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Abstract

This contributiondealswith scenereconstructionfrom a
hand-heldmulti-camerarig. We addressspeci�cally the
problemsthatareassociatedwith calibrationandvisual-
geometricreconstructionof complex sceneswith occlu-
sionsand view-dependentsurfaces. The sceneis then
representedby large setsof calibratedreal viewpoints
with imagetextureanddepthmaps.Novelviewsaresyn-
thesizedfrom this representationwith view-dependent
image-basedrenderingtechniquesat interactiverates.

1 Intr oduction

3D sceneanalysisis an importanttopic for a variety of
applications.In visual robot guidance,fastandprecise
geometricrepresentationof thesurroundingenvironment
aswell aspreciseself-localisationis crucial for ef�cient
path planning, obstacleavoidance, and collision-free
navigation.Theprecisevisualappearenceof thesceneis
only of secondaryimportance.Visualappearenceis be-
comingimportantin visualservoing[3] wherethegoalis
to positiona vision-guidedrobot suchthat theobserved
realimagematchesastoredreferenceimage.Augmented
and Mixed Reality [2] on the other hand is a rapidly
growing �eld thataimsat seamlessintegrationof virtual
objectsinto live �lm footagewith highestvisualquality,
while the geometricpropertiesare only of importance
to help achieving the primary goal of visual insertion.
Here, precisecameratracking and calibrationmust be
achievedto avoid objectjitter. While AugmentedReality
is mostlyconcernedwith realtimevideotrackingof pre-
de�ned markersanddirectvisual insertionof virtual ob-
jectsinto thelivevideostream,MixedRealitygoeseven
further and aims at the intertwining of real and virtual
objectsin a mixed real-virtualspace.Interdependences
of occlusions,shadingandre�ections betweenbothreal
and virtual objectshave to be taken into account. No
prede�nedmarkersareusedbut the real sceneitself is
trackedwithoutmarkers.
In this contribution we are concernedwith Mixed Re-
ality in extendedvirtual studio �lm productionwhere
both, cameratracking and visual image interpolation,
is needed. In this scenario,a real backgroundscene
is recordedand virtualized such that virtual views of
the real scenecanbe extrapolatedfrom theprerecorded

scene.Realactorsthat have beenrecordedin a virtual
studio, and computer-generatedvirtual ojects are then
both merged with the backgroundscenein a seamless
fashion.
In Mixed Reality applicationsit is neccessaryto recon-
structthe3Dbackgroundscenewith high�delity . In case
of simplescenegeometry, few imagesmaysuf�ce to ob-
tain a 3D surfacemodel that will be textured from the
real images.Novel views of the scenecanthenbe ren-
deredeasily from the model. Typical examplesarear-
chitecturalor landscapemodelswith mostlydiffuseand
opaquesurfaces. In othercases,however, scenegeom-
etry andsurfacepropertiesmay be very complex andit
might not bepossibleto reconstructthescenegeometry
in all details.In thiscaseonemayresortto light�eld ren-
dering[21] by reconstructingthevisualpropertiesof the
surfacere�ection. This is possibleonly in veryrestricted
environmentsbecausea very denseimagesamplingis
neededfor this approach.We proposea hybrid visual-
geometricmodelingapproachwherea partial geometric
reconstruction(calibrateddepthmaps)is combinedwith
unstructuredlumigraphrendering[12] to capturethevi-
sualappearanceof thescene.
Visual-geometricreconstructionaimsatcapturingthevi-
sualappearenceof a complex sceneby �rst approximat-
ing the geometricscenefeaturesand then superimpos-
ing the precisevisual featuresover the approximation.
Therealsceneis scannedby oneor morevideoor photo
cameras.Theimagesfrom thesecamerasaretermedreal
views. As we may want to capturecomplex 3D scenes
with occlusionsandpossiblyview-dependentsurfacere-
�ections, we will needto capturevery many real view
pointsthatcover thecompleteviewing space.Therefore
wehaveto registerrealviewsthatspanall possibleviews
of aviewing volumeto captureall possiblescenedetails.
Virtual views of the scenearenovel views that areren-
deredby extrapolatingthevisualappearenceof thescene
from themostsimilar realviews. Thelocal geometryof
thesceneasseenfrom arealview is capturedby estimat-
ing a depthmapfor eachview. Parallaxeffectsbetween
realandnovel viewsarecompensatedfor by warpingthe
real views towardsthe virtual view accordingto the lo-
caldepthmap.Thus,for visual-geometricreconstruction
andrenderingthefollowing threemainstepsareneeded:

1. Estimate3D position and calibrationof eachreal
view in world coordinates,



2. Computelocaldepthmapfor eachrealview,

3. Rendernovel views from the reconstructedreal
views.

In the following sectionswe will describethe different
stepsof this hybridapproachin moredetail. In section2
we will explain thecameratrackingandcalibrationstep.
Section3 dealswith densedepthestimationfrom multi-
ple real view points. In Section4 differentmethodsto
rendernovel viewsarediscussed.

2 Calibration

This work is embeddedin the context of uncalibrated
Structure From Motion (SFM) where cameracalibra-
tion andscenegeometryare recoveredfrom imagesof
the scenealone without the needfor further sceneor
camerainformation. FaugerasandHartley �rst demon-
stratedhow to obtainuncalibratedprojective reconstruc-
tionsfrom imagepoint matchesalone[8, 13]. Beardsley
et al. [1]proposeda schemeto obtainprojective calibra-
tion and3D structureby robustly trackingsalientfeature
points throughoutan imagesequence.Sincethen, re-
searchershavetried to �nd waysto upgradetheserecon-
structionsto metric (i.e. Euclideanbut unknown scale,
see[7, 25]).

Figure1: Left: portableimagecapturesystem. Right:
overview of thesceneto bereconstructed.

Whenvery long imagesequenceshave to be processed
thereis a risk of calibrationfailure due to several fac-
tors. For one,thecalibrationasdescribedabove is built
sequentiallyby addingoneview at a time. This mayre-
sult in accumulationerrorsthat introducea bias to the
calibration. Secondly, if a singleimagein thesequence
is not matched,the completecalibrationfails. Finally,
sequentialcalibrationdoesnot exploit the speci�c im-
ageacquisitionstructureusedin this approachto sample
the viewing sphere. In our visual-geometricapproach,
multiple camerasmaybeusedto scana 2D viewing sur-
faceby moving a rigid multi-camerarig throughoutthe
viewing spaceof interest.We have thereforedeveloped

a multi-cameracalibrationalgorithmthatallows to actu-
ally weave therealviews into a connected2D viewpoint
mesh[18].

2.1 Imagepair matching

Theprojectionof scenepointsontoanimagebyacamera
maybemodeledby theequation

x = PX : (1)

The image point in projective coordinatesis x =
[x; y; w]T , whereX = [X ; Y; Z; 1]T is the world point
andP is the3 � 4 cameraprojectionmatrix. Thematrix
P is a rank-3matrix. If it canbedecomposedas

P = K [RT j � RT t ] (2)

wherethe rotationmatrix R andthe translationvectort
representtheEuclidiantransformationbetweenthecam-
eraand the world coordinatesystem. The intrinsic pa-
rametersof the cameraare containedin the matrix K
which is anuppertriangularmatrix

K =

2

4
f s cx

0 a � f cy

0 0 1

3

5 ; (3)

wheref is the focal lengthof the cameraexpressedin
pixel units. Theaspectratio a of thecamerais theratio
betweenthesizeof a pixel in x-directionandthesizeof
a pixel in y-direction. Theprincipalpoint of thecamera
is (cx ; cy ) ands is a skew parameterwhich modelsthe
anglebetweencolumnsandrowsof theCCD-sensor.
The relation betweentwo consecutive frames is de-
scribedby thefundamentalmatrix if thecamerais moved
betweentheseframes.ThefundamentalmatrixF j;i maps
pointsfrom cameraj to lines in camerai . Furthermore
the fundamentalmatrix can be decomposedinto a ho-
mographyH �

j;i which mapsover the plane � and an
epipolee which is the projectionof the cameraacenter
of cameraj in camerai

Fj;i = [e]x H �
j;i ; (4)

where[�]x is the crossproductmatrix. The epipoleis
containedin thenull spaceof F : Fi;j � e = 0.
Fi;j canbecomputedrobustlywith theRANSAC (RAN-
domSAmplingConsensus)method.A minimum setof
7 featurescorrespondencesis pickedfrom a largelist of
potentialimagematchesto computea speci�c F . For
this particularF thesupportis computedfrom theother
potentialmatches.This procedureis repeatedrandomly
to obtainthemostlikely Fik with bestsupportin feature
correspondence.FromtheF we caninitialize a projec-
tivecamerapair thatde�nesaprojectiveframefor recon-
structionof thecorrespondingpointpairs[24].



2.2 Multi-viewpoint matching

Oncewe have obtainedthe projectionmatriceswe can
triangulatethe correspondingimage featuresto obtain
thecorresponding3D objectfeatures.Theobjectpoints
are determinedsuchthat their reprojectionerror in the
imagesis minimized. In additionwe computethepoint
uncertaintycovarianceto keeptrackof measurementun-
certainties.The3D objectpointsserveasthememoryfor
consistentcameratracking,andit is desirableto trackthe
projectionof the 3D points throughasmany imagesas
possible.This processis repeatedby addingnew view-
pointsandcorrespondencesthroughoutthesequence.
Although it can be shown that a single camerasuf-
�ces to obtain a meshof cameraview points by sim-
ply waving thecameraaroundthesceneof interestin a
zig-zagscan[19, 18], a more reliable meansis to use
an n-camerarig that simultaneouslycapturesa time-
synchronized1D sequenceof views. When this rig is
sweptalongthesceneof interest,a regular2D viewpoint
surfaceis generatedthat canbe calibratedvery reliably
by concatenatingthe differentviews in spaceandtime.
For eachrecordingtime,anumberof n simultaneousreal
viewsof thesceneareobtainedandcanbeusedto recon-
struct even time-varying scenes.When the camerarig
is moved,a sequenceof k imagesis obtainedfor eachof
then cameras.Thus,onemayobtaina2D viewpointsur-
faceof k � n views by simply sweepingthecamerarig
throughoutthescene[16]. For eachtimestep,correspon-
dencesbetweenadjacentcamerason therig aresearched
and fundamentalmatricesare computedbetweenall n
camerason the rig. Ideally, the fundamentalgeometry
shouldbe identical for eachtime step,but dueto slight
vibrationsand torsion of the rod during motion, small
deviationsof the fundamentalgeometryhave to be ac-
countedfor. Additionally, the motion of the rod canbe
trackedby estimatingthepositionof eachcameraon the
rodsimultaneouslybetweenadjacenttimesteps.By con-
catenatingthe cameramotion in time and the different
camerason therod, a 2D viewpoint surfaceis built that
concatenatesall realviews.

2.3 Cameraselfcalibration

The cameratracking as describedabove will generate
a projective reconstructionwith a projective ambiguity.
The fundamentalmatrix is invariant to any projective
skew. This meansthattheprojectionmatricesPj andPi

leadto the samefundamentalmatrix Fj;i asthe projec-
tively skewed projectionmatrices ~Pj and ~Pi [14]. This
propertyposesa problemwhencomputingcamerapro-
jectionmatricesfrom Fundamentalmatrices.Most tech-
niquesfor calibrationof translatingand rotating cam-
erasat �rst estimatethe projective cameramatrices ~Pi

and the positions ~X k of the scenepoints from the im-
agedatawith a Structure-from-Motionapproach,asde-
scribedabove. The estimatedprojection matrices ~Pi

and the reconstructedscenepointsmay be projectively

skewedby anunknown projective transformationH 4� 4.
Thusonly theskewedprojectionmatrices ~Pi = PH4� 4

andtheinverselyskewedscenepoints ~X = H � 1
4� 4X are

estimatedinsteadof the true entities. For uncalibrated
camerasonecannotavoid this skew andselfcalibration
for thegeneralcaseis concernedmainly with estimating
theprojectiveskew matrixH 4� 4 e.g.via theDIAC or the
absolutequadric[29]. All theseapproachesfor selfcal-
ibration of camerasonly usethe imagesof the cameras
themselvesfor thecalibration.

Figure2: Cameraviewpointsandreconstructed3D fea-
ture pointsof the dinosaurandwalls asseenby the 4-
camera-rig.

Furthermorethereexist approachesfor cameracalibra-
tion with somestructuralconstraintson the scene.For
examplean interestingapproachwasrecentlyproposed
by RotherandCarlsson[26] who jointly estimatefunda-
mentalmatricesandhomographiesfrom a moving cam-
erathatobservesthesceneandsomereferenceplanein
the scenesimultaneously. The homographyinducedby
the referenceplanegeneratesconstraintsthat are simi-
lar to a rotationsensorandselfcalibrationcanbe com-
putedlinearily. This approachneedsinformationabout
thescenein contrastto our approachwhich appliescon-
straintsonly to theimagingdevice.
Only a few approachesexist to combineimageanalysis
andexternalrotationinformationfor selfcalibration. In
[28, 4] thecalibrationof rotatingcameraswith constant
intrinsicsandknown rotationwasdiscussed.They use
nonlinearoptimizationto estimatethe cameraparame-
ters.A linearapproachfor anarbitrarily moving camera
wasdevelopedin [10, 9]. Thatapproachis ableto com-
putelinearilyafull cameracalibrationfor arotatingcam-
era and a partial calibrationfor freely moving camera.
More often, calibratedcamerasareusedin conjunction
with rotationsensorsto stabilizesensordrift [22]. Thus,
if externalrotationdatais available it canbe usedwith



advantageto stabilizetracking and to robustly recover
metricreconstructionof thescene.
For our rigid multi-camerasetup,a self calibrationfor
stereocamerasystemsfrom Zissermanand Hartley as
describedin [14] is well suited.This assumesstereoim-
agesfrom different position and thus perfectly �ts our
requirements.
As an examplefor our multi-cameratrackingsystema
mixed-realityapplicationwas developedwherethe in-
terior of the London Museumof Natural History was
scannedwith a 4-camerasystem. 4 cameraswere
mountedin a row on a verticalrod (see�gure 1) andthe
rig wasmoved horizontallyalongpartsof the entrance
hall while scanningthe hallways,stairs,anda large di-
nosaursceleton. While moving, imageswere taken at
about3 frames/swith all 4 camerassimultaneously. The
cameratrackingwasperformedby 2D-viewpoint mesh-
ing [19] with additionalconsiderationof cameramotion
constraints.Predictionof potentialcameraposeis pos-
sible becausewe know that the camerasare mounted
rigidly on therig. We alsocanexploit thefact thatall 4
camerasgrabimagessimultaneously[16]. Figure1 (left)
shows theportableacquisitionsystemwith 4 camerason
therod and2 synchronizedlaptopsattachedby a digital
�re wire connection.Figure1 (right) givesan overview
of partsof the museumhall with the dinosaursceleton
thatwasscanned.Thecamerarig wasmovedalongside
the sceletonand 80x4 viewpoints were recordedover
the length of the sceleton. Figure 2 displaysthe cam-
era trackingwith the estimated360 cameraviewpoints
aslittle pyramidsandthereconstructed3D featurepoint
cloud obtainedby the SfM method. The outline of the
skeletonandthebackwalls is reconstructedverywell.

3 Depth Estimation

Oncewehaveretrievedthemetriccalibrationof thecam-
eraswecanuseimagecorrespondencetechniquesto esti-
matescenedepth.Werely onstereomatchingtechniques
thatweredevelopedfor denseandreliablematchingbe-
tweenadjacentviews. Thesmallbaselineparadigmsuf-
�ces heresincewe usea ratherdensesamplingof view-
points.

3.1 Stereoscopicdisparity estimation

Densestereoreconstructionhas been investigatedfor
decadesbut still posesa challengingresearchproblem.
This is becausewe have to rely on imagemeasurements
aloneand still want to reconstructsmall details(needs
smallmeasurementwindow) with high reliability (needs
largemeasurementwindow). Traditionally, pairwiserec-
ti�ed stereoimageswereanalysedexploiting somecon-
straintsalong the epipolarline as in [11, 23, 15]. Re-
cently, generalizedapproacheswereintroducedthatcan
handlemultiple images,varying windows etc.[27, 20].
Also, realtimestereoimageanalysishasbecomealmosta

realitywith theexploitationof thenew generationof very
fastprogrammablegraphicalprocessingunits for image
analysis[30]. We arecurrentlyusinga hybrid approach
that needsrecti�ed stereopairs but can be extendedto
multiview depthprocessing.
For densecorrespondencematchingan area-baseddis-
parity estimatoris employed on recti�ed images. The
matchersearchesat eachpixel in one imagefor max-
imum normalizedcrosscorrelationin the other image
by shifting a small measurementwindow (typuical ker-
nel size 5x5) along the correspondingscanline. Dy-
namicprogrammingis usedto evaluateextendedimage
neighborhoodrelationshipsanda pyramidal estimation
schemeallows to reliably dealwith very large disparity
ranges[6].

3.2 Multi-camera depth map fusion

For a single-pairdisparitymap,objectocclusionsalong
the epipolarline cannotbe resolved andunde�ned im-
ageregions(occlusionshadows)remain.Oneshouldno-
tice occludedregionsarepartially detectedby theorder-
ing constraintin the pyramidal dynamicprogramming
approach.They can be �lled with multi-imagedispar-
ity estimation. The geometryof the viewpoint meshis
especiallysuitedfor further improvementwith a multi
viewpoint re�nement[17]. For eachviewpointanumber
of adjacentviewpointsexist that allow correspondence
matching.Sincethedifferentviewsarerathersimilarwe
will observe every objectpoint in many nearbyimages.
Thisredundancy canalsobeexploitedto verify thedepth
estimationfor eachobjectpointbyaconsistency test,and
to re�ne thedepthvaluesto higherprecision.

Figure3: Original image(top left) anddepthmapscom-
putedfrom the Dino sequence.Top right: Depth map
from single image pair, vertically recti�ed (light=far,
dark=near, black=unde�ned). Bottom left: 1D sequen-
tial depthfusion from 4 vertically adjacentviews. Bot-
tomright: Depthfusionfrom 8-neighbourhood.



We can further exploit the imaging geometryof the
multi-camerarig to fusethedepthmapsfrom neighbor-
ing imagesinto adenseandconsistentsingledepthmap.
For eachrealview, wecancomputeseveralpairwisedis-
parity mapsfrom adjacentviews in the viewpoint sur-
face. The topology of the viewpoint meshwas estab-
lishedduringcameratrackingasdescribedin section2.2.
Sincewe have a 2D connectivity betweenviews in hori-
zontal,vertical,andevendiagonaldirections,theepipo-
lar lines overlap in all possibledirections. Hence,oc-
clusionshadowsleft unde�nedfrom single-pairdisparity
mapsare�lled from otherview pointsanda potentially
100% densedisparitymapis generated.
Additionally, each3D scenepoint is seenmany times
from differentviewingdirections.Thisallowsto robustly
verify its 3D position.For a singleimagepoint in a par-
ticular real view, all correspondingimagepointsof the
adjacentviewsarecomputed.After triangulatingall cor-
respondingpairs,thebest3D point positioncanbecom-
putedby robuststatisticsandoutlier detection,eliminat-
ing falsedepthvalueson the costof slightly lessdense
depthmaps [17]. Thus,reliableanddensedepthmaps
aregeneratedfrom thecamerarig.

cam 1
shot n

cam 0
shot n-1

cam 1
shot n-1

cam 2
shot n-1

shot n+1

cam 1
shot n+1

cam 2
shot n+1

cam 0
shot n+2

cam 1
shot n+2

cam 2
shot n+2

cam 0

shot n-1
cam 3

shot n+1
cam 3 cam 3

shot n+2

Figure4: Linking schemeof multi stereofusion for 8-
neighborhood.Four temporalsynchronizedshots(ver-
tical) of the multi-camerarig are linked to their spatial
horizontalanddiagonalneighbors.

As an example,the Dinosaurscenewas evaluatedand
depth maps were generatedwith different neighbour-
hoods. Figure3 shows an original image(top left) and
thecorrespondingdepthmapsfor varyingnumberof im-
agestaken into consideration.The depthmapsbecome
denserandmoreaccurateasmoreandmoreneighboring
imagesareevaluated.A singleraw disparityestimation
of averticalstereoimagepair resultsin a �ll rateof only
63.2% dueto theextremelyhigh amountof occlusions
(�gure 3, top right). Exploiting the 2-neighborhood,
known astrifocal stereo,improvesthedensityto 73.0%
but is still insuf�cent (�gure 3, bottomleft). For images
in an8-neighbourhoodasshown in �gure 4, the �ll rate

of 95.5%(�gure 3, bottomright) is verydense.However,
someoutliers(white streaks)canbeobservedwhich are
dueto the repetitive structuresof the ribs. Theseerrors
mustbeeliminatedusingprior sceneknowledgesincewe
know that the sceneis of �nal extent. A boundingbox
can be allocatedthat effectively eliminatesmost gross
outliers.

4 Image-BasedRendering

The calibratedviews and the preprocesseddepthmaps
areusedasinput to the image-basedinteractive render-
ing engine.Theusercontrolsavirtual camerawhichren-
dersthescenefrom novel viewpoints.Thenovel view is
interpolatedfrom the set of real calibratedcameraim-
agesandtheir associateddepthmaps.During rendering
it mustbedecidedwhichcameraimagesarebestsuitedto
interpolatethenovel view, how to compensatefor depth
changesandhow to blendthe texture from thedifferent
images.For largeandcomplex sceneshundredsor even
thousandsof imageshave to beprocessed.All theseop-
erationsmustbeperformedat interactive frameratesof
10 fps or more.
We have to addressthe following issuesfor interactive
rendering:

� Creatinglocalmodels,

� Selectionof bestrealcameraviews,

� Multiview depthfusion,

4.1 CreatingQuads

In [5] we proposedto createa view-dependentmeshas
warping surface. This connectsforegroundand back-
groundandleadsto distortions. To avoid this topology
thesurfacestructureof thesceneis approximatedby aset
of quadrilateralswithout connectivity. A local 3D repre-
sentationfor eachdepthmap is createdof�ine with an
adaptivequadtreeandstoredasvertex arrayfor ef�cient
rendering.
Startingwith a given sizes0, the depthmapis devided
into tiles of thesizes0 � s0. For eachtile, a quadin 3D
spaceis createdandevaluatedfor its quality to approx-
imatethis part of thescene.Threedifferentaspectsare
checked andif onecriterion fails, the tile is subdivided
andre�ned with si +1 = si

2 recursively. Thethreecriteri-
ons,normals,aspectratioandorientationof thequadare
explainedin detail,now.

Normals For all four cornersandthecenterof thetile
corresponding3D pointsarecalculatedby backprojec-
tion with the projectionmatrix giving the directionand
thepixelsvaluefrom thedepthmapgiving thedistance.
These5 points form four triangles,as shown in �gure
5. For eachtrianglethe planenormal is calculatedand
differencesanglesare computedbetweeneachpair of
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Figure5: Five pointsq0� 4 arecalculatedfor eachquad
resultingin 4 triangles.Evaluationis doneusingangles
betweennormals,ratio of diagonalsandanglebetween
meannormalandline-of-sight.

normals. If noneof thesedifferencesanglesexceedsa
given threshold,the four cornersare assumedto be in
oneplane.Otherwisethequadis rejectedandthetile has
to bere�ned.

AspectRatio Theratioof thediagonalsof thequadcan
beusedasquality indication,too. If therationexceedsa
giventhreshold(typically 2.0),thismeansthatoneof the
four cornersdoesnot sharea depthlevel with any other
corner. Therenderedquadwould bedistorted,therefore
it is rejectedandhasto bere�ned.

Orientation If a quad passedboth previous tests, a
meannormal is calculatedfrom the four normalsand
comparedto the line-of-sight from the real camerato
the centerof the quad. If the angleexceeds80 degree,
the quad is assumedto connectforegroundand back-
ground,which would result in artefactsasdescribedin
[5]. Thereforthequadis rejectedandhasto bere�ned.
The recursive re�nement terminateswhenthe sizeof a
tile si reaches2. For a quadfrom sucha small tile, only
theaspectratioandthesurfacenormalis checked.If any
of thesetestsfails, thequadis rejected.
Figure6 shows animageof a syntheticsceneconsisting
of a planar�oor , a nearlyplanarbackgroundandanoc-
cludingobject. Thewire-framemodeldemonstratesthe
tessalation.Whereever possible,large quadsare used
to approximatethegeometry. Only theregionswith dis-
continuitiesin deptharoundthe archare sampledvery
densely.

4.2 Camera ranking and selection

For eachnovel view to render, it mustbedecidedwhich
realcamerasto use.Severalcriteriaarerelevantfor this
decision.We have developeda rankingcriterion for or-
deringtherealcamerasw.r.t. thecurrentvirtual view[5].
The criterion is basedon the normalizeddistancebe-
tweenrealandvirtual camera,theviewinganglebetween
theoptical axesof thecamerasandthevisibility, which
givesa measureof how muchof the real scenecanbe
transferedto thevirtual view.

Figure 6: This syntheticscenedemonstratesthe adap-
tive re�nement. Planarregionesaresampledwith large
quads,while regionswith highcurvatureordepthdiscon-
tinuities areapproximatedwith smallerquads. Overall
6382quadsaregenerated.

All threecriteria are weightedand combinedinto one
scalarvaluewhich representsthe ability of a particular
real camerato synthesizethe new view. After calculat-
ing thequality of eachcamera,the list of valid cameras
is sortedaccordingto quality. During renderingit is �-
nally decidedhow many of the bestsuitedcamerasare
selectedfor view interpolation.

4.3 Renderingand Texturing Quads

Fromnow on,the�rst Ncamrankedcamerasaretraversed
and for eachof them the set of quadsshould be ren-
deredwith the original imageasprojective texture. To
avoid explicit calculationof texture coordinates,auto-
matictexturecoordinategenerationis used.Thisreduces
theamountof datato transfersigni�cantly.
Thereforethe original imageof the real view hasto be
boundas current texture in OpenGL.Using automatic
texturecoordinategenerationensuresthatcorrecttexture
coordinatesfor eachvertex aregeneratedfrom thevertex
itself. The vertex coordinateis multiplied with the cur-
rent texturematrix andtheresultis taken to addressthe
texture:

x tex = PtexX

This is equivalentto equation (1). The only difference
is, that P mapsall points into imagecoordinatesfrom
(0; 0)T up to (xmax; ymax)T andtexturecoordinateshave
to bebetween(0; 0)T and(1; 1)T . It suf�ces to decom-
poseP into t; R; K with

K =

0

@
f x s cx

0 f y cy

0 0 1

1

A

andadaptit to
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B
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f x
x max

s
ymax
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x max

0 f y
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cy

ymax

0 0 1

1

C
A

thenPtex is

Ptex = K tex[RT j � RT C]: (5)



SettingPtex the currenttexture matrix resultsin homo-
geneoustexture coordinatesgeneratedon-the-�y. This
mapsthecurrenttextureprojectively ontothequads.
Drawing all precalculatedquadsis �nally doneby send-
ing the vertex array correspondingto the current real
camerato theGL-pipeline.

5 Experiments

Themain target for ImageBaseRenderingis to useim-
agesfrom real camerasfor view generation.To testour
approachweselectedascenewith ahighcomplexity and
lots of occlusions.The “Dinosaur” sequencewastaken
in the entrancehall of the NationalHistory Museumin
London,�gure 1 givesanoverview of thehall. With four
camerasatransversalscanalongsidetheskeletonof adi-
nosaurwasrecorded.Dueto dif�cult lighting conditions,
a tripod with dolly wasusedto avoid motion blur. The
positionsand orientationsof all camerasand the point
cloudfrom thecalibrationis shown in �gure 2.

Figure7: Adaptive re�nement for oneview of the dino
with 60000quads.

Thissceneis dividedinto two distinctlayersof depth:the
backgroundwith archwaysandwindowsandtheskeleton
occludingpartsof thebackground.View-adaptivemesh-
ing as in [5] createsone single meshconnectingfore-
groundand backgroundgiving distortions. This mesh
andthereforethesedistortionschangewhile moving the

Figure8: Synthesizedview renderedwith quadsfrom 3
cameras.

virtual camerabecausethereis no frame-to-framecoher-
ence.Usingourquadbasedapproach,theresolutionand
quality of the reconstructionrelieson the quality of the
depthmapsmainly. Finegrainedstructureslikerib bones
aremodeledanddistortionsareavoidedbecausethevis-
ible backgroundbetweenthe bonesis not connectedto
the foreground. A frame-to-framecoherenceis given
whenactivatingmorethenonecamera,becausetypically
movementsonly let onecamerabeingreplacedby anew
oneandtwo or threeothercamerasremainthesame.
As shown in �gure 7, thestructureof thescenerequires
muchmorere�nementsasthesyntheticcastlescene,but
someregionscanbe approximatedwith largerquadsas
well. Typically 60,000quadsperimagearecreated.
Figure8 showsavirtual view renderedfrom 3 realviews.
Problemsarisefrom regionsin thedepthmapswherethe
depthestimationfailed. During the rendering,thesere-
gionshaveto be�lled from othercamerasor they remain
black. Activating moreandmorecamerasleadsto an-
otherproblem.Miss-matchesin thedepthestimationre-
sult in miss-locatedquads.Themorecamerasareactive,
themoremisplacedquadsdisturbthe rendering.Filter-
ing the depthmapscould reducetheseartefactssigni�-
cantly, but smallobjectswould beremovedalso.

6 Conclusions

We have discussedan approachto rendernovel views
from large setsof real images. The imagesare cali-
bratedautomaticallyanddensedepthmapsarecomputed
from the calibratedviews using multi-view con�gura-
tions. Thesevisual-geometricrepresentationsare then
usedto synthesizenovel viewpointsby interpolatingim-
agetexturesfrom nearbyrealviews. An adaptive re�ne-
mentcreateslocal staticmodelsusingquads.Selecting
andrenderingseveral local modelsassemblesthe novel
view. This techniquecanhandleoccludedregionsand
large amountsof real viewpoints at interactive render-
ing ratesof 10 fps andmore. In contrastto our method
proposedin [5], thisnew approachreduceswarpingarte-
factsfor amoving virtual cameraanddoesnot imply any
topologybetweenlayersor objects.
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