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ABSTRACT

Thiscontribution addressesheproblemof obtainingphoto-
realistic 3D modelsof a scenefrom images alone with a
structue-from-motionapproac. The3D scends observed
frommultipleviewpointsby freelymoving a camen around
the object. No restrictionson camera movementand inter-
nal camer parametes like zoomare imposedasthe cam-
era poseand intrinsic parametes are calibrated from the
sequenceTheonly restrictionson thescenecontentare the
rigidity of the sceneobjectsand opaque piecevisesmooth
object surfaces. The approad opemtesindependentlyof
objectscaleand requiresonly a singlelow-costconsumer
photoor videocamen.

The modelingsystemdescribedhere usesa three-step
appmoad. First, the camer poseandintrinsic parametes
are calibratedon-line by tracking salientfeatuie pointsbe-
tweenthe different views. Next, consecutivémages of the
sequencare treatedas steleoscopidmage pairsanddense
correspondencenapsare computeddy area matding. Fi-
nally, denseandaccuratedepthmapsare computedy link-
ing togetherall correspondencesver the viewpoints. The
depthmapsare corvertecdto triangular surfacesmesheshat
are texture mappedor photo-realisticappeaance There-
sultingsurfacemodelsare storedin VRML-formatfor easy
exchange andvisualization.

The feasibility of the appoad has beentestedexten-
sivelyandwill beillustratedon several real sceneslin par-
ticular we will demonstate the geneation of realistic 3D
modelsfor a virtual exhibition of the archaeol@ical exca-
vationsitein SagalassosJTurkey.

Keywords: Structurefrom Motion, Cameracalibration,3-
D Sceneeconstruction3-D Modeling.

1. INTRODUCTION

The useof three-dimensionasuriace modelsfor the pur-
poseof visualizationis gaining importance. Highly real-
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istic 3-D modelsarereadily usedto visualizeandsimulate
events likein flight simulatorsjn thegamesandfilm indus-
try or for productpresentationsThe rangeof applications
spanfrom architecturevisualizationover virtual television

studios,virtual presencdor video communicationgo gen-
eral’virtual reality” applications.

A limitation to the widespreadiseof thesetechniques
is currently the high cost of such3-D modelssincethey
have to be producedmanually Especiallyif existing ob-
jectsareto be reconstructedhe measuremenprocessor
obtainingthe correctgeometricand photometricdatais te-
diousandtime consumingTraditionalsolutionsincludethe
useof stereorigs, laserrangescannerandother3-D digi-
tizing devices. Thesedevicesareoftenvery expensve, re-
quire carefulhandlingand complec calibrationprocedures
andaredesignedor arestricteddepthrangeonly.

To overcomeheabove mentionecproblemswe propose
animage-basedpproacho 3-D scenanodeling.Thescene
which hasto be reconstructeds recordedfrom different
viewpoints by a video camera. The relative position and
orientationof thecameraandits calibrationparametersvill
automaticallybe retrieved from the imagedataby the al-
gorithms. Hence thereis no needfor measurementa the
sceneor calibrationproceduresvhatsoger. Thereis also
no restrictionon range,it is just aseasyto modela small
object, asto model a completelandscape. The proposed
methodthusoffersa previously unknown flexibility in 3-D
modelacquisition.In addition,arny photographiaecording
device - e.g. cam-corderdigital cameraor even standard
photographidilm camera- is sufficient for sceneacquisi-
tion. Hence,increasedlexibility is accompaniedby a de-
creasen cost.

In thiscontributionwewill discusgshecompleteandau-
tomaticmodelingsystemthatis capableto reconstructhe
scendrom uncalibratedmagesequencesNe will thendis-
cussapplicationgo demonstrat¢he possibleuseof sucha
reconstructiorsystem.



2. 3-DMODELING FROM VIDEO

2.1. Stateof the art

The proposednethodis placedin the framewnork of uncal-
ibratedscenereconstructiorthatis a recentresearchopic.
In theuncalibrateccaseall parameters;amergposeandin-
trinsic calibrationaswell asthe 3-D scenestructurehave to
be estimatedrom the 2D imagesequencealone. Faugeras
and Hartley first demonstratedhow to obtainuncalibrated
projective reconstructiongrom imagesequencealone|3,
4]. Sincethen, researchergried to find waysto upgrade
thesereconstruction$o metric(i.e. Euclidearbut unknown
scale). Newestresultsreportfull self-calibrationmethods
evenfor varyingintrinsicparameterbk efocallength,which
allowstheunrestrictediseof thecamerafor examplezoom-
ing [8].

To employ theseself-calibrationmethodsfor sequence
analysighey mustbeembeddedh a completescenaecon-
structionsystem.Beardslg etal. [1] proposech schemdo
obtainprojective calibrationand 3-D structureby robustly

trackingsalientffeaturepointsthroughouinimagesequence.

This sparsenbjectrepresentatiooutlinesthe objectshape,
but givesnot sufiicient surfacedetail for visualreconstruc-
tion. Highly realistic 3-D surfacemodelsneedthe dense
depthestimatiorandcannotrely onfew featurepointsalone.

In [8] the methodof Beardslg e.a. was extendedin
two directions.On the one handthe projective reconstruc-
tion wasupdatedo metricevenfor varyinginternalcamera
parameterspn the otherhandstereomatchingwasapplied
betweentwo selectedmagesof the sequencedo obtaina
densedepthmapfor a single viewpoint. From this depth
map a triangular surface wire-framewas constructedand
texture mappingfrom oneimagewasappliedto obtainre-
alistic surfacemodels. In [5] the approactwasfurther ex-
tendedo multi-viewpointsequencanalysis.

2.2. SystemOverview

Rolustcameracalibrationandaccuratelepthestimatiorare
the key problemsto be solved. In our systemwe usea 3-
stepapproactthatis visualizedn fig. 1 with the exampleof
modelinga building facade:

¢ Cameraself-calibratioris obtainedoy robusttracking
of salientfeaturepointsovertheimagesequence,

¢ densalepthmapsarecomputecdetweeradjacentm-
agepairs,

¢ depthmapsarelinkedtogethetby multiple view point
linking to fusedepthmeasurementsom all images
into a consistenmodel. The modelis storedasa tex-
tured3-D surfacemesh.
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Figure 1. Systemoverview: from the image sequence
(I(x,y)) the projective reconstructioris computedthe pro-
jectionmatricesP arethenpassean to the self-calibration
modulewhich delivers a metric calibration P,,; the next
module usestheseto computedensedepth mapsD(x,y);
all theseresultsareassembledh thelastmoduleto yield a
textured3-D surfacemodel. Thelittle pyramidsin fromt of
the building symbolizethe differentcamergpositions.



2.3. CameraCalibration

Cameracalibratiort is obtainedby tracking salientimage
featureghroughouthesequenceAt first featurecorrespon-
dencesare found by extracting intensity cornersin differ-
entimagesandmatchingthemusinga cornermatchermwith
robust statistics(RANSAC) [10]. In conjunctionwith the
matchingof the cornersarestrictedcalibrationof the setup
is calculated(i.e. only determinedup to an arbitrary pro-
jective transformation). This allows to eliminatematches
which areinconsistentvith the calibration by verifying the
epipolarconstraintUsingthis constraintmorematchesan
easilybefoundandusedto refinethecalibration.
Reconstructioandcalibrationisinitializedfrom thefirst
two imagesof the sequenceThe calibrationof theseviews
definesa projective frameawork in which the projectionma-
tricesof the otherviews areretrieved one by one. Salient
points are tracked and comparedwith all adjacentviews
to generate tight network of correspondencesetweenrall
possibleviews. Thuswe canretrieve the cameraviewpoints
with highaccurag androbustnes$rom imagematche®nly
[6]. Theimage correspondenceare then triangulatedto
form asparseprojective 3D reconstructiorof salientpoints.
The projective reconstructioris determinedonly up to
aprojective transformatiorandformsa skewedrepresenta-
tion of the metricworld: orthogonalityandparallelismare
not presered, part of the scenecanbe warpedto infinity,
etc (seeprojective reconstructiomesultin fig 1). To obtain
a metric calibration,constrainton the internalcamerapa-
rameterge.g. absencef skaw, known aspectatio, ...) can
be imposedfor self-calibration. A detailedaccountof the
methodsemplgyedin our systemcanbefoundin [8, 9].

2.4. Depth Estimation

Only afew salientscenepointsarereconstructedrom fea-
ture tracking. Obtaininga densereconstructiorcould be
achievedby interpolation but in practicethis doesnotyield
satishctoryresults.Oftensomeamportantfeaturesaremissed
duringthecornermatchingandwill notappeain therecon-
struction. Theseproblemscanbe avoided by using stereo
matchingalgorithmswhich estimatecorrespondencefor
almostevery pointin theimages.Sincewe have computed
the calibrationbetweensuccessie imagepairswe canex-
ploit theepipolarconstrainthatrestrictehecorrespondence
searcho a 1-D searclrange.Iln additionto theepipolarge-
ometry otherconstraintdik e preservinghe orderof neigh-
boring pixels, bidirectionaluniquenes®f the match, and
detectionof occlusionscanbeincluded. Theseconstraints
are usedfor stereomatchingof imagespairsto guidethe

1By calibrationwe meartheactualinternalcalibrationof thecameraas
well astherelative positionandorientationof the camerdor the different
views with respecto anarbitrarycoordinatesystem.

correspondencmwardsthe mostprobableepipolarmatch
usingadynamicprogrammingschemg?2].

Thepairwisedisparityestimatiorallowsto computem-
agecorrespondencdsetweeradjacenimagepairs,andin-
dependentlepthestimatedor eachcameraviewpoint. An
optimaljoint estimates achievedby fusingall independent
estimatesnto a common3-D model. The approachuti-
lizes a flexible multi-viewpoint schemeby combiningthe
advantage®f smallbaselineandwide baselinestereo.Ad-
jacentimagepairswith smallbaselinesarelinked over the
sequenc®y includingmoreandmoredistantviewpointsto
refinethe estimatd5].

2.5. 3-D Modeling

Eachdepthmapcoversthe scenestructurethatcanbe seen
from this particularviewpoint only. To handleocclusions
and to model a completescenethe different depthmaps
mustbe integratedin 3D-space.Thefusionis obtainedby
building anintermediate3-D volumeinto which all depth
mapsareprojectedwhile consideringhe estimationuncer
tainty of eachdepthestimate. The volume representshe
probability densityof the estimateB-D scenesurface[7].
The definedvoxel resolutionquantizeghe surfacedis-
tributioninto nearest-neighb@pproximationslf thevoxel
quantizations coarsethanthe estimationuncertaintythen
the density projection approachis reducedto simply in-
crementingindividual voxel values. We canthink of this
techniqueasbuilding awall by settingall individual stones
(voxels) of the wall. Eachsurfacevoxel will be hit more
thanoncebecausd is exposedo multipleviews. Theprob-
ability of a surfacevoxel is thereforehigh ascomparedo
interior andexterior points. Thuswe obtaina robusthough-
like integrationschemeor surfacepoint candidatesvhere
mostof the hits are concentratean the 3D surface. Out-
liers will hit wrongvoxelsbut they areeasilydiscardecby
thresholdinghe voxel distribution. Fig. 2 demonstratethe
mappingof depthestimatesnto thevoxel space.
Thresholdingheregionsof highestprobabilityandcon-
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Figure 2: Left: cameragrojectingsurfaceestimatesnto
the voxel space.The surfaceis definedasthe accumulated
probabilitydensitydistributionvalueabove a certainthresh-
old. Right: surfacereconstructiorof the office scenemod-
eledfrom 187views (seesection3.1).



Figure3: Top: Image(left) andcameracalibration(right)
from hand-heldoffice sequence. The little pyramidsin-
dicate the positionsof the camerathat was sweptfreely
over the scene. Bottom left: Top view of surfacegeome-
try. Pleasenotethe detailedgeometryof the keyboard,the
ball andthegluestick. Thestickwasmodeledrom all sides
whichis impossiblefrom a singleviewpoint. Bottomright:
Surfacetexturing of themodelto improve thevisualresult.

vertingthoseregionsto atriangularwire-framesurfacerep-

resentatiolyieldsthe3-D sceneggeometry Thesurfacemesh
is finally overlayedwith atexture maptakenfrom thereal

imagesto cover fine andun-modeledsurfacedetails. This

resultsin avery realisticvisualreconstructiorguality.

3. APPLICATIONS

Theproposedystemwastestedon alargevarietyof scenes
with different camerasof varying quality (35 mm photo
cameraon Photo-CD digital still cameracam-corderjgnd
wasfoundto work even underdifficult acquisitioncircum-
stancesWe discusgwo differentexamples.

3.1. Office sequence

We testedour approachwith anuncalibratechand-heldse-

guenceA digital consumevideocamergSory DCR-TR/900

with progressie scan)was sweptfreely over a cluttered
sceneon a desk,coveringa viewing surfaceof aboutl n?.
The resultingvideo streamwas then digitized on an SGI
02 by simply grabbing187 framesat more or lesscon-
stantintervals. No carewas taken to manually stabilize
the camerasweep. Fig. 3(top left) displaysan image of
the sequencendthe cameratracking (top right) with the
camerasspyramidsandthetracked 3D pointsin the back-
ground (black). For the 3-D reconstructionve fusedthe

Figure 4: Images2 and 9 of the site sequencdtop) and
overviaw modelof thecompletesite (bottom).

depthmapsfrom all viepoints. Fig. 3 (bottom)shaws the
resultingmodelfrom atop view, andasideview of thesur
facegeometrycanbeseenin fig. 2 (right).

3.2. Sagalassoarchaeologicalkexcavation site

Extensve field trials werecarriedout at the archaeological
excavationsite of Sagalassom Turkey. Thisis achalleng-
ing task sincethe archaeologistsvant to reconstrucieven
smallsurfacedetailsandirregularstructuresandtheterrain
is difficult. The goalof this field testwasto prove the fea-
sibility of ourapproacHor avarietyof scenesandto model
objectsfor a virtual exhibition that can be presentedver
thelnternet.

3.2.1. SgyalassosSite

The Sitesequencén figure 4 is a goodexampleof a large
scalemodeling using off-the-shelfequipment. Nine im-
agesof the completeexcavationsite (extensiona few kn?)
weretakenwith a corventionalphotographiccameravhile
walking alongthe valley rim. The film wasthendigitized
on Photo-CD.The Sitereconstructionn figure 4 (bottom)
givesagoodoverview of thevalley relief. Someof thedom-
inantobjectslike the RomanBath andthe Market place,as
well aslandmarkdik e big treesor stonesarealreadymod-
eledat this coarsescalebut withoutary detail.

3.2.2. Detail modelsof the Romarbath

This sequencés a typical exampleof a detailedmodel. It
consistsof one part of the Romanbath that was modeled



Figure5: Top: 2 imagesof RomanBathsequenceMiddle:
estimateddepthmap and reconstructedurface. Bottom:
Detail of modelwithoutandwith surfacetexture.

with high resolution. Figure5 shaws 2 of the six original
images.the fuseddepthmapand3D-reconstructionsThe
depthreconstructions very dense,andthe relative depth
errorwasestimatedo 0.8%. Figure5 (bottom)revealsthe
high reconstructiorguality which givesa realisticimpres-
sion of the object. The close-upview confirmsthat each
stoneis modeled,including relief and small indentations.
Theindentationdelongto erosiongapshetweerthestones.

3.2.3. Augmentinghe sitemodel

With 3-D reconstructionsit handwe caneasilymeige the

reconstructedeal site modelswith hypothesizedbuildings

that were constructedrom archaeologicafindings. This

techniqueallows to visualizethe site asit oncemight have

been. In the caseof Sagalassosomebuilding hypothesis
weretranslatedo CAD modelsandintegratedwith our re-

constructionsThesitecanthenbevisitedin avirtual tourist

applicatiorf wherea virtual tour guideexplainsthesiteto a

visitor, seefig. 6.

4. CONCLUSIONS

An automati3D scengeconstructiosystemvasdescribed
thatis capableéo modeltexturedsurfacesrom imagesof a
freely moving, uncalibrateccamera.lt extractsmetric sur
facemodelswithout prior knowledgeaboutthesceneor the

2Reconstructiomesultscanbeviewedat
http://wwwesat.kuleven.ac.bgisiVisics/cemos.html

Figure 6: Sagalassosirtual tourism applicationcombin-
ing video-basedeconstructionsCAD modelsandavirtual
guide.

cameraotherthanassumingigidity of theobjects.The ap-
proachwastestedwith differentoff-the-shelfcameraypes
onavarietyof realscene®f varyingscaleandcompleity.
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