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Abstract

We presenta markerlessaugmentedreality systemwith
intuitive positioningand realistic direct lighting of virtual
objects. Our approach exploits a two camera system
consistingof a TV-camera anda �sh-eyecamera. TheTV-
camera capturesthe videofor the augmentationwhile the
�sh-eyecamera observestheupperhemisphere to track the
light sources. Accordingly, direct lighting can be usedto
rendervirtual objects. Additionally, we proposean easy
methodto placevirtual objectsin thesceneandto compute
the shadowsof these objects. The proposed tracking
methodsovercomethelimitationsof manysystemsthatneed
markers in the scenefor augmentationor needadditional
equipmentin the sceneto reconstructillumination. Our
approach will keeptheaugmentedsceneunaffected.

1. Intr oduction

Realistic illumination of virtual objectsplacedin real
scenesis oneof the importantchallengesof anaugmented
reality system. This is in particular dif�cult if it is not
possible to 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
augmentationsin TV-studios becausein TV often the
augmentationpopsup only for a short time. Before and
afterthattime slot it is unacceptableto have any additional
deviceslike markersor mirror spheresin view.

Theproposedapproachcomputesarealisticillumination
by observingthe sceneand its surroundingenvironment

with a �sh-eye camera. This �sh-eye camerais usedto
localisethelight sourcesin thesurroundingenvironment.

Currenttechniquesfor the trackingof camerasrequire
expensive tracking systems,which make use of arti�cial
markers like the FreeD tracker from BBC [22] or the
HiBall system[25]. Thesesystemsrequire the studio to
be equippedwith calibratedmarkers, 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-motionandposeestimation[15]
algorithms.Thatprovidesa cheapandeasyway to usethe
systemat differentlocations.

Thepaperis organisedasfollows: thenext sectionwill
giveanoverview of theproposedaugmentedrealitysystem.
Afterwardswe will review the relatedwork in computer
vision andcomputergraphics.The sections4 to 8 discuss
thedifferentpartsof thenew systemin detail. In section9
experimentalresultsarepresentedonsequencescapturedin
aTV-studioandsection10will summarisetheapproach.

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 augmentedreality it is requiredto havereliabletracksof
thecameraposeduringtherecording.Thisgoalis achieved
by our systemwithout placingmarkersin the �eld of view
of the cameraas most of the currentsystemsdo. Other
systemslike the FreeDsystem[22] which avoid placing
markers in the �eld of view of the camera,placethemat



leastat the ceiling of the studio. They are thenobserved
with an upward looking camera,that is coupledrigidly to
the main scenecamera. Employing the detectedmarkers
in the upward looking cameraenablescomputationof the
camerapositionfor augmentation.However, a complicated
and expensive calibration and setupprocedureis needed
for thesemarkers.

We usea two camerasystemas shown in �gure 1. It
consistsof aTV-camerawhichcapturestheimagesusedfor
theaugmentation.Thesecondcamerais a �sh-eye camera
with 180degrees�eld of view, thatcapturesimagesof the
upperhemisphereof thescene(studio)andthesurrounding
environment. Applying structurefrom motion algorithms
from computervision to theimagesof bothcamerasallows
computationof the camerapositionswithout any markers
in the scene. Our systemsimply usesthe sceneand the
surroundingenvironmentto identify 3D interestpoints.The
3D interestpointsareusedto estimatethecameraposition.
We run a reconstructionon the imagesequencescaptured
by the TV-cameraandthe �sh-eye camerabeforehand.It
delivers3D interestscenepoints for both cameras.These
two independentreconstructionsare afterwards aligned
automaticallyto eachother.

Oneof themajorlimitationsof thestructurefrom motion
algorithmsis that the reconstructed3D point positionsand
alsothecameraposesaredeterminedin a local coordinate
system,whichmaybescaled,rotatedandtranslatedagainst
thereal-worldcoordinatesystem,whichmakesit 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. Thisstepestablishesacoordinatesystemfor
the scenewhich canbe recoveredby employing the same
3D interestscenepointslater. It canbeseenasa “learning”
of thescenestructure.

The learnedscenestructurewill be used during the
recordingof the imagesfor the subsequentaugmentation.
It overcomestheproblemof inconsistentcoordinateframes
becausenow the poseestimationduring the augmentation
uses the same coordinatesystem as the reconstruction
performedbeforehand.Accordingly, the learned3D scene
structurecanbeemployedto placevirtual objects.

The �sh-eye cameraof our multi-camerasystem is
exploited to detect the 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
directilluminationof thevirtual objectsplacedin thescene.

Figure 1. Multi­Camera system of a TV­camera
(front camera) and a �sh­e ye camera.

The estimatedlight 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 show using the
multi-camerasystemsuchthat the front camerasees
thesceneandthe�sh-eyecameraseesthelights

2. Make reconstructionsand pose estimationsof the
videosfrom thetwo cameras(seesection4)

3. TemporalAlignment(if thecameraswerenot aligned
andsynchronised,section5.1)

4. SpatialAlignment: Fusecoordinatesystemsof both
reconstructionsto allow for positionestimationin the
scenereconstruction(seesection5.2)

5. Positionthevirtual object(seesection6)

6. Estimatethe light sourcesusing the �sh-eye camera
(seesection7)

7. OnlineTrackingandAugmentation(seesection8)

3 RelatedWork

During the last yearsaugmentedreality becamemore
popular due to achievementsin computergraphicsand



computervision. We will describetherelatedwork in both
areasin thissection.At �rst wereview thework in thearea
of computervision followedby a discussionof thework in
theareaof computergraphics.

3D scenereconstructionand pose estimation is still
a current subject of researchin the �eld of computer
vision. In the early ninetiesthe �rst approachesproved
that scenereconstructionwas theoreticallyandpractically
feasiblefor a cameramoving throughan unknown scene
with constantbut unknown intrinsics[7]. Variousmethods
have beendevelopedthat weakenedthe constraintson the
camera[18, 23]. The proposedmethodfor marker-less
augmentedrealitywill exploit theseapproachesto estimate
thecameraposes.Furthermoretherewereafew approaches
for poseestimationfrom multi-camerasystemsproposed
during the last year [21, 11]. Theseapproachesexploit
the rigid coupling of the camerasto improve the camera
poseestimation. An open point of theseapproachesis
the estimation of the rigid transformationbetweenthe
differentcameras.Wepresentanapproachto alignmultiple
reconstructionin 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 the real scene.This approachwas
later modi�ed by Drettakiset al in [6]. Otherapproaches
of consideringenvironmental lighting for rendering of
virtual objectswereintroducedby Debevecet al. in [5, 24].
These approachesuse High-Dynamic Range images as
environmental illumination. All theseapproachesplace
measuringdevices like mirror spheresin the sceneto
capture the environmental illumination. In contrast to
theseapproachesthe presentedmethod only usesdirect
illumination of the virtual object from the light sourcesof
thescene.Theselight sourcesarecapturedby the �sh-eye
camera. Accordingly, the light posescan be estimated
without constrainingthecamerausedto recordthe images
for augmentations. Furthermore“scanning” the lights
enablesthe systemto computedirect illumination without
measuringwith any device in thevisiblepartsof thescene.

4 Mark erlesscameraposeestimation

For an accurateaugmentationof the scenethe camera
posehasto beestimatedprecisely. Our approachusesa 2-
pass-approach:First the 3D featuresare computedin an
of�ine phase. Afterwards they are tracked in the online
augmentationphase. The next sectionwill describethe

Figure 2. Images of the original scene used
for the of�ine modelling.

Figure 3. Images of the original scene from
the �sh­e ye camera used for the of�ine
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 theTV-camerafor augmentation.

4.1 Of�ine model

For estimatingthecameraposesastructure-from-motion
(SfM) approachis exploited basedon [18]. It obtainsa
metric scenemodel for eachcameraaswell as it delivers
the metric cameraprojectionmatricesPi for eachcamera
for every frame. Thescenemodelis scaled,translatedand
rotatedwith respectto the real world coordinatesystem.
The metric cameraprojectionmatricesare de�ned in the
scaledmetricscenecoordinatesystem.They canbewritten
asP = K [RT j � RT C], whereK is a3� 3 matrixholding
the internalcameracalibration,R is a 3 � 3 matrix for the
orientationof thecameraandC is thepositionof thecamera
centerin thescaledmetricscenecoordinatesystem.



The exploited structure-from-motionalgorithm [18]
computesrelative posesandcanalsoestimatethe internal
cameracalibration for each camerai as long as it is a
perspective camera. In augmentedreality applications
in TV production the camerasare often equippedwith
lenssensorswhich measurethe internalcalibrationof the
camera.If this datais available,thestructurefrom motion
approachcan exploit e.g. the given focal length, which
improvesaccuracy. Thereforethe calibrationmatrix K is
assumedto beknown here.

The �sh-eye camerahasa different cameramodel [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
imagecoordinatesinto coordinatesof a perspectivecamera
with a given �eld of view and resolution. The resulting
virtual cameracanhave a very wide �eld of view, because
nophysicalrecti�cation of theimageis performed.We use
avirtual �eld of view of 160degrees.Accordingly, for both
camerasthe samestructurefrom motion approachcanbe
used.

The SfM approach[18] exploits a 2D featuredetector
to �nd good points to track. To �nd correspondences
betweendifferentviews of thescene,we trackthe features
throughoutthe2D sequenceusingtheKLT-tracker [17, 20]
andadditionalfeature-basedmatching.Thecorrespondence
matchingis guidedby the epipolarconstraintand robust
matching statistics using random sampling consensus
(RANSAC) [8, 12] to handletrackingoutliers.

The imagecorrespondencesare tracked throughmany
imagesviewing the samescene. All the points referring
to a 2D correspondencechainresultfrom projectionof the
same3D featureinto theimages,hencewecomputethe3D
intersectionof all viewing raysby simultaneousestimation
of thecameraposesand3D featurepoints. Afterwardswe
useevery recurrenceof a featurein a new imageto reduce
theuncertaintyof thetriangulationby anExtendedKalman
Filter, which exploits the fact that the sceneis assumedto
bestatic.Accordingly, theprojectionequation

x = K [RT j � RT �C]X ; (1)

of a 3D X point into thecameraimagepoint x canbeused
asmeasurementequation.

We cannotcomputeabsolutecameraposeastheoverall
scaleof the sceneis not known, but a scaledmetric pose
estimateis determined[12]. Figure2 shows someimages
of thesceneemployedfor trackingandreconstructionfrom
theTV camera,in �gure 2 correspondingframesof the�sh-

Figure 4. Camera poses and 3D interest scene
points of the front camera on the left and of
the �sh­e ye camera on the right.

eyecameraareshown. An overview of thesparsescene(3D
interestscenepoints)andtheresultingcameraposes(shown
aspyramids)is given in �gure 4. Both reconstructionsare
in their own local coordinatesystems.Note that the �sh-
eye reconstructioncontainsa much larger volume of 3D
points, becausepoints on the ceiling, on the �oor and in
theenvironmentof thescenearealsoseenby thecamera.

4.2 Online tracking

After the computationof the 3D interestpoint set as
describedabove thesetof interestpointswill beemployed
for online tracking. This sectionexplainsthis camerapose
estimationduring the augmentation. It is assumedthat
the cameramoves in the scenewhich was reconstructed
beforehand. Estimating the camera's position in the
coordinate system of the of�ine scene reconstruction
requiresto solve two tasks:

1. Initial localizationof the�rst camera.

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

The initial localization of the camerain the previously
known scenecan be done by feature matching. That
means,robust and descriptive signatures(e.g. [16]) are
attachedto the 3D interestpointsduring theof�ine phase.
Whenstartingtheonlinephasearobustmatchingalgorithm
[8, 12] is usedto registerthecameraposeagainstthescene
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, 20]. It follows thatthesame
structurefrom motion algorithm can be usedfor camera
poseestimationasfor theof�ine reconstruction.However,
in theof�ine phasewe emphasizeon exactmodelbuilding
andfeatureextraction,while in theonlinephasewe go for
speedto achieve real-timeperformance.This extractsthe
posesof thecamerasin exactly thesamecoordinatesystem
asthepreviousreconstruction.Theonlineestimatedcamera
poseswill beusedfor theaugmentation.

5 Alignment of cameras

The previous section describedthe tracking of the
perspective front camera and the �sh-eye camera.
If a highly integrated system is used the temporal
correspondenceof a frame of the �sheye cameraand
one of the perspective camerais known. However, we
provide a solution for the problem when both camera
streamsare recordedseparatelyand the imagesequences
have to be alignedin time. That meanswe have to match
the correspondingframes in the two sequences. The
correspondenceis neededto computetwo reconstructions,
onefrom eachcamerawith commonscale.Furthermorethe
reconstructionsarerotatedandshiftedagainsteachotheras
aconsequenceof thephysicalmountandthereconstruction
techniqueused.It is importantto understandthatnot only
the physicalcamerasare rotatedagainsteachother in the
world coordinatesystem,but alsothereconstructionshave
their own coordinatesystems.Thereforeit is not suf�cient
to simply comparea front and a �sheye cameraafter the
time alignmentto get the transformationbetweenthe two
coordinatesystems. We call the procedureto solve that
problemthe “spatial alignment”of the cameras.The next
section will introduce the techniqueused for alignment
in time andafterwardssection5.2 will discussthe spatial
alignmentof thesequences.

5.1 Alignment in time

The alignmentof the imagestreamsin time to get the
correspondingframesin both sequenceswill exploit the
relative orientationof consecutive cameras.Fromthepose
estimationwegotcameramatricesP front

i for thefront camera
and cameraprojection matricesfor the �sh-eye camera
P �sh-eye

m . Accordingly we are able to computethe relative
rotationRi;j betweentwo consecutiveframesP front

i andP front
j

for thefront cameraaswell astherelativerotationRm;n of
P �sh-eye

m andP �sh-eye
n for the�sh-eyecamera.

A generalrotation can be representedby an axis and
an anglefor the rotation aboutthe axis [2]. Accordingly
from the relative rotationsR i;j betweenthe framesof the
front cameraand the relative rotationsRm;n of the �sh-
eyecamerawe getthecorrespondingangles� i;j and� m;n .
As known from hand-eyecalibrationtechniquesin robotics
theseanglesareequalfor correspondingframepairs[19, 4].

To compute the alignment in time we measurethe
similarity of the relative rotation angles � i;j and � m;n

betweenconsecutive frames. It is doneby minimising the
sum of absolutedifferencesbetweenthe relative rotation
angles

Sim (i �rst ; m�rst ; � i; � m) =
X

i;m

j� i;i +� i � � m;m +� m j ;

(2)
where� i is theoffsetfor thenext framein thefront camera
and � m is the offset for the next frame in the �sh-eye
camera. The �rst frame of eachsequenceis determined
by i �rst for the front cameraandby m�rst for the �sh-eye
camera.

Regarding the different frame rates of the cameras
similar to the techniquefrom [4] we usedifferent � i and
� m for the sequences.To be synchronous,both cameras
were triggered by dividing the same master signal of
100Hz. A front camerawith a frame rate of 25Hz anda
�sh-eye camerawith frame rate of 10Hz, have a ratio of
25 : 10 = 5 : 2. Accordingly� i and� m arechosenas

� i = 5 and� m = 2:

In order to �nd the alignmentwe computethe minimal
Sim (i �rst ; m �rst ; � i; � m) from (2) for a given rangeof i �rst

andm �rst by

min
i �rst ;m �rst

f Sim (i �rst ; m �rst ; � i; � m)g: (3)

It delivers the alignment in time between the image
sequencesof both cameras. For the resultingminimum,
we founda meanabsoluterotationangleerrorbetweenthe
�sh-eye and the TV-cameraof em = 0:025� , measured
over 500 reconstructedcamerapairs. Oncethis alignment
in time is known therotationbetweenbothcamerascanbe
computed.

5.2 Spatial alignment

We assumeknowledge of temporal correspondence
betweenthe two imagesequencesto computethe spatial
alignment.For this taskit would bebene�cial to usepoint
correspondencesbetweenbothcameras.



Figure 5. Camera paths aligned in space and
time: The pyramids sho w the TV­camera
poses, the �at rectangles sho w the �sh­e ye
cameras. Due to the diff erent sampling rates
not every front camera corresponds to a �sh­
eye camera.

However, in generalanoverlappingview of thecameras
cannotbeassumed.Accordingly, we have to employ some
kind of correspondencesthat can be estimatedeven for
cameraswhich look into differentdirections.

The epipolar geometry provides such
correspondence[4]. The (calibration-normalised)epipoles
ei and em de�ne points on the line at in�nity which are
only dependenton the rotationbetweenthe cameras.The
rotationRHE betweenthe camerasmapsthe epipoleof the
�sh-eyecamerainto theepipoleof thefront cameraby

ei = RHEem ; (4)

where RHE is constantfor all correspondingframes. It
follows that the epipolesof all correspondingimagepairs
of the two camerascan be usedto constrainthe rotation
RHE betweenthe two cameras. The rotation RHE can
be computedby (4) from more than threecorresponding
epipoles. Theseepipolesare easily computedusing the
projectionmatricesof thereconstructedcameras.Sincethe
TV cameraandthe�sh-eyecameraarecoupledveryclosely
to eachother comparedto the distanceto the scene,we
assumea commonprojectioncenterfor the two cameras.
Thedifferentscaleof the two coordinatesystemscanthen
becomputedusingthetemporalcorrespondence.

The resulting alignment of both camerasusing the
projectionmatricesof the initial reconstructionis shown
in �gure 5. Exploiting the alignmentin spaceand time
of the coordinatesystemsof the two reconstructionsfrom
the imagesequencesof the front cameraand the �sh-eye
camera, objects can be transformedfrom the �sh-eye
camerasystem into the coordinatesystem of the front
camera,which will be exploited for the light sourceslater
on.

Figure 6. Left: Depth map for calibrated
reference image. Right: Automatic plane
segmentation after selecting table region.

6 Planesegmentationand coordinate system
transformation

Having computedthecameraposewe still needto place
thevirtual objectinto the3D scene.Usingcommercialtools
to positionandrotateobjectsin 3D spaceis still the work
of an expert, becausetuning the 6 degreesof freedomof
an object in spaceis not very intuitive. Sincewe usually
have 2D screens,theproblemto exactly positionanobject
on somearbitrarysurfacegetseven harder. We proposea
methodto automaticallyextracta3D regionfrom theimage
datawith mouse-clickinginto theimageand�ne-tuning the
object'sposein a very intuitiveway.

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 information from the depthmap,a local
plane � is �tted to the region in 3D and the standard
deviation � � of 3D distancesto theplanewithin theregion
is computed.Afterwardsthe depthmapis segmentedinto
planeinliersandplaneoutliersusing� � andtheboundaries
of the 3D plane are computed using morphological
operationsand connectedcomponentanalysis(see�gure
6).

The centerof gravity of this region togetherwith the
planeequationis usedto position the 3D object onto the
table.Theobjectis automaticallytransformedin suchaway
thatits normalcoincideswith theplane'snormalandthatit
is placedexactly on the surfaceof the plane. Afterwards
one may rotate it aroundthe normal and move it within
theplane,which is muchmoreintuitive thanmoving in the
complete6 degreesof freedom. A placedvirtual objectis
shown in �gure 7.



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

7 Light sourceposition estimation

The light sourcesareonly visible in the imagesof the
�sh-eye camerabecausethe front camerausually avoids
to capturethe light sources. Two imagesof the �sh-eye
cameraare shown in �gure 3. In theseimagesthe light
sourcescanbeseenassaturatedregions. Hencethe image
sequencerecordedby the�sh-eyecamerawill beexploited
to estimatethe (point) light sourcepositions. Intensityor
colourof thelight sourcesarenot recoveredsofar.

Firstof all thelight sourcesareselectedasimageregions
with saturationin all channels.For normalcamerasthis is
a naturalchoicebecausethelight sourcesaresaturateddue
to thechoiceof shutterandgain. They areusuallychosen
to capturethesceneinformationwhichhasastronglylower
intensitythanthelight sources.

After the segmentation of the light sources the
image region covered by the light source is segmented
automatically. The automatic segmentation computes
in the neighbourhoodof the selectedpoint of the light
sourcethe meanvalueof the pixels belongingto the light
sourceand the varianceof thesepixels. Then a region
growing segmentsthe pixel thatbelongto the light source
by exploiting a 99% con�dence intensity interval for the
light sourcepixels. Two imageswith the segmentedlight
sourcesare shown in �gure 8. The centerof gravity of
the segmentedregion is assumedto be the light sources
image position. The 3D position of the light sourcein
the coordinatesystem of the �sh-eye reconstructionis
afterwardstriangulatedfrom the differentpositionsof the
light sourcein the images.Exploiting therotationbetween
the two camerasandthescalebetweenthereconstructions
the estimatedlight sourcepositionsare transformedinto
the coordinatesystemof the front-camera.The positions
of thetransformedlight sourcesareshown in �gure 9. The

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

Figure 9. Transf ormed point light sour ce
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
estimatedlight sourcepositionsmakesit possibleto render
augmentationswith correctdirect illumination. Sincethe
planegeometryandthe planeboundariesareknown also,
this informationcanbeusedto computetheshadowsof the
virtual objectfor morerealisticaugmentation.

8 Augmentation

As the lights' positions within the sceneare known,
it is possibleto renderobjectswith realistic shadingand
shadows. WeuseOpenSG[1] for rendering,which is based
onOpenGL.Theimagefrom theoriginalsceneis usedasa
backgroundandthevirtual camerais positionedaccording
to theestimatedposeof therealcamera.



To createthe shadows castfrom the virtual objectonto
the real scene,we usea two passapproach,that involves
shadow maps.Shadow mappingwasintroducedby Lance
Williams in 1978[26] andhasbeenextensively usedsince
that time, both in of�ine renderingandreal-timegraphics,
e.g.in Pixar's Rendermanfor �lms suchas”Toy Story”. It
is just oneof many differentways of producingshadows
andhasthefollowing advantages

� Shadow mapping is an image space technique,
working automaticallywith objectscreatedor altered
on theGPU.

� Only a single texture is requiredto hold shadowing
information for each light; the stencil buffer is not
used.

� Avoidsthehigh �ll requirementof shadow volumes.

anddisadvantages

� Aliasing occurs,especiallywhenusingsmall shadow
maps.

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

Especiallythe fact, that shadow mappingis an image
spacetechniquemakesit well suitedfor our augmentation,
becausewe canusea two-passapproach:

1. Createtheshadow mapfor thevirtual objectstanding
on thevirtual plane,e.g.thetabletop

2. Renderthescenewithout thevirtual planeandusethe
shadow mapfrom the previous stepwith the original
cameraimageasbackground

Renderingwith real-time shadows using shadow maps
creationis going to bepartof theOpenSGlibrary [1]. We
usean unpublishedexperimentalversionof it to compute
theshadowscastby thevirtual objectontoa scenesurface.
For theexamplescenarioof thevirtual caronthetableplane
from �gure 7 theshadowing is shown in �gure 10.

9 Experimental results

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

Figure 10. Left: Shado ws of the vir tual object
on the scene plane . Right: Shado w map.

in the studio a sequencewas taken to computethe 3D
interestpointsof the sceneof�ine. The 3D interestpoints
areshown in �gure 4. Afterwardsasecondimagesequence
was recordedonline in the studio. It containspersons
sitting in the studio and talking. For this sequencethe
of�ine learned3D interestpoint setis usedto estimatethe
cameraposes.

The light sourcesof the scenewere locatedemploying
the�sh-eye imagesof theof�ine recordingandcanbeseen
in �gure 8. The transformationbetweenthe front andthe
�sh-eyecamerawasappliedto thetriangulatedlight sources
to get their positionsin the coordinatesystemof the front
camera,which is usedfor rendering.The tableplanewas
chosenfor augmentation. On this sceneplane a virtual
object was placedas shown in �gure 7. Afterwards the
shadows of the 3D object on the planeof the table were
computed.Theseshadows wereusedasalphatexture for
theaugmentationof therecordedsecondsequence.

To evaluatethe performanceof our approachwe tested
it on different example sequencesconsistingof several
thousandframes. One interestingsequencewas taken by
a rapidly moving cameraman with a handheldcamera.
In this sequencethe cameramotion is fast comparedto a
cameramountedonapedestalandmovementsandrotations
occurin all directions.Theresultingaugmentationis stable
and the object remainsat the sameposition in the scene
throughoutthe sequence.Two exampleimagesfrom this
sequenceareshown in �gure 11.

The secondshown example sequenceis recordedby
a cameramountedon a pedestal. In this sequencetwo
talking people are inside the scene. The dif�culty for
this sequenceis that the learnedof�ine model is partially
occludedbecausethetalking peoplehidesomepartsof the
learnedscene.Furthermoreduringtalkingthepeoplemove.
Accordingly it is prohibited to learn any featureson the



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

peopleassalient3D interestpoints. The augmentationof
this sceneis asstableasfor thehandheldsequenceandthe
model remainsat the sameposition the whole time. Two
exampleframesof this sequenceareshown in �gure 12.

10 Conclusion

We presenteda markerlessaugmentedreality system
which is ableto computethelight sourcepositionsandthe
shadows of the virtual object on a 3D sceneplane. The
systemusesa multi-camerasystemconsistingof a TV-
cameraand a �sh-eye camera. The TV-camerawas used
to record the imagesfor augmentationand to determine
the cameraposition during the augmentation. The pose
estimationof this cameraexploits the beforehandlearned
3D interestscenepoints.The�sh-eyecamerathatobserved
the hemispherewasemployed to estimatethe light source
positions. Furthermorewe evaluatedthe performanceof
our novel system on several example sequences. The
evaluationshowed that the novel systemcan even handle
critical sequenceswith rapidcameramotionof a handheld
cameraandwith moving peoplein thescene.Futurework
shouldfocuson the online estimationof dynamiclighting

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

aswell ascolour or intensityof light sourcesto make the
illuminationevenmorerealistic.
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