapproacheto estimate

thecamergoses Furthermordgherewereafew approaches

for poseestimationfrom multi-camerasystemsproposed
during the last year [21, 11]. Theseapproachesxploit
the rigid coupling of the camerago improve the camera
pose estimation. An open point of theseapproachess
the estimation of the rigid transformationbetweenthe
differentcamerasWe preseninapproacho align multiple
reconstructionn termsof rotationandscale.

There were several approaches for illumination
reconstructionproposedin the last years. In Fournier
et al. [10] a radiosity algorithm for diffuse lighting was
used consideringdirect and indirect illumination of the
virtual objectplacedin thereal scene.This approachwas

later modi ed by Drettakiset al in [6]. Otherapproaches

of considering ervironmental lighting for rendering of
virtual objectswereintroducedby Debevecetal. in [5, 24].
These approachesuse High-Dynamic Rangeimages as
ervironmentalillumination. All theseapproachegplace
measuringdevices like mirror spheresin the sceneto
capturethe environmental illumination. In contrastto
theseapproacheghe presentedmethod only usesdirect
illumination of the virtual objectfrom the light sourcesof
the scene.Theselight sourcesarecapturedoy the sh-eye
camera. Accordingly, the light posescan be estimated
without constraininghe camerausedto recordtheimages
for augmentations. Furthermore“scanning” the lights
enableghe systemto computedirectillumination without
measuringvith ary devicein thevisible partsof the scene.

4 Mark erlesscameraposeestimation

For an accurateaugmentatiorof the scenethe camera
posehasto be estimatedprecisely Our approachusesa 2-
pass-approachFirst the 3D featuresare computedin an
of ine phase. Afterwardsthey are tracked in the online
augmentatiorphase. The next sectionwill describethe

Figure 2. Images of the original scene used
for the ofine modelling.

Figure 3. Images of the original scene from
the sh-e ye camera used for the ofine
modelling and light sour ce tracking.

computationof the of ine modelfrom the TV-cameraand
from the sh-eye camera. Section4.2 shows the online
trackingalgorithmfor the TV-camerdor augmentation.

4.1 Ofine model

For estimatinghecamergosesastructure-from-motion
(SfM) approachis exploited basedon [18]. It obtainsa
metric scenemodelfor eachcameraaswell asit delivers
the metric cameraprojectionmatricesP; for eachcamera
for every frame. The scenemodelis scaled translatedand
rotatedwith respectto the real world coordinatesystem.
The metric cameraprojectionmatricesare de ned in the
scaledmetricscenecoordinatesystem.They canbewritten
asP = K[RTj RTC],whereK isa3 3 matrixholding
theinternalcameracalibration,R isa3 3 matrix for the
orientationof thecameraandC is thepositionof thecamera
centerin thescaledmetricscenecoordinatesystem.



The exploited structure-from-motionalgorithm [18]
computegelative posesand canalso estimatethe internal
cameracalibration for eachcamerai aslong asit is a
perspectie camera. In augmentedreality applications
in TV productionthe camerasare often equippedwith
lens sensoravhich measurehe internal calibrationof the
camera.lf this datais available,the structurefrom motion
approachcan exploit e.g. the given focal length, which
improvesaccurag. Thereforethe calibrationmatrix K is
assumedo beknown here.

The sh-eye camerahasa differentcameramodel [9]
that cannotbe usedin the standardstructurefrom motion
algorithms. We calibratedthe intrinsics of the sh-eye
camerabeforehandwith the techniquessimilar to those
in [3, 13]. Afterwardswe applieda mappingof sheye
imagecoordinatesnto coordinate®f a perspectie camera
with a given eld of view and resolution. The resulting
virtual cameracanhave avery wide eld of view, because
no physicalrecti cation of theimageis performed.We use
avirtual eld of view of 160degrees Accordingly, for both
cameraghe samestructurefrom motion approachcan be
used.

The SfM approach[18] exploits a 2D featuredetector
to nd good points to track. To nd correspondences
betweerdifferentviews of the scenewe trackthe features
throughouthe 2D sequencesingthe KLT-tracker [17, 20]
andadditionalfeature-basethatching.Thecorrespondence
matchingis guided by the epipolar constraintand robust
matching statistics using random sampling consensus
(RANSACQC) [8, 12] to handletrackingoutliers.

The image correspondenceare tracked through mary
imagesviewing the samescene. All the points referring
to a 2D correspondencehainresultfrom projectionof the
same3D featureinto theimageshencewe computethe 3D
intersectiorof all viewing raysby simultaneougstimation
of the camergposesand 3D featurepoints. Afterwardswe
useevery recurrencenf afeaturein a new imageto reduce
theuncertaintyof thetriangulationby an ExtendedKalman
Filter, which exploits the fact that the scenels assumedo
be static. Accordingly, the projectionequation

x=K[RTj RTCIX; (1)
of a3D X pointinto thecameramagepointx canbeused
asmeasuremergquation.

We cannotcomputeabsolutecamergposeasthe overall
scaleof the sceneis not known, but a scaledmetric pose
estimateis determined12]. Figure2 shovs someimages
of thesceneemployedfor trackingandreconstructiorirom
theTV camerajn gure 2 correspondindramesof the sh-

Figure 4. Camera poses and 3D interest scene
points of the front camera on the left and of
the sh-e ye camera on the right.

eye camerareshavn. An overview of thesparsesceng3D
interestscengooints)andtheresultingcamergosegshovn
aspyramids)is givenin gure 4. Both reconstructiongre
in their own local coordinatesystems. Note that the sh-
eye reconstructioncontainsa much larger volume of 3D
points, becausepoints on the ceiling, on the oor andin
theernvironmentof the scenearealsoseenby thecamera

4.2 Online tracking

After the computationof the 3D interestpoint set as
describedaborve the setof interestpointswill be employed
for online tracking. This sectionexplainsthis camergpose
estimationduring the augmentation. It is assumedhat
the cameramovesin the scenewhich was reconstructed
beforehand. Estimating the camera$ position in the
coordinate system of the ofine scene reconstruction
requiresto solve two tasks:

1. Initial localizationof the rst camera.

2. Tracking of the camerapose using the 3D interest
scengpointsof theof ine reconstruction.

The initial localization of the camerain the previously
known scenecan be done by feature matching. That
means,robust and descriptie signaturegie.g. [16]) are
attachedo the 3D interestpointsduring the of ine phase.
Whenstartingthe online phasea robustmatchingalgorithm
[8, 12] is usedto registerthe camergposeagainsthe scene
model.

The initialization provides a cameraposefor the rst
imageduring the augmentation Accordingly; it is easyto
decidewhich 3D interestscenepoints are visible. These
3D interestscenepoints can be tracked to the following



frameswith KLT-tracking[17, 2Q]. It followsthatthe same
structurefrom motion algorithm can be usedfor camera
poseestimationasfor the of ine reconstructionHowever,
in the of ine phasewe emphasizen exactmodelbuilding
andfeatureextraction,while in the online phasewe go for
speedto achieve real-timeperformance.This extractsthe
posesf thecamerasn exactly the samecoordinatesystem
asthepreviousreconstructionTheonlineestimateccamera
poseswill beusedfor theaugmentation.

5 Alignment of cameras

The previous section describedthe tracking of the
perspectie front camera and the sh-eye camera.
If a highly integrated system is used the temporal
correspondencef a frame of the sheye cameraand
one of the perspectre camerais known. However, we
provide a solution for the problem when both camera
streamsare recordedseparatelyand the image sequences
have to be alignedin time. That meanswe have to match
the correspondingframes in the two sequences. The
correspondencis neededo computetwo reconstructions,
onefrom eachcamerawvith commonscale.Furthermorehe
reconstructionarerotatedandshiftedagainsieachotheras
aconsequencef the physicalmountandthereconstruction
techniqueused. It is importantto understandhat not only
the physicalcamerasare rotatedagainsteachotherin the
world coordinatesystem but alsothe reconstructionfiave
their own coordinatesystems.Thereforeit is not sufcient
to simply comparea front anda sheye cameraafter the
time alignmentto get the transformatiorbetweenthe two
coordinatesystems. We call the procedureto solve that
problemthe “spatial alignment”of the cameras.The next
sectionwill introduce the techniqueused for alignment
in time and afterwardssection5.2 will discussthe spatial
alignmentof the sequences.

5.1 Alignment in time

The alignmentof the imagestreamsin time to get the
correspondingramesin both sequencesvill exploit the
relative orientationof consecutre camerasFromthe pose
estimatiorwe gotcameramnatricesP;"" for thefrontcamera
and cameraprojection matricesfor the sh-eye camera
Pree Accordingly we are able to computethe relative
rotationR;; betweertwo consecutieframesP;" andP;""
for thefront cameraaswell astherelative rotationR ., Of
Peve andP " for the sh-eyecamera.

A generalrotation can be representedy an axis and
an anglefor the rotation aboutthe axis [2]. Accordingly
from the relative rotationsR;; betweenthe framesof the
front cameraand the relative rotationsRy,., of the sh-
eye camerave getthecorrespondingngles i and my .
As known from hand-ee calibrationtechniquesn robotics
theseanglesareequalfor correspondindramepairs[19, 4].

To computethe alignmentin time we measurethe
similarity of the relative rotation angles ; and mn
betweenconsecutie frames. It is doneby minimising the
sum of absolutedifferencesbetweenthe relative rotation
angles

X
m) =

iim

Sim(@i st;Mysts mm+ m;

2
where i istheoffsetfor thenext framein thefront camera
and m is the offset for the next framein the sh-eye
camera. The rst frame of eachsequencas determined
byi (st for thefront cameraandby m (g for the sh-eye
camera.

Joii+

Regarding the different frame rates of the cameras
similar to the techniquefrom [4] we usedifferent i and

m for the sequencesTo be synchronousbhoth cameras
were triggered by dividing the same master signal of
100Hz. A front camerawith a framerate of 25Hz anda
sh-eye camerawith frame rate of 10Hz, have a ratio of
25:10= 5:2. Accordingly iand m arechoseras

i=5and m= 2:

In orderto nd the alignmentwe computethe minimal
Sim(i 4;mg; i; m) from (2) for a givenrangeof i
andm by

min fSIM(@i o;m.; i

I rst:M rst

m)g: ®)

It delivers the alignment in time betweenthe image

sequence®f both cameras. For the resulting minimum,

we founda meanabsoluterotationangleerror betweerthe

sh-eye and the TV-cameraof e, = 0:025, measured
over 500 reconstructe@amerapairs. Oncethis alignment
in time is known the rotationbetweerbothcameracanbe

computed.

5.2 Spatial alignment

We assumeknowledge of temporal correspondence
betweenthe two image sequence$o computethe spatial
alignment.For this taskit would be bene cial to usepoint
correspondencdsetweerbothcameras.



Figure 5. Camera paths aligned in space and
time: The pyramids show the TV-camera
poses, the at rectangles show the sh-e ye
cameras. Due to the diff erent sampling rates
not every front camera corresponds to a sh-
eye camera.

However, in generalanoverlappingview of thecameras
cannotbe assumedAccordingly, we have to employ some
kind of correspondencethat can be estimatedeven for
camerasvhich look into differentdirections.

The epipolar geometry  provides such
correspondencp!]. The (calibration-normalisedgpipoles
e ande, de ne pointson theline atin nity which are
only dependenbn the rotation betweenthe cameras.The
rotationR . betweenthe camerasnapsthe epipoleof the
sh-eye cameranto the epipoleof thefront cameraby

e = Ryeem; (4)

where R, is constantfor all correspondingframes. It

follows that the epipolesof all correspondingmagepairs

of the two camerascan be usedto constrainthe rotation

R,z betweenthe two cameras. The rotation R,: can

be computedby (4) from more than three corresponding
epipoles. Theseepipolesare easily computedusing the

projectionmatricesof thereconstructedamerasSincethe

TV cameraandthe sh-eyecamerarecoupledveryclosely
to eachother comparedto the distanceto the scene,we

assumea commonprojectioncenterfor the two cameras.
The differentscaleof the two coordinatesystemsanthen

be computedusingthetemporalcorrespondence.

The resulting alignment of both camerasusing the
projection matricesof the initial reconstructions shovn
in gure 5. Exploiting the alignmentin spaceand time
of the coordinatesystemsof the two reconstructiongrom
the image sequencesf the front cameraandthe sh-eye
camera, objects can be transformedfrom the sh-eye
camerasysteminto the coordinatesystem of the front
camerawhich will be exploited for the light sourcedater
on.

Figure 6. Left:
reference image. Right: Automatic plane
segmentation after selecting table region.

Depth map for calibrated

6 Planesegmentationand coordinate system
transformation

Having computedhe camergposewe still needto place
thevirtual objectinto the3D sceneUsingcommerciatools
to positionandrotateobjectsin 3D spaceis still the work
of an expert, becausduning the 6 degreesof freedomof
an objectin spaceis not very intuitive. Sincewe usually
have 2D screensthe problemto exactly positionan object
on somearbitrary surfacegetseven harder We proposea
methodto automaticallyextracta 3D regionfrom theimage
datawith mouse-clickingnto theimageand ne-tuning the
object's posein avery intuitive way.

To correctly place an object on the table, we select
a calibrated image from the of ine sequenceshowing
the table. Using standardstereo algorithms [14], we
can computea depth map for the image (see gure 6).
Afterwards we simply have to selecta rectangleon the
table. Using the informationfrom the depthmap, a local
plane is tted to the region in 3D and the standard
deviation  of 3D distancedo the planewithin theregion
is computed. Afterwardsthe depthmapis segmentednto
planeinliersandplaneoutliersusing  andtheboundaries
of the 3D plane are computed using morphological
operationsand connectedcomponentanalysis(see gure
6).

The centerof gravity of this region togetherwith the
plane equationis usedto positionthe 3D object onto the
table.Theobjectis automaticalljtransformedn suchaway
thatits normalcoincideswith the planes normalandthatit
is placedexactly on the surfaceof the plane. Afterwards
one may rotateit aroundthe normal and move it within
the plane,whichis muchmoreintuitive thanmoving in the
complete6 degreesof freedom. A placedvirtual objectis
shovnin gure 7.



Figure 7. Left: Scene model augmented with
segmented plane on the table. Right: Virtual
object placed onto the segmented plane.

7 Light source position estimation

The light sourcesare only visible in the imagesof the
sh-eye camerabecausehe front camerausually avoids
to capturethe light sources. Two imagesof the sh-eye
cameraare shavn in gure 3. In theseimagesthe light
sourcescanbe seenassaturatedegions. Hencetheimage
sequenceecordedby the sh-eye camerawill beexploited
to estimatethe (point) light sourcepositions. Intensity or
colourof thelight sourcesarenotrecoveredsofar.

Firstof all thelight sourcesareselectedasimageregions
with saturationin all channels.For normalcameraghis is
anaturalchoicebecausé¢helight sourcesaresaturatediue
to the choiceof shutterandgain. They areusuallychosen
to capturethescendnformationwhich hasa stronglylower
intensitythanthelight sources.

After the sggmentation of the light sources the
image region covered by the light sourceis seggmented
automatically The automatic segmentation computes
in the neighbourhoodof the selectedpoint of the light
sourcethe meanvalue of the pixels belongingto the light
sourceand the varianceof thesepixels. Then a region
growing segmentsthe pixel that belongto the light source
by exploiting a 99% con dence intensity interval for the
light sourcepixels. Two imageswith the segmentedight
sourcesare shovn in gure 8. The centerof gravity of
the segmentedregion is assumedo be the light sources
image position. The 3D position of the light sourcein
the coordinatesystem of the sh-eye reconstructionis
afterwardstriangulatedfrom the different positionsof the
light sourcein theimages.Exploiting therotationbetween
the two camerasaindthe scalebetweerthe reconstructions
the estimatedlight sourcepositionsare transformedinto
the coordinatesystemof the front-camera. The positions
of thetransformedight sourcesareshavn in gure 9. The

Figure 8. Segmented saturated regions of
two images used for triangulation of the light
sour ce positions.

Figure 9. Transformed point light source
positions in the reconstruction of the front
camera, tog ether with 3D scene plane of table
and augmented object.

known cameraposesof the TV-cameratogetherwith the
estimatedight sourcepositionsmakesit possibleto render
augmentationsvith correctdirectillumination. Sincethe
planegeometryandthe planeboundariesare known also,
thisinformationcanbe usedto computethe shadavs of the
virtual objectfor morerealisticaugmentation.

8 Augmentation

As the lights' positionswithin the sceneare known,
it is possibleto renderobjectswith realistic shadingand
shadevs. We useOpenS{1] for renderingwhichis based
on OpenGL.Theimagefrom theoriginal scends usedasa
backgroundandthe virtual camerais positionedaccording
to the estimategoseof therealcamera.



To createthe shadavs castfrom the virtual objectonto
the real scene,we usea two passapproachthat involves
shadev maps. Shadev mappingwasintroducedby Lance
Williams in 1978[26] andhasbeenextensvely usedsince
thattime, bothin of ine renderingandreal-timegraphics,
e.g.in Pixar's Rendermarfor Ims suchas”Toy Story”. It
is just one of mary differentways of producingshadavs
andhasthefollowing advantages

Shadev mapping is an image space technique,
working automaticallywith objectscreatedor altered
onthe GPU.

Only a single texture is requiredto hold shadeving
information for eachlight; the stencil buffer is not
used.

Avoidsthehigh Il requiremendf shadev volumes.
anddisadwantages

Aliasing occurs,especiallywhenusing small shadav
maps.

The scenegeometrymustbe renderedonceper light
sourcein order to generatethe shadev map for a
spotlight.

Especiallythe fact, that shadev mappingis an image
spacetechniqguemalesit well suitedfor our augmentation,
becauseve canusea two-passapproach:

1. Createthe shadev mapfor the virtual objectstanding
onthevirtual plane,e.g.thetabletop

2. Renderthe scenewithoutthevirtual planeandusethe
shadev mapfrom the previous stepwith the original
cameramageasbackground

Renderingwith real-time shadavs using shadev maps
creationis goingto be partof the OpenSGlibrary [1]. We
usean unpublishedexperimentalversionof it to compute
the shadavs castby the virtual objectontoa scenesurface.
Fortheexamplescenarimf thevirtual caronthetableplane
from gure 7 theshadaving is shavnin gure 10.

9 Experimental results

To verify the proposedtechniquewe evaluated our
systemon a sequencamadein a real TV-studio. At rst

Figure 10. Left: Shadows of the virtual object
on the scene plane. Right: Shadow map.

in the studio a sequencewas taken to computethe 3D
interestpointsof the sceneof ine. The 3D interestpoints
areshovnin gure 4. Afterwardsa secondmagesequence
was recordedonline in the studio. It containspersons
sitting in the studio and talking. For this sequencehe
of ine learned3D interestpoint setis usedto estimatethe
camergoses.

The light sourcesof the scenewere locatedemploying
the sh-eyeimagesof theof ine recordingandcanbeseen
in gure 8. Thetransformatiorbetweenthe front andthe
sh-eyecameravasappliedto thetriangulatedight sources
to gettheir positionsin the coordinatesystemof the front
camerawhich is usedfor rendering. The table planewas
chosenfor augmentation. On this sceneplane a virtual
objectwas placedas shavn in gure 7. Afterwardsthe
shadavs of the 3D objecton the planeof the table were
computed. Theseshadaevs were usedas alphatexture for
theaugmentatiomf therecordedsecondsequence.

To evaluatethe performanceof our approachwe tested
it on different example sequencesonsisting of several
thousandrames. Oneinterestingsequencavas taken by
a rapidly moving cameraman with a handheldcamera.
In this sequencehe cameramotion is fastcomparedo a
cameramountednapedestahndmovementsandrotations
occurin all directions.Theresultingaugmentatioris stable
and the object remainsat the sameposition in the scene
throughoutthe sequence.Two exampleimagesfrom this
sequencareshovnin gure 11.

The secondshovn example sequences recordedby
a cameramountedon a pedestal. In this sequencewo
talking people are inside the scene. The dif culty for
this sequencés that the learnedof ine modelis partially
occludedbecausehetalking peoplehide somepartsof the
learnedscene Furthermoraluringtalkingthepeoplemove.
Accordingly it is prohibitedto learn ary featureson the



Figure 11. Two views of an augmented
handheld camera sequence .

peopleassalient3D interestpoints. The augmentatiorof
this scenes asstableasfor the handheldsequencandthe
modelremainsat the samepositionthe whole time. Two
exampleframesof this sequencareshavnin gure 12.

10 Conclusion

We presenteda markerlessaugmentedreality system
whichis ableto computethelight sourcepositionsandthe
shadaevs of the virtual objecton a 3D sceneplane. The
systemusesa multi-camerasystemconsistingof a TV-
cameraanda sh-eye camera. The TV-camerawas used
to recordthe imagesfor augmentatiorand to determine
the cameraposition during the augmentation. The pose
estimationof this cameraexploits the beforehandearned
3D interestscengpoints. The sh-eye camerahatobsened
the hemispheravas employed to estimatethe light source
positions. Furthermorewe evaluatedthe performanceof
our novel systemon several example sequences. The
evaluationshowved that the novel systemcan even handle
critical sequencewith rapid cameramotion of a handheld
cameraandwith moving peoplein the scene.Futurework
shouldfocus on the online estimationof dynamiclighting

Figure 12. Two views of an augmented
sequence with talking people .

aswell ascolour or intensity of light sourceso make the
illumination evenmorerealistic.
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