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Abstract

This contribution dealswith scenereconstructiorirom a
hand-heldmulti-camerarig. We addresspeci cally the
problemsthatareassociatedvith calibrationandvisual-
geometricreconstructiorof complex sceneswith occlu-
sions and view-dependensurfaces. The sceneis then
representedy large setsof calibratedreal viewpoints
with imagetextureanddepthmaps.Novel views aresyn-
thesizedfrom this representatiorwith view-dependent
image-basedenderingtechniquestinteractive rates.

1 Intr oduction

3D sceneanalysisis an importanttopic for a variety of
applications. In visual robot guidance fastand precise
geometriaepresentationf thesurroundingervironment
aswell aspreciseself-localisationis crucialfor ef cient
path planning, obstacle avoidance, and collision-free
navigation. Theprecisevisualappearencef thescends
only of secondarymportance.Visual appearences be-
comingimportantin visualserwing[3] wherethegoalis
to positiona vision-guidedrobot suchthatthe obsened
realimagematchesstoredreferencémage.Augmented
and Mixed Reality [2] on the other handis a rapidly
growing eld thataimsat seamlesintegrationof virtual
objectsinto live Im footagewith highestvisual quality,
while the geometricpropertiesare only of importance
to help achieving the primary goal of visual insertion.
Here, precisecameratracking and calibration must be
achievedto avoid objectjitter. While AugmentedReality
is mostly concernedvith realtimevideotrackingof pre-
de ned markersanddirectvisualinsertionof virtual ob-
jectsinto thelive videostreamMix ed Realitygoeseven
further and aims at the intertwining of real and virtual
objectsin a mixed real-virtualspace.Interdependences
of occlusionsshadingandre ections betweerbothreal
and virtual objectshave to be taken into account. No
prede ned markers are usedbut the real sceneitself is
trackedwithout markers.

In this contribution we are concernedwith Mixed Re-
ality in extendedvirtual studio Im 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 the prerecorded

scene. Real actorsthat have beenrecordedin a virtual
studio, and computergeneratedvirtual ojects are then
both memged with the backgroundscenein a seamless
fashion.

In Mix ed Reality applicationst is neccessaryo recon-
structthe3D backgroundceneawith high delity . In case
of simplescenggeometryfew imagesmaysufce to ob-
tain a 3D surfacemodelthat will be texturedfrom the
realimages. Novel views of the scenecanthenbe ren-
deredeasily from the model. Typical examplesare ar-
chitecturalor landscapenodelswith mostly diffuseand
opaquesurfaces. In othercaseshowever, scenegeom-
etry and surfacepropertiesmay be very complex andit
might not be possibleto reconstructhe scenegeometry
in all details.In thiscaseonemayresortto light eld ren-
dering[21] by reconstructinghevisual propertiesof the
surfacere ection. Thisis possibleonly in veryrestricted
ervironmentsbecausea very denseimage samplingis
neededor this approach.We proposea hybrid visual-
geometricmodelingapproachwherea partial geometric
reconstructior{calibrateddepthmaps)is combinedwith
unstructuredumigraphrendering[12] to capturethe vi-
sualappearancef thescene.
Visual-geometriceconstructiomimsat capturingthevi-
sualappearencef acomplex sceneby rst approximat-
ing the geometricscenefeaturesand then superimpos-
ing the precisevisual featuresover the approximation.
Therealscends scannedy oneor morevideoor photo
camerasTheimagedrom thesecamerasretermedreal
views As we may wantto capturecomplex 3D scenes
with occlusionsandpossiblyview-dependensurfacere-
ections, we will needto capturevery mary real view
pointsthat cover the completeviewing space.Therefore
we haveto registerrealviewsthatspanall possibleviews
of aviewing volumeto captureall possiblesceneletails.
Virtual views of the sceneare novel views that areren-
deredby extrapolatingthevisualappearencef thescene
from the mostsimilar realviews. The local geometryof
thesceneasseerfrom arealview is capturedy estimat-
ing a depthmapfor eachview. Parallaxeffectsbetween
realandnovel views arecompensatetbr by warpingthe
real views towardsthe virtual view accordingto the lo-
caldepthmap. Thus,for visual-geometriceconstruction
andrenderinghefollowing threemainstepsareneeded:

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



2. Computelocal depthmapfor eachrealview,

3. Rendernovel views from the reconstructedreal
views.

In the following sectionswe will describethe different
stepsof this hybrid approachin moredetail. In section2
we will explainthecamerarackingandcalibrationstep.
Section3 dealswith densedepthestimationfrom multi-
ple real view points. In Section4 differentmethodsto
rendemovel views arediscussed.

2 Calibration

This work is embeddedn the context of uncalibrated
Structue From Motion (SFM) where cameracalibra-
tion and scenegeometryare recoseredfrom imagesof

the scenealone without the needfor further sceneor

camerainformation. FaugerasandHartley rst demon-
stratedhow to obtainuncalibratedprojective reconstruc-
tionsfrom imagepoint matcheslone[8, 13]. Beardslyg

et al. [1]proposeda schemeo obtainprojectie calibra-
tion and3D structureby robustly trackingsalientfeature
points throughoutan image sequence.Sincethen, re-

searcherbavetriedto nd waysto upgradetheserecon-
structionsto metric (i.e. Euclideanbut unknavn scale,
see[7, 25)).

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

Whenvery long imagesequencebave to be processed
thereis a risk of calibrationfailure dueto several fac-
tors. For one,the calibrationasdescribedabove is built
sequentiallyby addingoneview atatime. This mayre-
sult in accumulatiorerrorsthat introducea biasto the
calibration. Secondlyif a singleimagein the sequence
is not matched the completecalibrationfails. Finally,
sequentialcalibrationdoesnot exploit the speci ¢ im-
ageacquisitionstructureusedin this approacho sample
the viewing sphere. In our visual-geometriapproach,
multiple camerasnay be usedto scana 2D viewing Sur
faceby moving a rigid multi-camerarig throughoutthe
viewing spaceof interest. We have thereforedeveloped

amulti-cameracalibrationalgorithmthatallows to actu-
ally weave therealviews into a connecte®D viewpoint
mesh[18].

2.1 Image pair matching

Theprojectionof scengointsontoanimageby acamera
maybe modeledby the equation

Xx=PX: (8]

The image point in projective coordinatesis x =
x;y;w]", whereX = [X;Y;Z;1]" is theworld point
andP isthe3 4 camergrojectionmatrix. The matrix
P is arank-3matrix. If it canbedecomposeds

P=K[RTj RTt] (2)

wherethe rotationmatrix R andthe translationvectort
representhe Euclidiantransformatiorbetweerthe cam-
eraandthe world coordinatesystem. The intrinsic pa-
rametersof the cameraare containedin the matrix K
whichis anuppertriangularmatrix
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wheref is the focal length of the cameraexpressedn
pixel units. The aspectratio a of the camerais theratio
betweerthe sizeof a pixel in x-directionandthe size of
apixel in y-direction. The principal point of the camera
is (cx; ¢y) ands is a skew parametemwhich modelsthe
anglebetweercolumnsandrows of the CCD-sensar
The relation betweentwo consecutie framesis de-
scribedby thefundamentamatrixif thecameras moved
betweerthesdrames.ThefundamentamatrixFj; maps
pointsfrom camerg to linesin camera. Furthermore
the fundamentalmatrix can be decomposednto a ho-
mographyH;; which mapsover the plane and an
epipolee which is the projectionof the cameraacenter
of camerg in camerd

Fii = [el Hii s (4)

where[ ]x is the crossproductmatrix. The epipoleis
containedn thenull spaceof F: Fi; e= 0.

Fi; canbecomputedobustlywith theRANSAC (RAN-
dom SAmpling Consensusjnethod. A minimum setof
7 featurescorrespondences picked from alargelist of
potentialimage matchesto computea specic F. For
this particularF the supportis computedrom the other
potentialmatches.This procedures repeatedandomly
to obtainthemostlikely Fix with bestsupportin feature
correspondence-romthe F we caninitialize a projec-
tive camergairthatde nesaprojectiveframefor recon-
structionof the correspondingpoint pairs[24].



2.2 Multi-viewpoint matching

Oncewe have obtainedthe projectionmatriceswe can
triangulatethe correspondingmage featuresto obtain
the correspondin@D objectfeatures.The objectpoints
are determinedsuchthat their reprojectionerror in the
imagesis minimized. In additionwe computethe point
uncertaintycovarianceto keeptrackof measuremenin-
certaintiesThe 3D objectpointssene asthememoryfor
consistentameraracking,andit is desirabldo trackthe
projectionof the 3D pointsthroughasmary imagesas
possible. This processs repeatedy addingnew view-
pointsandcorrespondencdbroughouthe sequence.
Although it can be shown that a single camerasuf-
ces to obtain a meshof cameraview points by sim-
ply waving the cameraaroundthe sceneof interestin a
zig-zagscan[19, 18], a more reliable meansis to use
an n-camerarig that simultaneouslycapturesa time-
synchronizedlD sequenceof views. Whenthis rig is
sweptalongthesceneof interestaregular2D viewpoint
surfaceis generatedhat canbe calibratedvery reliably
by concatenatinghe differentviews in spaceandtime.
For eachrecordingtime,anumberof n simultaneouseal
views of thesceneareobtainedandcanbeusedto recon-
struct even time-varying scenes. When the camerarig
is moved,a sequencef k imagess obtainedfor eachof
then camerasThus,onemayobtaina 2D viewpointsur-
faceof k  n views by simply sweepinghe camerarig
throughouthescend16]. For eachtime step,correspon-
dencedetweeradjacentamera®ntherig aresearched
and fundamentalmatricesare computedbetweenall n
cameraon therig. Ideally, the fundamentalgeometry
shouldbe identicalfor eachtime step,but dueto slight
vibrations and torsion of the rod during motion, small
deviations of the fundamentalgeometryhave to be ac-
countedfor. Additionally, the motion of the rod canbe
tracked by estimatingthe positionof eachcameraon the
rod simultaneouslypetweeradjacentime steps By con-
catenatingthe cameramotion in time andthe different
cameran therod, a 2D viewpoint surfaceis built that
concatenateall realviews.

2.3 Cameraselfcalibration

The cameratracking as describedabove will generate
a projective reconstructiorwith a projective ambiguity
The fundamentalmatrix is invariantto ary projective
skew. This meanghatthe projectionmatricesP; andP;
leadto the samefundamentamatrix Fj; asthe projec-
tively skewed projectionmatricesP; andP; [14]. This
propertyposesa problemwhencomputingcamerapro-
jectionmatricesfrom Fundamentamatrices.Most tech-
niquesfor calibration of translatingand rotating cam-
erasat rst estimatethe projective cameramatricesP;
andthe positions X of the scenepoints from the im-
agedatawith a Structure-from-Motiorapproachasde-
scribedabove. The estimatedprojection matrices P;
and the reconstructedgcenepoints may be projectiely

skewed by anunknown projective transformatiorH 4 4.
Thusonly the skewed projectionmatricesP; = PHy4 4
andtheinverselyskewed scenepointsX = H, 1, X are
estimatednsteadof the true entities. For uncalibrated
camera®ne cannotavoid this skew and selfcalibration
for the generalcaseis concernednainly with estimating
theprojectveskew matrixH, 4 e.g.viatheDIAC orthe
absolutequadric[29]. All theseapproachesor selfcal-
ibration of cameraonly usethe imagesof the cameras
themselesfor the calibration.

Figure2: Cameraviewpointsandreconstructe@®D fea-
ture points of the dinosaurand walls as seenby the 4-
camera-rig.

Furthermorethere exist approache$or cameracalibra-
tion with somestructuralconstraintson the scene. For
examplean interestingapproachwasrecentlyproposed
by RotherandCarlssor{26] who jointly estimatefunda-
mentalmatricesandhomographiegrom a moving cam-
erathatobsenesthe sceneandsomereferenceplanein
the scenesimultaneously The homographyinducedby
the referenceplane generatesonstraintsthat are simi-
lar to a rotation sensorand selfcalibrationcanbe com-
putedlinearily. This approachheedsinformationabout
the scenen contrastto our approachwhich appliescon-
straintsonly to theimagingdevice.

Only afew approachesxist to combineimageanalysis
andexternalrotationinformationfor selfcalibration. In
[28, 4] the calibrationof rotatingcameraswith constant
intrinsics and known rotationwas discussed.They use
nonlinearoptimizationto estimatethe cameraparame-
ters. A linearapproachor anarbitrarily moving camera
wasdevelopedin [10, 9]. Thatapproackhs ableto com-
putelinearily afull cameracalibrationfor arotatingcam-
eraand a partial calibrationfor freely moving camera.
More often, calibratedcamerasare usedin conjunction
with rotationsensordo stabilizesensodrift [22]. Thus,
if externalrotationdatais availableit canbe usedwith



adwantageto stabilizetracking and to robustly recover
metricreconstructiorof the scene.

For our rigid multi-camerasetup,a self calibrationfor
stereocamerasystemsfrom Zissermanand Hartley as
describedn [14] is well suited. This assumesteream-
agesfrom different position and thus perfectly ts our
requirements.

As an examplefor our multi-cameratracking systema
mixed-reality applicationwas developedwherethe in-
terior of the London Museumof Natural History was
scannedwith a 4-camerasystem. 4 cameraswere
mountedin arow onaverticalrod (see gure 1) andthe
rig was moved horizontally along partsof the entrance
hall while scanningthe hallways, stairs,and a large di-
nosaursceleton. While moving, imageswere taken at
about3 frames/awith all 4 camerasimultaneouslyThe
camerarackingwasperformedby 2D-viewpoint mesh-
ing [19] with additionalconsideratiorof cameramotion
constraints.Predictionof potentialcameraposeis pos-
sible becausewe know that the camerasare mounted
rigidly ontherig. We alsocanexploit thefactthatall 4
cameragirabimagessimultaneously16]. Figurel (left)
shavs the portableacquisitionsystemwith 4 camerasn
therod and2 synchronizedaptopsattacheddy a digital
re wire connection.Figure 1 (right) givesan overvien
of partsof the museumhall with the dinosaursceleton
thatwasscanned.The camerarig wasmovedalongside
the sceletonand 80x4 viewpoints were recordedover
the length of the sceleton. Figure 2 displaysthe cam-
eratracking with the estimated360 cameraviewpoints
aslittle pyramidsandthereconstructe®D featurepoint
cloud obtainedby the SfM method. The outline of the
skeletonandthe backwalls is reconstructedery well.

3 Depth Estimation

Oncewe haveretrievedthe metriccalibrationof thecam-
eraswe canuseimagecorrespondendechniqueso esti-
matescenalepth.Werely onstereanatchingtechniques
thatweredevelopedfor denseandreliable matchingbe-
tweenadjacenwiews. The smallbaselineparadigmsuf-
ces heresincewe usea ratherdensesamplingof view-
points.

3.1 Stereoscopiadisparity estimation

Densestereoreconstructionhas been investigatedfor
decadeduut still posesa challengingresearchproblem.
This is becausave have to rely onimagemeasurements
aloneand still want to reconstructsmall details (needs
smallmeasurementindow) with high reliability (needs
largemeasurementvindow). Traditionally, pairwiserec-
tied steredmageswereanalysedxploiting somecon-
straintsalong the epipolarline asin [11, 23, 15. Re-
cently, generalizedapproachesvereintroducedthatcan
handlemultiple images,varying windows etc.[27, 20].
Also, realtimesteredmageanalysishasbecomelmosta

realitywith theexploitationof thenew generatiorof very

fastprogrammableraphicalprocessinginits for image
analysig30]. We arecurrentlyusinga hybrid approach
that needsrecti ed stereopairs but canbe extendedto

multiview depthprocessing.

For densecorrespondencenatchingan area-basedlis-

parity estimatoris employed on recti ed images. The

matchersearchesat eachpixel in oneimagefor max-

imum normalizedcrosscorrelationin the otherimage
by shifting a small measuremenwindow (typuical ker-

nel size 5x5) along the correspondingscanline. Dy-

namicprogrammings usedto evaluateextendedimage
neighborhoodelationshipsand a pyramidal estimation
schemaeaallows to reliably dealwith very large disparity
rangeq6].

3.2 Multi-camera depth map fusion

For a single-pairdisparity map, objectocclusionsalong
the epipolarline cannotbe resohed andunde nedim-
ageregions(occlusionshadaevs) remain.Oneshouldno-
tice occludedregionsarepartially detectedby the order
ing constraintin the pyramidal dynamic programming
approach. They canbe lled with multi-image dispar
ity estimation. The geometryof the viewpoint meshis
especiallysuitedfor further improvementwith a multi
viewpointre nement[17]. For eachviewpointanumber
of adjacentviewpoints exist that allow correspondence
matching.Sincethedifferentviews arerathersimilar we
will obsene every objectpointin mary nearbyimages.
Thisredundang canalsobeexploitedto verify thedepth
estimatiorfor eachobjectpointby aconsisteng test,and
to re ne thedepthvaluesto higherprecision.

Figure3: Originalimage(top left) anddepthmapscom-

putedfrom the Dino sequence.Top right: Depth map
from single image pair, vertically recti ed (light=far,

dark=nearblack=unde ned). Bottom left: 1D sequen-
tial depthfusionfrom 4 vertically adjacentviews. Bot-

tomright: Depthfusionfrom 8-neighbourhood.



We can further exploit the imaging geometryof the

multi-camerarig to fusethe depthmapsfrom neighbor

ing imagesinto adenseandconsistensingledepthmap.
For eachrealview, we cancomputeseveral pairwisedis-

parity mapsfrom adjacentviews in the viewpoint sur

face. The topology of the viewpoint meshwas estab-
lishedduringcamerarackingasdescribedn section2.2.

Sincewe have a 2D connectiity betweernviewsin hori-

zontal,vertical,andevendiagonaldirections,the epipo-
lar lines overlapin all possibledirections. Hence,oc-

clusionshadaevs left unde nedfrom single-paidisparity
mapsare lled from otherview pointsanda potentially
100% densddisparitymapis generated.

Additionally, each3D scenepoint is seenmary times
from differentviewing directions.Thisallowsto robustly

verify its 3D position. For a singleimagepointin a par

ticular real view, all correspondingmagepoints of the

adjacenwiews arecomputed After triangulatingall cor-

respondingpairs,the best3D point positioncanbecom-

putedby robuststatisticsandoutlier detection eliminat-
ing falsedepthvalueson the costof slightly lessdense
depthmaps [17]. Thus,reliableanddensedepthmaps
aregeneratedrom the cameraig.

cam 3 cam 3 cam 3
shot n-1 shot n+1 shot n+2
cam 2 cam 2 cam 2
shot n-1 shot n+1 shot n+2
cam 1 cam 1 cam 1
shot n-1 - > shot n+1 shot n+2

cam 1
shotn
cam 0 cam 0
shot n-1 sﬁgmel shot n+2

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

As an example,the Dinosaurscenewas evaluatedand
depth maps were generatedwith different neighbour
hoods. Figure 3 shaws an original image(top left) and
the correspondinglepthmapsfor varyingnumberof im-
agestakeninto consideration.The depthmapsbecome
denselandmoreaccurateasmoreandmoreneighboring
imagesareevaluated.A singleraw disparityestimation
of averticalsteredmagepairresultsin a Il rateof only
63.2% dueto the extremely high amountof occlusions
(gure 3, top right). Exploiting the 2-neighborhood,
known astrifocal stereojmprovesthe densityto 73.0%
but is still insufcent ( gure 3, bottomleft). Forimages
in an8-neighbourhoodsshavnin gure 4,the Il rate

of 95.5%( gure 3, bottomright) is very dense However,

someoutliers(white streaks)canbe obsernedwhich are
dueto the repetitive structuresf theribs. Theseerrors
mustbeeliminatedusingprior sceneknowledgesincewe

know thatthe sceneis of nal extent. A boundingbox
can be allocatedthat effectively eliminatesmost gross
outliers.

4 Image-BasedRendering

The calibratedviews and the preprocessedepthmaps
areusedasinput to theimage-basedhteractive render

ing engine.Theusercontrolsavirtual cameravhichren-
dersthe scendrom novel viewpoints. The novel view is

interpolatedfrom the setof real calibratedcameraim-

agesandtheir associatedlepthmaps. During rendering
it mustbedecidedvhichcameramagesarebestsuitedto

interpolatethe novel view, how to compensatéor depth
changesaindhow to blendthe texture from the different
images.For large and complex scenesundredor even
thousand®f imageshave to be processedAll theseop-
erationsmustbe performedat interactve frameratesof

10fps or more.

We have to addresghe following issuesfor interactive
rendering:

Creatinglocal models,
Selectionof bestrealcameraviews,

Multiview depthfusion,

4.1 Creating Quads

In [5] we proposedo createa view-dependenmeshas
warping surface. This connectsforegroundand back-
groundandleadsto distortions. To avoid this topology
thesurfacestructureof thescends approximatedby aset
of quadrilateralsvithout connectvity. A local 3D repre-
sentationfor eachdepthmapis createdof ine with an
adaptve quadtreeandstoredasvertex arrayfor ef cient

rendering.

Startingwith a givensizesyp, the depthmapis devided
into tiles of thesizesy  sp. For eachtile, aquadin 3D
spaceis createdandevaluatedfor its quality to approx-
imatethis partof the scene.Threedifferentaspectsare
checled andif onecriterion fails, the tile is subdvided
andre ned with sj4+; = %‘ recursvely. Thethreecriteri-
ons,normals aspectatio andorientationof the quadare
explainedin detail,now.

Normals For all four cornersandthe centerof thetile
correspondin@D pointsare calculatedby backprojec-
tion with the projectionmatrix giving the directionand
thepixelsvaluefrom the depthmapgiving the distance.
Theseb points form four triangles,as shovn in gure
5. For eachtrianglethe planenormalis calculatedand
differencesanglesare computedbetweeneach pair of
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Figure5: Five pointsq, 4 arecalculatedfor eachquad
resultingin 4 triangles. Evaluationis doneusingangles
betweennormals,ratio of diagonalsand anglebetween
meannormalandline-of-sight.

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

AspectRatio Theratioof thediagonal®f thequadcan
be usedasquality indication,too. If therationexceedsa
giventhresholdtypically 2.0),this meanghatoneof the
four cornersdoesnot sharea depthlevel with ary other
corner Therenderedquadwould be distorted 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 quadis assumedo connectforegroundand back-
ground,which would resultin artefactsas describedn
[5]. Thereforthe quadis rejectedandhasto bere ned.
The recursve re nementterminatesvhenthe size of a
tile s; reache®. For aquadfrom sucha smalltile, only
theaspectatio andthe surfacenormalis checled. If arny
of thesetestsfails, the quadis rejected.

Figure6 shovs animageof a syntheticsceneconsisting
of a planar oor, a nearlyplanarbackgroundandanoc-
cluding object. The wire-framemodeldemonstratethe
tessalation. Whereever possible,large quadsare used
to approximatehe geometry Only the regionswith dis-
continuitiesin deptharoundthe arch are sampledvery
densely

4.2 Cameraranking and selection

For eachnovel view to render it mustbe decidedwhich
realcamerago use. Severalcriteriaarerelevantfor this
decision. We have developeda rankingcriterion for or-
deringtherealcamerasv.r.t. thecurrentvirtual view[5].
The criterion is basedon the normalizeddistancebe-
tweenrealandvirtual cameratheviewinganglebetween
the optical axesof the camerasandthe visibility, which
givesa measureof how much of the real scenecan be
transferedo thevirtual view.

Figure 6: This syntheticscenedemonstrateshe adap-
tive re nement. Planarregionesare sampledwith large
quadswhile regionswith high curvatureor depthdiscon-
tinuities are approximatedvith smallerquads. Overall
6382quadsaregenerated.

All three criteria are weightedand combinedinto one
scalarvalue which representshe ability of a particular
real camerato synthesizehe new view. After calculat-
ing the quality of eachcamerathelist of valid cameras
is sortedaccordingto quality. During renderingit is -
nally decidedhow mary of the bestsuitedcamerasare
selectedor view interpolation.

4.3 Renderingand Texturing Quads

Fromnow on,the rst N.anrankedcamerasiretraversed
and for eachof them the set of quadsshould be ren-
deredwith the original imageas projectie texture. To
avoid explicit calculationof texture coordinates.auto-
matictexture coordinategenerations used.Thisreduces
theamountof datato transfersigni cantly.
Thereforethe original imageof the real view hasto be
boundas currenttexture in OpenGL.Using automatic
texturecoordinatggeneratiorensureshatcorrecttexture
coordinatedor eachvertex aregeneratedrom the vertex
itself. The vertex coordinateis multiplied with the cur-
renttexture matrix andthe resultis takento addresshe
texture:

Xtex = PrexX

This is equivalentto equation (1). The only difference
is, that P mapsall pointsinto imagecoordinatefrom
(0;0)T upto (Xmax; Ymax) " andtexture coordinateshave
to be between(0;0)" and(1;1)". It sufces to decom-
poseP intot; R; K with

0 1
fx S
K=@o0 f, ¢ A
0O 0 1
andadaptit to
0 fx S Cx !
X max Y max X max
Ke=® 0 = 5 &
0 0 1

thenPye is

Pex = Kix[RTj RTCI: (5)



Setting Py the currenttexture matrix resultsin homo-
geneougexture coordinateggeneratedn-the-y. This
mapsthe currenttexture projectively ontothe quads.
Drawing all precalculatedjuadsis nally doneby send-
ing the vertex array correspondingo the currentreal
camerdo the GL-pipeline.

5 Experiments

The maintargetfor ImageBaseRenderings to useim-

agesfrom real camerador view generation.To testour
approactwe selected scenewith ahigh compleity and
lots of occlusions.The “Dinosaur” sequencevastaken
in the entrancehall of the National History Museumin

London, gure 1 givesanoverview of thehall. With four

cameras trans\ersalscanalongsidehe skeletonof a di-

nosaumasrecorded Dueto dif cult lighting conditions,
a tripod with dolly wasusedto avoid motion blur. The
positionsand orientationsof all camerasand the point
cloudfrom thecalibrationis shovnin gure 2.

Figure7: Adaptive re nementfor oneview of the dino
with 60000quads.

Thisscenads dividedinto two distinctlayersof depth:the
backgroundvith archwaysandwindowsandtheskeleton
occludingpartsof the backgroundView-adaptve mesh-
ing asin [5] createsone single meshconnectingfore-
ground and backgroundgiving distortions. This mesh
andthereforethesedistortionschangewhile moving the

Figure8: Synthesizediiew renderedvith quadsfrom 3
cameras.

virtual camerabecausehereis no frame-to-framesoher
ence.Usingour quadbasedapproachtheresolutionand
quality of the reconstructiorrelieson the quality of the
depthmapsmainly. Finegrainedstructuredik erib bones
aremodeledanddistortionsareavoidedbecauséehevis-
ible backgroundbetweenthe bonesis not connectedo
the foreground. A frame-to-framecoherencds given
whenactivatingmorethenonecamerapecauseypically
movementonly let onecamerabeingreplacedoy anew
oneandtwo or threeothercameragemainthe same.

As shovn in gure 7, thestructureof the scenerequires
muchmorere nementsasthe syntheticcastlesceneput
someregionscanbe approximatedvith larger quadsas
well. Typically 60,000quadsperimagearecreated.
Figure8 shavsavirtual view renderedrom 3 realviews.
Problemsarisefrom regionsin thedepthmapswherethe
depthestimationfailed. During the rendering thesere-
gionshavetobe lled from othercamera®rthey remain
black. Activating more and more cameradeadsto an-
otherproblem.Miss-matchesn the depthestimatiorre-
sultin miss-locatedjuads.Themorecamerasreactie,
the more misplacedquadsdisturbthe 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-geometriaepresentationsre then
usedto synthesizenovel viewpointsby interpolatingim-

agetexturesfrom nearbyrealviews. An adaptve re ne-

mentcreatedocal staticmodelsusingquads. Selecting
andrenderingseveral local modelsassembleshe novel

view. This techniquecan handleoccludedregionsand
large amountsof real viewpoints at interactive render

ing ratesof 10 fps andmore. In contrastto our method
proposedn [5], thisnew approactreducesvarpingarte-
factsfor amoving virtual cameraanddoesnotimply ary

topologybetweerlayersor objects.
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