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ABSTRACT

We proposea systenfor robust modelingand visuali-
sationof comple outdoorscenegrom multi-camea im-
age sequenceandadditionalsensoinformation. A cam-
erarig with oneor more r e-wire cameamsis usedn con-
junction with a 3-axisrotation sensorto robustly obtain
a calibration of the scenewith an uncalibratedstructue
from motionapproach. Densedepthmapsare estimated
with multi-viewpoint stereo and the sceneis visualized
froma plenopticrepresentatiorof thescene

1 INTRODUCTION

This contribution discusses3D scenereconstruction
and visualization from real image streamsthat are
recordedwith a portable,freely moving hand-heldcam-
erarig. Thisapproactallowsto acquire3D scenemodels
from comple real-world scenedor visualrenderingpur-
poses.

We focusourattentionontheacquisitionof longimage
sequence# uncontrolledoutdoorervironments. Here
we face mary problems, since neither the geometric
scenestructurenor the scenesurface propertiesor the
lighting conditionsare known or controllable. In ad-
dition, there may be objectsmoving in the scene,be
it with stochastioor repetitve motion like swaying tree
branchesor systematicmotion like moving peopleor
cars. Finally, when operatingthe cameraby hand, the
motionof the camerarajectoryis oftenjerky, with small
bouncingmovesor sudderrotations.Thereforethecam-
eratracking and calibration must operatevery robustly
andbetolerantto suchproblems.

One approachto cameracalibrationand densescene
reconstructions Structurefrom Motion (SfM) [19]. SfM
tries to modelthe 3D sceneandthe cameramotion ge-
ometricallyand capturescenedetailson polygonal(tri-
angular)surfacemeshes.A limited setof cameraviews
of the sceneis sufcient to reconstructthe 3D scene.
Texture mappingaddsthe necessarydelity for photo-
realisticrenderingof the objectsurface.In thisapproach,
denseand accurate3D depth estimatesare neededfor
realisticimage renderingfrom the textured 3D surface
model. Deviation from the true 3D surfacewill distort
therenderedmages.

Anotherapproachto the problemis plenopticmodel-
ing [17]. Light eld rendering/16] andthelumigraph[7]
approachave receiveda lot of attention,sincethey can
capturethe appearancef a 3D scengfrom imagesonly,

without the explicit useof 3D geometry Thusonemay

be ableto captureobjectswith very complex geometry
thatcannot be modeledotherwise.Basicallyonecaches
views from mary differentdirectionsall aroundthescene
andinterpolatenew views from this large imagecollec-

tion. For realisticrendering,however, very mary views

are neededto avoid interpolationerrorsfor in-between
views.

Theproblemcommonto bothapproacheis theneedo
calibratetheimagesequenceRecentlyit wasproposedo
combineastructurefrom motionapproaciwith plenoptic
modelingto generatdight elds from uncalibratechand-
heldcamerasequencefl3]. Whengeneratindight elds
from a hand-heldcamerasequencepne typically gen-
eratesimageswith a speci ¢ distribution of the camera
viewpoints. Sincewe want to capturethe appearance
of the objectfrom all sides,we will samplethe viewing
spherethusgeneratingamestof view points To fully ex-
ploit hand-heldsequencesye will thereforehave to de-
viatefrom theregularlight eld datastructureandadopta
more e Xible renderingdatastructurebasedn the view-
point mesh.Anotherimportantpointin combiningSFM
andlight eld renderingis the useof scenegeometryfor
imageinterpolation.Thegeometriaeconstructioryields
ageometricapproximatiorof therealscenestructurethat
mightbeinsufcient whenstatictexture mappingis used.
However, view-dependentexture mappingasin [3] will
adaptthetexturedynamicallyto a static,approximate8D
geometry

In the following sectionsve will discusourapproach
to model the type of scenesas describedabore. We
will rst give somebackgroundon the principal Struc-
ture from Motion approachthatis usedto calibratethe
camerasandto obtain3D scenestructure. Thenwe will
discussthe problemsof the approachand how to over-
comesomeof the dif culties. Finally we will give rst
resultsof theapproactwith respecto scenaendering.

2 CAMERA CALIBRATION AND 3D ScCENE RE-
CONSTRUCTION

UncalibratedStructue from Motion is usedto recover
camereacalibrationandscenegeometryfrom imagesof a
static scenealonewithout the needfor further sceneor
camerainformation. Faugerasaand Hartley rst demon-
stratedhow to obtainuncalibratecdprojective reconstruc-
tions from imagepoint matchesalone[5, 8]. Beardslyg
etal. [2] proposedh schemeo obtainprojective calibra-



tion and3D structureby robustly trackingsalientfeature
pointsthroughoutanimagesequenceThis sparseobject
representationutlinestheobjectshapebut doesnotgive
sufcient surfacedetailfor visualreconstructionHighly
realistic 3D surface modelsneeda densedepthrecon-
structionandcannotrely on few featurepointsalone.

In [19] the methodof Beardslg wasextendedin two
directions.Ontheonehandthe projective reconstruction
was updatedto metric evenfor varying internal camera
parameterspn the other handa densestereomatching
technique[4] was appliedbetweentwo selectedmages
of the sequenceo obtaina densedepthmap for a sin-
gle viewpoint. Fromthis depthmapa triangularsurface
wire-frame was constructedand texture mappingfrom
one imagewas appliedto obtainrealistic surface mod-
els. In [12] the approachwasfurther extendedto multi-
viewpoint depthanalysis. The approachcanbe summa-
rizedin 3 steps:

Cameraself-calibrationand metric structureis ob-
tained by robust tracking of salientfeaturepoints
overtheimagesequence,

densecorrespondencmapsare computedbetween
adjacenimagepairsof thesequence,

all correspondencmapsarelinkedtogetheiby mul-
tiple view pointlinking to fusedepthmeasurements
overthesequence.

texturedtriangularsurfacemodelsaregeneratedor
geometricscenereconstructionand for sceneren-
dering.

2.1 Calibration of a meshof viewpoints

Whenverylongimagesequencebkave to be processed
with theapproachdescribedabove, thereis arisk of cal-
ibration failure dueto severalfactors. For one,the cali-
brationis built sequentiallyby addingoneview atatime.
This may resultin accumulatiorerrorsthat introducea
biasto the calibration. Secondlyif a singleimagein the
sequenceés not matched the completecalibrationfails.
Finally, sequentiakalibrationdoesnot exploit the spe-
ci ¢ imageacquisitionstructureusedin this approacho
samplethe viewing sphere.

In [13] a multi-viewpoint calibration algorithm has
beendescribedthat allows to actually weave the view-
pointsequencéto aconnectediewpointmesh.Starting
from imagepairs,correspondingpoint matchesarecom-
putedandthe FundamentaMatrix ~ canbe estimated.

mapsa pointin oneimageof animagepair to its cor-
respondingepipolarline in the otherimage.From one
canderive a projectve cameraandinstantiatea rst set
of 3D featurepoints by triangulatingthe corresponding
imagepoints. The 3D featurepointsaredeterminedsuch
thattheir reprojectionerrorin the imagesis minimized.
The 3D objectpointssene asthe memoryfor consistent
cameratracking,andit is desirableto track the projec-
tion of the 3D pointsthroughas mary imagesas possi-
ble. This procesds repeatedy addingnew viewpoints
andcorrespondencdsom therecordedmagesequence.
Finally constraintsare appliedto the camerago obtain

a metric reconstruction. A detailedaccountof this ap-
proachcanbefoundin [18, 19].

Since we are collecting a large amount of images
from all possibleviewpointsdistributedoverthe viewing
sphere|t is no longerreasonabldéo considera sequen-
tial processinglongthesequencéameindex alone.In-
steadwe considerall imagesof the sequencasimultane-
ouslyandcomputematchesetweerthemin orderto ro-
bustly establishimagerelationshipsbetweenall nearby
images.The simultaneousnatchingcreatesa connected
meshof all nearbycameraviewpointsthatexploitstheac-
tual 2D topologybetweertheviewsratherthanfollowing
the one-dimensionatamergpath(see[13, 14)).

2.2 Depth map estimation

Oncewe have retrieved the metric calibrationof the
camerasve canuseimagecorrespondencechniquedo
estimatescenedepth. We rely on stereomatchingtech-
niguesthatweredevelopedfor denseandreliablematch-
ing betweeradjacenviews. Thesmallbaselingparadigm
sufces here since we use a rather densesampling of
viewpoints,assi the casewhenrecordingsequencewith
videoframerate.

For densecorrespondenamatchinganarea-basedis-
parity estimatoris employed. The matchersearchest
eachpixel in oneimagefor maximumnormalizedcross
correlationin the otherimageby shifting a small mea-
suremenwindow (kernelsize7x7)alongthecorrespond-
ing epipolarline. Dynamicprogrammings usedto eval-
uate extendedimage neighborhoodrelationshipsand a
pyramidalestimationschemeallowsto reliably dealwith
verylargedisparityrangeg4]. Thegeometryof theview-
point meshis especiallysuitedfor furtherimprovement
with a multi viewpointre nement[12]. Eachviewpoint
is matchedwith all adjacentviewpoints and all corre-
spondingmatchesarelinked togetherto form a reliable
depthestimate.Sincethe differentviews arerathersim-
ilar we will obsene every objectpoint in mary nearby
images. This redundang is exploited to improve the
depthestimationfor eachobjectpoint, andto re ne the
depthvaluesto high accurag. This approachcould be
exchangedor novel multi-stereo-approachdike Graph
Cutapproachefl5] or the MaxFlow algorithm[20]. For
arecentreview on sterecalgorithmsseealso[21].

2.3 View-dependentplenoptic rendering from
the modeledscene

After cameracalibrationand stereoscopidepthesti-
mation,we now have a setof calibrateddepthmapsand
associatedolorimagesathand.Thesedatacouldbe uti-
lized to reconstructr 3D surfacemodelof the 3D scene.
However, dueto the possiblyvery comple« scenegeom-
etry with occlusionsand becausef varying surfacere-

ectance,we arenormallynot ableto createhigh delity
surfacemodels.It mayalsonotbepossibleo reconstruct
a globally consistentmodel due to systematicerrorsin
calibration. Thereforewe have to relaxthevery strict re-
quirementof obtaininga globally consistenimodel, but
we canstill hopeto recoveralocally consistenmodel. A
modelis locally consistentf we cancomputeanapprox-
imatemodelfrom thedepthmapsof few nearbycameras



andrendeviews of thescendhatlook similarto theorig-
inal views from nearbyview points. In fact, rendering
from a locally consistentmodelis equivalentto image-
basedrenderingwith depth-compensatdthageinterpo-
lation. We selecthenearesbriginal views andaccording
depthmapsto rendemovel views by imagewarping. This
approachs called plenopticrenderingsincewe recover
novel views by renderingfrom the plenopticfunction of
all possibleview pointsof thescene.

Onepossiblemethodfor plenopticrenderingis light-
eld renderin§l6]. To createa ligh eld modelfor real
scenesa large numberof views from mary differentan-
glesaretaken. Eachview canbe consideredas a bun-
dle of light rayspassinghroughthe optical centerof the
camera.Thesetof all views containsa discretesampling
of light rayswith accordingcolor valuesand hencewe
getdiscretesamplesof the plenopticfunction. The light
rayswhich arenotrepresentetiave to beinterpolated.

Torenderanew view we supposé¢o haveavirtual cam-
erapointing towardsthe scene. For eachpixel we can
determinehe positionof the correspondingirtual view-
ing ray. The nearera recordedray is to this virtual ray
thegreateris its supporto its colorvalue.Sothegeneral
taskof renderingviews from a collectionof imageswill
be to determinethoseviewing rayswhich are nearesto
the virtual oneandto interpolatebetweerthemdepend-
ing on their proximity.

Direct linear interpolationbetweerthe viewpointsin-
troducesa blurredimagewith ghostingartifacts. In re-
ality we will always have to choosebetweenhigh den-
sity of storedviewing rays with high datavolume and
high delity, or low densitywith poorimagequality. If
we know an approximationof the scenegeometryfrom
local depthmaps,the renderingresultcanbe improved
by an appropriatedepth-dependentarping of the near
estviewing raysasdescribedn [7].

Having a sequencef imagestaken with a hand-held
camerajn generakhe camergpositionsarenot placedat
the grid points of the viewpoint plane. We have solved
the problemsdescribedn thelastsectionby relaxingthe
restrictionsimposedby the regular light eld structure,
andwe will renderviews directly from the calibratedse-
guenceof recordedmagesusinglocal depthmaps.With-
outloosingperformanceve candirectly maptheoriginal
imagesonto a surfaceviewed by a virtual camerawith
projective texture mappingthatis supportedoy graphics
hardware.

Following thelight eld approachye have to interpo-
late betweenneighboringviews to constructa speci c
virtual view. Consideringthe factmentionedabove that
the nearestaysgive the bestsupportto the color valueof
a givenray, we concludethatthoseviews give the most
supportto the color valueof a particularpixel whosepro-
jection centeris closestto the viewing ray of this pixel.
This is equivalentto the fact that thosereal views give
the mostsupportto a speci ed pixel of the virtual view
whoseprojectedcameracentersarecloseto its imageco-
ordinate.We restrictthesupporto thenearesthreecam-
eras(seegure 1). Todeterminghesehreeneighborave
projectall cameracentersnto the virtual imageandper

Figure 1: Drawing trianglesof neighboringprojected
cameracentersand approximatingscenegeometryby
oneplanefor thewhole sceneor for onecamerdriple.

form a 2—D triangulation. Thenthe neighboringcameras
of a pixel are determinedby the cornersof the triangle
which this pixel belongsto. Thetexture of suchatrian-
gle— andconsequenthapartof thereconstructedimage
— isdrawn asaweightedsumof threetexturedtriangles.

Theresultscanbefurtherimprovedby considerindo-
cal depthmaps. Spendingmoretime for eachview, we
can calculatethe approximatingplane of geometryfor
eachtrianglein dependencen the actualview. As the
approximationis not donefor the whole scenebut just
for thatpartof theimagewhichis seerthroughtheactual
triangle, we don't needa consistent3-D model but we
canusethelocal depthmaps. For moredetailswe refer
to [10].

3 IMPROVING
SCENES

Theapproactasoutlinedaboreis highly dependentn
the input scene sincethe calibrationand cameratrack-
ing relies on obsenable image features. Becausethe
ervironmentof comple< outdoorsequencesan not be
controlled,all possibleparametechangedik e changing
light, directionalsurfacere ectance moving objects,and
the lack or ahundanceof surfacetexture may in uence
theestimationcausingn generathealgorithmsto benot
very robust. Also, for generalhand-heldcamerasthere
maybealot of unsteadynovementcausedy thebounc-
ing of the handandby rotationof the camera.We have
investigateddifferent modalitiesto increasethe robust-
nessof the calibrationwith respectto thesemodalities.
Currently we have focusedon two approachespamely
using stereoscopior multi-camerarigs, and on the use
of additionalrotationalinformation,acquiredby a 3-axis
rotationsensor

3.1 Structure and motion estimation with a
moving multi-camera rig
We employ a rig with two or more digital re-wire
cameraghat are mountedonto a pole. The position of
the camerasn the pole can be changedtreely accord-
ing to therequirementsf thescene Typically we mount

ROBUSTNESS FOR COMPLEX



Figure2: Left: Originalimagesl, 25,50, 75, 100 of up-
per cameraof stereorig. Right: Depthmapsfor theim-
agedto theleft (dark=neaylight=far, black=unde ned).

the camera®neabove eachotherin 30-50cm distance,
looking towardsthe scene.We do not needto calibrate
the rig beforehandsinceall calibrationwill be doneau-
tomatically from the sequence We canalsochangethe
relative camergpositionsduringthe shootingif needed.

The advantageof usinga multi-camerarig is twofold.
For onewe have,ateachtimeinstanttwo or moreimages
of the scenetaken from differentview-points, which by
de nition is now static(not-moving). Henceoneimpor-
tant prerequesitef the SfM approachis ful lled. This
holds even if we changethe relative poseof the cam-
erason the pole during imageacquisition. We alsocan
guaranteghatthereis alwayssufcient basdine distance
betweenthe camerasn orderto reconstruciocal depth
information. Secondly we automaticallygeneratea 2D
viewpoint meshof the scenelf we move the camerarig
horizontallythroughthe scenewhile the differentcam-
erasaremountedvertically abose eachother Eachcam-
eragenerates horizontaltrack in time, while for each

time instanta rigid vertical track is formed by the cam-
eras. This constructiomallows very robust estimationof
theviewpointmeshif atleasttwo camerasretracked.

3.1.1 Scenanodelingwith moving steeorig

To testthe approachwe acquireda stereoscopiém-
agesequencef aparkinglot. The scendtself contained
trees, bushes,streetand parking lot with somecarsat
variousdistancesandbuildingsin the background.The
imageswere taken by two digital FireWire camerasof
size 1024x768with 45 degreeopeningangle,that were
grabbeddirectly to a laptopwith about3 fps. The cam-
erasweremountedvertically on apoleabout35cmapart
and moved horizontally sidevays by handfor about30
m. Eachcameraook 100imagesgachabout30cmapart
horizontally Thedepthextendof thescenevasfrom2 m
to about80 m for thebackgroundSomeexampleimages
for thesceneareshovnin gure 2.

The calibrationwasableto trackthe camerasequence
with high accurag. About 90003D scendeaturepoints
weregeneratedrom the 200images.Each3D pointwas
visible in 8.2 imagesat average with an averagerepro-
jectionerrorof 0.23 pixel. The estimatedscaledcamera
trajectorywasaccurateo about1% positionalerror. Fig-
ure 3 shaws differentviews of the 3D featurepointsand
thecamerarajectory

From the camerasdensedepthmapswere computed
with an average llrate of 76% and an averagerelative
deptherrorof 0.45%in therangeof 1 m to 80 m distance.
Theresultingscaleddepthmapsareshavnin gure 2.

Sofarwe could obtainonly preliminaryrenderingre-
sultsin gure 4. The completecompositescenewasren-
deredby the superpositiorof 5 partialreconstructionsf
5 depthmap,anda closeupview shavs a geometricre-
constructiorof the scenedfrom a middleview. Sofar, no
plenopticrenderingwvasperformed.

3.2 Exploiting additional orientation data

The systemdescribedabove is alreadyvery robustto
scenefeaturechanges.Yet thereis anotherproblemre-
latedto the imageacquisition. The SfM approacmeeds
initial imagefeaturecorrespondence® computethe F-
Matrix. Becausenitially we do not know the epipo-
lar constraint,we must allow possiblecorrespondence
matchesover a large searchrangein the image. If the
rig would be moving with a pure translationonly, then
the searchrangewould be affectedby the displacement
of the cameracenterandthe scenedepthonly. This lim-
its the possiblesearchrangesincethe cameramotionbe-
tweentwo framesis typically small. If, ontheotherhand,
the camerais rotatedarbitrarily by walking or shaking
of the hand,a very large displacemenof corresponding
imagefeaturess possible. This displacements caused
by a2D homogray andno relevantdepthinformationis
containedin it. Whenthe rotationandthe intrinsic cal-
ibrationis known thenwe canundothe rotation by the
properinversehomogray and stabilizethe image pair.
To further improve the performanceof the above men-
tionedtechniquesve areinvestigatingo userotationin-
formationfrom anexternalsensor



Figure 3: Perspectie views of 3D featurepoints. One
may note the feature positions where cars, trees and
bushesare. Eachcameraposition is depictedas little
pyramid. Top: Frontview of tracked 3D featurepoints
(coloredwith scenecolor) andthe stereocameratrajec-
tory (similar view to Fig. 4, Top). Middle: Side view
of scene.Bottom: Top view of scenepointsandcamera
tracks.

3.2.1 Sensorfusion of orientation sensorand
image data

Onepracticalissuearisingfrom orientationsensoifu-
sion is the synchronizatiorof sensorreadingswith the
camerashuttertime. Thesensodataandcameraacquisi-
tion needto bealignedin time. To align camerasandro-
tation sensorave usea precalibratiorstepwith the cam-

Figure4: Renderediiews of the sceneTop andMiddle:
Novelview renderedrom ascenecomposedrom 5 view
points by direct mappingfrom raw depthmaps. White
spotsindicate missingimage datawhere no depthwas
available.Bottom: Closeupview from 3D surfacemodel
with depthinterpolation.

erarotatingaboutits optical center In this casewe will
aligntherotationsensomwith the cameraby usingthe ho-
mography  from the camerarotation betweentime
and . We canthencompareherotationinformation
of the sensorwith the estimatedrotation of the camera
andalignbothin time suchthattherotationsignaturenas
maximumcorrelation.

For a rotating camerawith x ed internal parameters
andthereforex ed we no notneedto calibratethein-
ternalcamergparameterso computethe cameraotation
by

1)
In thiscasethehomography betweenwo viewsis for
constant aconjugated rotationmatrix  if  isthe
rotationmatrix which ful lls (1). It is known [9] thatthe

IMatrices and areconjugatedf for somematrix

C.



rotation matrix have the same

eigervalues

and homography

sincea conjugatedmatrix hasthe same
eigervectorsasthematrix .Theestimatechomography

betweerviews and is only determinecup to
scale . Thereforewe have to dealwith the eigerval-
uesof a scaledmatrix . Theeigervaluesof ascaled
matrix arealsoscalecby [9]

with R

For this casein [11] a similarity measurdor homogra-
phies over arbitrary planes is associatedvith the
vectorscontainingthe eigervaluesin descendingabso-
lute valueorder(eigervaluevectors)

)

where isavectornorm. It measuretheparallelismof
the eigervaluevectorsof rotationmatrix ~ andhomog-
raphy . Forrealvaluedeigervalues,Eq. (2) provides
the cosineof the anglebetweerthe two vectors.For ho-
mograhies  whicharemappingvia theplaneatin n-
ity the eigervaluesare not real valued. The eigervalues
of arotationmatrix  or of the resultinghomography
arecomplex anda permutatiorof

®3)

and have absolutevalue [6]. The eigervector corre-
spondingto eigervalue is the rotationaxis for the ro-
tion with angle  in 3D space Onecanobsenethatthe
eigervaluevectoris afunction of

(4)

This function hasthe sameproblemsfor inversionasthe
cosinehas. Furthertheunknonvn scale  of thehomog-
raphy is the absolutevalue of eachcomponentof
the eigervector For this reasonwe devise a different
matchingcriterion from eigervalue vector At rst we
have to eliminatethe unknowvn scale  from the eigen-
values.Thescale is givenby thenormof anarbitrary
componenbf the eigervaluevector

5)
After normalizationwe computethe angle form
thenormalizedeigervaluevector

(6)
Thenwe measureghedistanceébetweertherotationangle

from  andtherotationangle from
by
7

Thissimilarity measurés equivalentto (2) butin thecase
of noiseit is morerobustbecausef theaveragedangle.
Eq. (7) measureshe similarity of the rotationsgiven
by a rotation matrix and a homographymatrix which
mapsovertheplaneatin nity . To estimatehetime-shift
betweenthe tracker andthe camerawe estimatethe
camerahomographies andwe calculatethe rotation
of the sensar Thenwe evaluatethe criterion (7) for a
giventime-shiftfor eachcameraand sumup the errors.
This leadsto a similarity measurement

(8)

betweena sequenceof orientationinformation and a
camerasequence.The minimum of this criterionis the
searchedime-shift

The criterion hasthe problemthat the samerotation
angleaboutdifferentrotationaxis is a minimum of cri-
terion, too. The singularitiesof the similarity measures
(2) and(8) usuallydo not disturb the matchingprocess
becausehe sequencef differentrotationscompensates
thesingularities.

3.2.2 Experimentatesultsfor alignment

In this sectionthe above mentionedechniquewill be
evaluatedwith real data. We usea tracker andthreeex-
ternally synchronizeccamerasmountedon a pole. The
tracker deliversupdatedotationdataevery 8 msandthe
camerasareexternally synchronizedThereforeall cam-
erashave the samedelayin time to the rotation sensor
Furthermorethe tracker datais receved later than the
synchronizatiorsignalis sentto the cameras.In g. 5
theestimatedielayin time of eachcamerao the orienta-
tion sensotinformationis markedby a verticalline. Best
rotationalignmentbetweerthetracker andall threecam-
eraswasobtainedfor a tracker delaybetweer62 and78
ms, which is within the time resolutionof the rotation
tracker.

camerg 1
camerd|2 -
camera|3

error
o
©
S

-100 -50 0 50 100
delay [ms]

Figure5: Measurecerror(7) for time delayfor threesyn-
chronizedcamerado orientationsensor The estimated
timedelay from criterion (8)is marked by a vertical
line.

With the delayat hand,we cansynchronizehetracker
datawith the cameraacquisitionandstabilizethe image
sequencev.r.t. the rotationalcomponent. Furthertests
have to shav theimpactof the stabilizationontothe cal-
ibrationresults.



4 CONCLUSIONS

We have presente@napproacho modelcomple out-
door scenedrom imagesof anuncalibratedfreely mov-
ing camerarig. Theunderlyingapproactis uncalibrated
structurefrom motion for cameratracking, densemulti-
view sterecfor depthmapreconstructionand plenoptic
renderingfor novel view synthesisOur focusin this pa-
per hasbeento improve the robustnesshy meansof a
stereaccameraandanadditionalrotationsensar Sincewe
describework in progressnot all modalitiescouldbein-
tegrated,and not all advantagesf the systemcould be
explored. The use of a binocular stereoheadhasim-
proved cameratracking stability very much and at the
sametime will allow plenopticrenderingfor in-between
views. Sofar, therigid transformatiorbetweerthe cam-
erasof the sterecheadhasnot beenexploitedandwe ex-
pecteven betterperformancenere. The extensionof the
rig to wider baselinebetweenthe views andto a multi-
camerasystenis our currentfocus. Therotationhasbeen
synchronizedwith the image acquisition,and the rota-
tion datawill be integratedto reducethe featuresearch
rangeandto facilitatethe calibration. Furtherinvestiga-
tions will exploit the space-timesequenceo allow also
moving objectsin the scene Anotherimportantbut open
issueis therenderingof novel views of thescendrom all
availabledata,evenin the presencef strongocclusions.
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