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ABSTRACT

We proposea systemfor robustmodelingandvisuali-
sationof complex outdoorscenesfrommulti-camera im-
agesequencesandadditionalsensorinformation.A cam-
era rig with oneor more�r e-wirecamerasis usedin con-
junction with a 3-axisrotation sensorto robustlyobtain
a calibration of thescenewith an uncalibratedstructure
frommotionapproach. Densedepthmapsare estimated
with multi-viewpoint stereo and the sceneis visualized
froma plenopticrepresentationof thescene.

1 I NTRODUCTI ON

This contribution discusses3D scenereconstruction
and visualization from real image streams that are
recordedwith a portable,freely moving hand-heldcam-
erarig. Thisapproachallowsto acquire3D scenemodels
from complex real-world scenesfor visualrenderingpur-
poses.

Wefocusourattentionontheacquisitionof longimage
sequencesin uncontrolledoutdoorenvironments. Here
we face many problems, since neither the geometric
scenestructurenor the scenesurfacepropertiesor the
lighting conditionsare known or controllable. In ad-
dition, there may be objectsmoving in the scene,be
it with stochasticor repetitive motion like swaying tree
branches,or systematicmotion like moving peopleor
cars. Finally, when operatingthe cameraby hand, the
motionof thecameratrajectoryis oftenjerky, with small
bouncingmovesor suddenrotations.Therefore,thecam-
era tracking and calibrationmust operatevery robustly
andbetolerantto suchproblems.

One approachto cameracalibrationand densescene
reconstructionis Structurefrom Motion (SfM) [19]. SfM
tries to model the 3D sceneandthe cameramotion ge-
ometricallyandcapturesscenedetailson polygonal(tri-
angular)surfacemeshes.A limited setof cameraviews
of the sceneis suf�cient to reconstructthe 3D scene.
Texture mappingaddsthe necessary�delity for photo-
realisticrenderingof theobjectsurface.In thisapproach,
denseand accurate3D depthestimatesare neededfor
realistic imagerenderingfrom the textured 3D surface
model. Deviation from the true 3D surfacewill distort
therenderedimages.

Anotherapproachto the problemis plenopticmodel-
ing [17]. Light�eld rendering[16] andthelumigraph[7]
approachhave receiveda lot of attention,sincethey can
capturetheappearanceof a 3D scenefrom imagesonly,

without theexplicit useof 3D geometry. Thusonemay
be able to captureobjectswith very complex geometry
thatcannot bemodeledotherwise.Basicallyonecaches
viewsfrom many differentdirectionsall aroundthescene
andinterpolatenew views from this large imagecollec-
tion. For realisticrendering,however, very many views
are neededto avoid interpolationerrorsfor in-between
views.

Theproblemcommonto bothapproachesis theneedto
calibratetheimagesequence.Recentlyit wasproposedto
combineastructurefrom motionapproachwith plenoptic
modelingto generatelight�elds from uncalibratedhand-
heldcamerasequences[13]. Whengeneratinglight�elds
from a hand-heldcamerasequence,one typically gen-
eratesimageswith a speci�c distribution of the camera
viewpoints. Since we want to capturethe appearance
of theobjectfrom all sides,we will sampletheviewing
sphere,thusgeneratingameshof viewpoints. To fully ex-
ploit hand-heldsequences,we will thereforehave to de-
viatefrom theregularlight�eld datastructureandadopta
more�e xible renderingdatastructurebasedon theview-
point mesh.Anotherimportantpoint in combiningSFM
andlight�eld renderingis theuseof scenegeometryfor
imageinterpolation.Thegeometricreconstructionyields
ageometricapproximationof therealscenestructurethat
mightbeinsuf�cient whenstatictexturemappingis used.
However, view-dependenttexturemappingasin [3] will
adaptthetexturedynamicallyto astatic,approximate3D
geometry.

In thefollowing sectionswe will discussour approach
to model the type of scenesas describedabove. We
will �rst give somebackgroundon the principal Struc-
ture from Motion approachthat is usedto calibratethe
camerasandto obtain3D scenestructure.Thenwe will
discussthe problemsof the approachandhow to over-
comesomeof the dif�culties. Finally we will give �rst
resultsof theapproachwith respectto scenerendering.

2 CAM ERA CAL I BRATI ON AND 3D SCENE RE-
CONSTRUCTI ON

UncalibratedStructure fromMotion is usedto recover
cameracalibrationandscenegeometryfrom imagesof a
staticscenealonewithout the needfor further sceneor
camerainformation. FaugerasandHartley �rst demon-
stratedhow to obtainuncalibratedprojective reconstruc-
tions from imagepoint matchesalone[5, 8]. Beardsley
et al. [2] proposeda schemeto obtainprojective calibra-



tion and3D structureby robustly trackingsalientfeature
pointsthroughoutanimagesequence.This sparseobject
representationoutlinestheobjectshape,but doesnotgive
suf�cient surfacedetail for visualreconstruction.Highly
realistic 3D surfacemodelsneeda densedepthrecon-
structionandcannot rely on few featurepointsalone.

In [19] themethodof Beardsley wasextendedin two
directions.On theonehandtheprojectivereconstruction
wasupdatedto metric even for varying internalcamera
parameters,on the other handa densestereomatching
technique[4] wasappliedbetweentwo selectedimages
of the sequenceto obtain a densedepthmap for a sin-
gle viewpoint. Fromthis depthmapa triangularsurface
wire-frame was constructedand texture mappingfrom
one imagewasappliedto obtain realistic surfacemod-
els. In [12] theapproachwasfurtherextendedto multi-
viewpoint depthanalysis.Theapproachcanbe summa-
rizedin 3 steps:

� Cameraself-calibrationandmetric structureis ob-
tained by robust tracking of salient featurepoints
over theimagesequence,

� densecorrespondencemapsarecomputedbetween
adjacentimagepairsof thesequence,

� all correspondencemapsarelinkedtogetherby mul-
tiple view point linking to fusedepthmeasurements
over thesequence.

� texturedtriangularsurfacemodelsaregeneratedfor
geometricscenereconstructionand for sceneren-
dering.

2.1 Calibration of a meshof viewpoints
Whenverylongimagesequenceshaveto beprocessed

with theapproachdescribedabove, thereis a risk of cal-
ibration failuredueto several factors.For one,the cali-
brationis built sequentiallyby addingoneview ata time.
This may result in accumulationerrorsthat introducea
biasto thecalibration.Secondly, if a singleimagein the
sequenceis not matched,the completecalibrationfails.
Finally, sequentialcalibrationdoesnot exploit the spe-
ci�c imageacquisitionstructureusedin this approachto
sampletheviewing sphere.

In [13] a multi-viewpoint calibration algorithm has
beendescribedthat allows to actually weave the view-
pointsequenceinto aconnectedviewpointmesh.Starting
from imagepairs,correspondingpoint matchesarecom-
putedandthe FundamentalMatrix

�

canbe estimated.
�

mapsa point in oneimageof an imagepair to its cor-
respondingepipolarline in theotherimage.From

�

one
canderive a projective cameraandinstantiatea �rst set
of 3D featurepointsby triangulatingthe corresponding
imagepoints.The3D featurepointsaredeterminedsuch
that their reprojectionerror in the imagesis minimized.
The3D objectpointsserve asthememoryfor consistent
cameratracking,and it is desirableto track the projec-
tion of the 3D pointsthroughasmany imagesaspossi-
ble. This processis repeatedby addingnew viewpoints
andcorrespondencesfrom therecordedimagesequence.
Finally constraintsareappliedto the camerasto obtain

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

Since we are collecting a large amount of images
from all possibleviewpointsdistributedover theviewing
sphere,it is no longer reasonableto considera sequen-
tial processingalongthesequenceframeindex alone.In-
steadwe considerall imagesof thesequencesimultane-
ouslyandcomputematchesbetweenthemin orderto ro-
bustly establishimagerelationshipsbetweenall nearby
images.Thesimultaneousmatchingcreatesa connected
meshof all nearbycameraviewpointsthatexploitstheac-
tual2D topologybetweentheviewsratherthanfollowing
theone-dimensionalcamerapath(see[13, 14]).

2.2 Depth map estimation
Oncewe have retrieved the metric calibrationof the

cameraswe canuseimagecorrespondencetechniquesto
estimatescenedepth. We rely on stereomatchingtech-
niquesthatweredevelopedfor denseandreliablematch-
ing betweenadjacentviews. Thesmallbaselineparadigm
suf�ces here since we use a rather densesamplingof
viewpoints,assi thecasewhenrecordingsequenceswith
videoframerate.

For densecorrespondencematchinganarea-baseddis-
parity estimatoris employed. The matchersearchesat
eachpixel in oneimagefor maximumnormalizedcross
correlationin the other imageby shifting a small mea-
surementwindow (kernelsize7x7)alongthecorrespond-
ing epipolarline. Dynamicprogrammingis usedto eval-
uateextendedimage neighborhoodrelationshipsand a
pyramidalestimationschemeallows to reliablydealwith
verylargedisparityranges[4]. Thegeometryof theview-
point meshis especiallysuitedfor further improvement
with a multi viewpoint re�nement[12]. Eachviewpoint
is matchedwith all adjacentviewpoints and all corre-
spondingmatchesarelinked togetherto form a reliable
depthestimate.Sincethedifferentviews arerathersim-
ilar we will observe every objectpoint in many nearby
images. This redundancy is exploited to improve the
depthestimationfor eachobjectpoint, andto re�ne the
depthvaluesto high accuracy. This approachcould be
exchangedfor novel multi-stereo-approacheslike Graph
Cut approaches[15] or theMaxFlow algorithm[20]. For
a recentreview onstereoalgorithmsseealso[21].

2.3 View-dependentplenoptic rendering from
the modeledscene

After cameracalibrationandstereoscopicdepthesti-
mation,we now have a setof calibrateddepthmapsand
associatedcolor imagesathand.Thesedatacouldbeuti-
lized to reconstructa 3D surfacemodelof the3D scene.
However, dueto thepossiblyvery complex scenegeom-
etry with occlusionsandbecauseof varying surfacere-
�ectance,wearenormallynotableto createhigh �delity
surfacemodels.It mayalsonotbepossibleto reconstruct
a globally consistentmodel due to systematicerrorsin
calibration.Thereforewe have to relaxtheverystrict re-
quirementof obtaininga globally consistentmodel,but
wecanstill hopeto recovera locally consistentmodel.A
modelis locally consistentif wecancomputeanapprox-
imatemodelfrom thedepthmapsof few nearbycameras



andrenderviewsof thescenethatlooksimilarto theorig-
inal views from nearbyview points. In fact, rendering
from a locally consistentmodel is equivalent to image-
basedrenderingwith depth-compensatedimageinterpo-
lation. Weselectthenearestoriginalviewsandaccording
depthmapsto rendernovelviewsby imagewarping.This
approachis calledplenopticrenderingsincewe recover
novel views by renderingfrom theplenopticfunctionof
all possibleview pointsof thescene.

Onepossiblemethodfor plenopticrenderingis light-
�eld rendering[16]. To createa ligh�eld model for real
scenes,a largenumberof views from many differentan-
gles are taken. Eachview canbe consideredasa bun-
dle of light rayspassingthroughtheopticalcenterof the
camera.Thesetof all viewscontainsadiscretesampling
of light rayswith accordingcolor valuesandhencewe
getdiscretesamplesof theplenopticfunction. The light
rayswhicharenot representedhaveto beinterpolated.

To renderanew view wesupposetohaveavirtualcam-
era pointing towardsthe scene. For eachpixel we can
determinethepositionof thecorrespondingvirtual view-
ing ray. The nearera recordedray is to this virtual ray
thegreateris its supportto its colorvalue.Sothegeneral
taskof renderingviews from a collectionof imageswill
be to determinethoseviewing rayswhich arenearestto
thevirtual oneandto interpolatebetweenthemdepend-
ing on their proximity.

Direct linear interpolationbetweentheviewpointsin-
troducesa blurred imagewith ghostingartifacts. In re-
ality we will alwayshave to choosebetweenhigh den-
sity of storedviewing rays with high datavolume and
high �delity , or low densitywith poor imagequality. If
we know an approximationof the scenegeometryfrom
local depthmaps,the renderingresult canbe improved
by an appropriatedepth-dependentwarpingof the near-
estviewing raysasdescribedin [7].

Having a sequenceof imagestaken with a hand–held
camera,in generalthecamerapositionsarenot placedat
the grid pointsof the viewpoint plane. We have solved
theproblemsdescribedin thelastsectionby relaxingthe
restrictionsimposedby the regular light�eld structure,
andwe will renderviews directly from thecalibratedse-
quenceof recordedimagesusinglocaldepthmaps.With-
out loosingperformancewecandirectlymaptheoriginal
imagesonto a surfaceviewed by a virtual camerawith
projective texturemappingthat is supportedby graphics
hardware.

Following the light�eld approach,we have to interpo-
late betweenneighboringviews to constructa speci�c
virtual view. Consideringthe fact mentionedabove that
thenearestraysgivethebestsupportto thecolorvalueof
a givenray, we concludethat thoseviews give the most
supportto thecolorvalueof aparticularpixel whosepro-
jection centeris closestto the viewing ray of this pixel.
This is equivalent to the fact that thosereal views give
the mostsupportto a speci�ed pixel of the virtual view
whoseprojectedcameracentersarecloseto its imageco-
ordinate.Werestrictthesupportto thenearestthreecam-
eras(see�gure 1). To determinethesethreeneighborswe
projectall cameracentersinto thevirtual imageandper-

Figure 1: Drawing trianglesof neighboringprojected
cameracentersand approximatingscenegeometryby
oneplanefor thewholesceneor for onecameratriple.

form a 2–D triangulation.Thentheneighboringcameras
of a pixel aredeterminedby the cornersof the triangle
which this pixel belongsto. The textureof sucha trian-
gle— andconsequentlyapartof thereconstructedimage
— is drawn asaweightedsumof threetexturedtriangles.

Theresultscanbefurtherimprovedby consideringlo-
cal depthmaps. Spendingmoretime for eachview, we
can calculatethe approximatingplaneof geometryfor
eachtriangle in dependenceon the actualview. As the
approximationis not donefor the whole scenebut just
for thatpartof theimagewhichis seenthroughtheactual
triangle, we don't needa consistent3-D model but we
canusethe local depthmaps.For moredetailswe refer
to [10].

3 I M PROVI NG ROBUSTNESS FOR COM PL EX

SCENES

Theapproachasoutlinedaboveis highly dependenton
the input scene,sincethe calibrationandcameratrack-
ing relies on observable image features. Becausethe
environmentof complex outdoorsequencescan not be
controlled,all possibleparameterchangeslike changing
light, directionalsurfacere�ectance,moving objects,and
the lack or abundanceof surfacetexture may in�uence
theestimation,causingin generalthealgorithmsto benot
very robust. Also, for generalhand-heldcameras,there
maybealot of unsteadymovement,causedby thebounc-
ing of thehandandby rotationof thecamera.We have
investigateddifferent modalitiesto increasethe robust-
nessof the calibrationwith respectto thesemodalities.
Currently we have focusedon two approaches,namely
usingstereoscopicor multi-camerarigs, andon 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
camerasthat aremountedonto a pole. The positionof
the camerason the pole can be changedfreely accord-
ing to therequirementsof thescene.Typically wemount



Figure2: Left: Original images1, 25,50,75,100of up-
percameraof stereorig. Right: Depthmapsfor the im-
agesto theleft (dark=near, light=far, black=unde�ned).

thecamerasoneabove eachotherin 30-50cm distance,
looking towardsthe scene.We do not needto calibrate
the rig beforehandsinceall calibrationwill be doneau-
tomatically from the sequence.We canalsochangethe
relativecamerapositionsduringtheshootingif needed.

Theadvantageof usinga multi-camerarig is twofold.
For onewehave,ateachtimeinstant,two or moreimages
of the scenetaken from differentview-points,which by
de�nition is now static(not-moving). Henceoneimpor-
tant prerequesiteof the SfM approachis ful�lled. This
holds even if we changethe relative poseof the cam-
erason the pole during imageacquisition. We alsocan
guaranteethatthereis alwayssuf�cient baseline distance
betweenthe camerasin order to reconstructlocal depth
information. Secondly, we automaticallygeneratea 2D
viewpoint meshof the sceneif we move the camerarig
horizontallythroughthe scene,while the differentcam-
erasaremountedverticallyaboveeachother. Eachcam-
erageneratesa horizontaltrack in time, while for each

time instanta rigid vertical track is formedby the cam-
eras.This constructionallows very robustestimationof
theviewpointmeshif at leasttwo camerasaretracked.

3.1.1 Scenemodelingwith moving stereorig
To test the approach,we acquireda stereoscopicim-

agesequenceof a parkinglot. Thesceneitself contained
trees,bushes,streetand parking lot with somecarsat
variousdistances,andbuildings in thebackground.The
imageswere taken by two digital FireWire camerasof
size1024x768with 45 degreeopeningangle,that were
grabbeddirectly to a laptopwith about3 fps. Thecam-
erasweremountedverticallyonapoleabout35cmapart
andmoved horizontallysidewaysby handfor about30
m. Eachcameratook100images,eachabout30cmapart
horizontally. Thedepthextendof thescenewasfrom 2 m
to about80m for thebackground.Someexampleimages
for thesceneareshown in �gure 2.

Thecalibrationwasableto trackthecamerasequence
with high accuracy. About 90003D scenefeaturepoints
weregeneratedfrom the200images.Each3D point was
visible in 8.2 imagesat average,with an averagerepro-
jectionerrorof 0.23pixel. Theestimatedscaledcamera
trajectorywasaccurateto about1%positionalerror. Fig-
ure3 shows differentviews of the3D featurepointsand
thecameratrajectory.

From the cameras,densedepthmapswerecomputed
with an average�llrate of 76% andan averagerelative
deptherrorof 0.45%in therangeof 1 m to 80m distance.
Theresultingscaleddepthmapsareshown in �gure 2.

So far we couldobtainonly preliminaryrenderingre-
sultsin �gure 4. Thecompletecompositescenewasren-
deredby thesuperpositionof 5 partialreconstructionsof
5 depthmap,anda closeupview shows a geometricre-
constructionof thescenefrom a middleview. Sofar, no
plenopticrenderingwasperformed.

3.2 Exploiting additional orientation data
The systemdescribedabove is alreadyvery robust to

scenefeaturechanges.Yet thereis anotherproblemre-
latedto the imageacquisition.TheSfM approachneeds
initial imagefeaturecorrespondencesto computetheF-
Matrix. Becauseinitially 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 thecameracenterandthescenedepthonly. This lim-
its thepossiblesearchrangesincethecameramotionbe-
tweentwo framesis typically small. If, ontheotherhand,
the camerais rotatedarbitrarily by walking or shaking
of the hand,a very largedisplacementof corresponding
imagefeaturesis possible.This displacementis caused
by a 2D homograpy andno relevantdepthinformationis
containedin it. Whenthe rotationandthe intrinsic cal-
ibration is known thenwe canundothe rotationby the
properinversehomograpy and stabilizethe imagepair.
To further improve the performanceof the above men-
tionedtechniqueswe areinvestigatingto userotationin-
formationfrom anexternalsensor.



Figure3: Perspective views of 3D featurepoints. One
may note the feature positions where cars, trees and
bushesare. Each cameraposition is depictedas little
pyramid. Top: Front view 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 orientationsensorfu-
sion is the synchronizationof sensorreadingswith the
camerashuttertime. Thesensordataandcameraacquisi-
tion needto bealignedin time. To align camerasandro-
tationsensorswe usea precalibrationstepwith thecam-

Figure4: Renderedviews of thescene:Top andMiddle:
Novel view renderedfrom ascenecomposedfrom 5 view
pointsby direct mappingfrom raw depthmaps. White
spotsindicatemissing imagedatawhereno depthwas
available.Bottom: Closeupview from 3D surfacemodel
with depthinterpolation.

erarotatingaboutits optical center. In this casewe will
aligntherotationsensorwith thecameraby usingtheho-
mography��� from the camerarotationbetweentime �

and ���	� . Wecanthencomparetherotationinformation
of the sensorwith the estimatedrotation of the camera
andalignbothin timesuchthattherotationsignaturehas
maximumcorrelation.

For a rotating camerawith �x ed internal parameters
andtherefore�x ed 
 we no not needto calibratethein-
ternalcameraparametersto computethecamerarotation
by �
���
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�


�� (1)

In thiscasethehomography�
� betweentwo viewsis for

constant
 a conjugated1 rotationmatrix
�
�

if
���

is the
rotationmatrix which ful�lls (1). It is known [9] that the

1Matrices� and � areconjugatedif ��������� �"! for somematrix
C.
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After normalizationwe computethe angle
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Thissimilarity measureis equivalentto (2) but in thecase
of noiseit is morerobustbecauseof theaveragedangle.

Eq. (7) measuresthe similarity of the rotationsgiven
by a rotation matrix and a homographymatrix which
mapsover theplaneat in�nity . To estimatethetime-shiftz�~

betweenthe tracker andthe camerawe estimatethe
camerahomographies� � andwe calculatethe rotation
of the sensor. Then we evaluatethe criterion (7) for a
given time-shift for eachcameraandsumup the errors.
This leadsto asimilarity measurement
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betweena sequenceof orientation information and a
camerasequence.The minimum of this criterion is the
searchedtime-shift

z#~

.
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
becausethesequenceof differentrotationscompensates
thesingularities.

3.2.2 Experimentalresultsfor alignment
In this sectiontheabovementionedtechniqueswill be

evaluatedwith realdata. We usea tracker andthreeex-
ternally synchronizedcamerasmountedon a pole. The
tracker deliversupdatedrotationdataevery 8 msandthe
camerasareexternallysynchronized.Thereforeall cam-
erashave the samedelay in time to the rotationsensor.
Furthermorethe tracker data is received later than the
synchronizationsignal is sentto the cameras.In �g. 5
theestimateddelayin timeof eachcamerato theorienta-
tion sensorinformationis markedby a verticalline. Best
rotationalignmentbetweenthetrackerandall threecam-
eraswasobtainedfor a tracker delaybetween62 and78
ms, which is within the time resolutionof the rotation
tracker.
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Figure5: Measurederror(7) for timedelayfor threesyn-
chronizedcamerasto orientationsensor. The estimated
time delay
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from criterion (8)is marked by a vertical
line.

With thedelayathand,wecansynchronizethetracker
datawith thecameraacquisitionandstabilizethe image
sequencew.r.t. the rotationalcomponent.Furthertests
have to show theimpactof thestabilizationontothecal-
ibrationresults.



4 CONCL USI ONS

Wehavepresentedanapproachto modelcomplex out-
doorscenesfrom imagesof anuncalibrated,freely mov-
ing camerarig. Theunderlyingapproachis uncalibrated
structurefrom motion for cameratracking,densemulti-
view stereofor depthmapreconstruction,andplenoptic
renderingfor novel view synthesis.Our focusin this pa-
per hasbeento improve the robustnessby meansof a
stereocameraandanadditionalrotationsensor. Sincewe
describework in progress,notall modalitiescouldbein-
tegrated,andnot all advantagesof the systemcould be
explored. The useof a binocularstereoheadhas im-
proved cameratracking stability very much and at the
sametime will allow plenopticrenderingfor in-between
views. Sofar, therigid transformationbetweenthecam-
erasof thestereoheadhasnotbeenexploitedandweex-
pectevenbetterperformancehere.Theextensionof the
rig to wider baselinebetweenthe views andto a multi-
camerasystemis ourcurrentfocus.Therotationhasbeen
synchronizedwith the imageacquisition,and the rota-
tion datawill be integratedto reducethe featuresearch
rangeandto facilitatethecalibration.Furtherinvestiga-
tions will exploit the space-timesequenceto allow also
moving objectsin thescene.Anotherimportantbut open
issueis therenderingof novel viewsof thescenefrom all
availabledata,evenin thepresenceof strongocclusions.
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