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ABSTRACT

Thiscontributionaddressestheproblemof obtainingphoto-
realistic 3D modelsof a scenefrom images alone with a
structure-from-motionapproach. The3D sceneis observed
frommultipleviewpointsby freelymovinga camera around
theobject. No restrictionson camera movementand inter-
nal camera parameters like zoomare imposed,asthecam-
era poseand intrinsic parameters are calibratedfrom the
sequence. Theonlyrestrictionson thescenecontentare the
rigidity of thesceneobjectsandopaque, piecewisesmooth
object surfaces. The approach operatesindependentlyof
objectscaleand requiresonly a singlelow-costconsumer
photoor videocamera.

Themodelingsystemdescribedhere usesa three-step
approach. First, thecamera poseandintrinsic parameters
are calibratedon-lineby trackingsalientfeature pointsbe-
tweenthe different views. Next, consecutiveimagesof the
sequencearetreatedasstereoscopicimagepairsanddense
correspondencemapsare computedby areamatching. Fi-
nally, denseandaccuratedepthmapsarecomputedbylink-
ing togetherall correspondencesover theviewpoints. The
depthmapsareconvertedto triangularsurfacesmeshesthat
are texture mappedfor photo-realisticappearance. There-
sultingsurfacemodelsare storedin VRML-formatfor easy
exchangeandvisualization.

The feasibility of the approach has beentestedexten-
sivelyandwill beillustratedonseveral real scenes.In par-
ticular we will demonstrate the generation of realistic 3D
modelsfor a virtual exhibition of thearchaeological exca-
vationsitein Sagalassos,Turkey.

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

1. INTRODUCTION

The useof three-dimensionalsurfacemodelsfor the pur-
poseof visualizationis gaining importance. Highly real-
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istic 3-D modelsarereadilyusedto visualizeandsimulate
events,likein flight simulators,in thegamesandfilm indus-
try or for productpresentations.Therangeof applications
spanfrom architecturevisualizationover virtual television
studios,virtual presencefor videocommunicationsto gen-
eral”virtual reality” applications.

A limitation to the widespreaduseof thesetechniques
is currently the high cost of such3-D modelssincethey
have to be producedmanually. Especiallyif existing ob-
jectsare to be reconstructedthe measurementprocessfor
obtainingthecorrectgeometricandphotometricdatais te-
diousandtimeconsuming.Traditionalsolutionsincludethe
useof stereorigs, laserrangescannersandother3-D digi-
tizing devices. Thesedevicesareoftenvery expensive, re-
quire carefulhandlingandcomplex calibrationprocedures
andaredesignedfor a restricteddepthrangeonly.

To overcometheabovementionedproblemswepropose
animage-basedapproachto 3-D scenemodeling.Thescene
which has to be reconstructedis recordedfrom different
viewpoints by a video camera. The relative position and
orientationof thecameraandits calibrationparameterswill
automaticallybe retrieved from the imagedataby the al-
gorithms.Hence,thereis no needfor measurementsin the
sceneor calibrationprocedureswhatsoever. Thereis also
no restrictionon range,it is just aseasyto modela small
object, as to model a completelandscape.The proposed
methodthusoffersa previously unknown flexibility in 3-D
modelacquisition.In addition,any photographicrecording
device - e.g. cam-corder, digital camera,or even standard
photographicfilm camera- is sufficient for sceneacquisi-
tion. Hence,increasedflexibility is accompaniedby a de-
creasein cost.

In thiscontributionwewill discussthecompleteandau-
tomaticmodelingsystemthat is capableto reconstructthe
scenefrom uncalibratedimagesequences.Wewill thendis-
cussapplicationsto demonstratethepossibleuseof sucha
reconstructionsystem.



2. 3-D MODELING FROM VIDEO

2.1. Stateof the art

Theproposedmethodis placedin theframework of uncal-
ibratedscenereconstructionthat is a recentresearchtopic.
In theuncalibratedcaseall parameters,cameraposeandin-
trinsiccalibrationaswell asthe3-D scenestructurehaveto
beestimatedfrom the2D imagesequencealone.Faugeras
andHartley first demonstratedhow to obtainuncalibrated
projective reconstructionsfrom imagesequencesalone[3,
4]. Sincethen, researcherstried to find ways to upgrade
thesereconstructionsto metric(i.e. Euclideanbut unknown
scale). Newest resultsreport full self-calibrationmethods
evenfor varyingintrinsicparameterslikefocallength,which
allowstheunrestricteduseof thecamera,for examplezoom-
ing [8].

To employ theseself-calibrationmethodsfor sequence
analysisthey mustbeembeddedin acompletescenerecon-
structionsystem.Beardsley et al. [1] proposeda schemeto
obtainprojective calibrationand3-D structureby robustly
trackingsalientfeaturepointsthroughoutanimagesequence.
This sparseobjectrepresentationoutlinestheobjectshape,
but givesnot sufficient surfacedetail for visual reconstruc-
tion. Highly realistic3-D surfacemodelsneedthe dense
depthestimationandcannotrelyonfew featurepointsalone.

In [8] the methodof Beardsley e.a. wasextendedin
two directions.On theonehandtheprojective reconstruc-
tion wasupdatedto metricevenfor varyinginternalcamera
parameters,on theotherhandstereomatchingwasapplied
betweentwo selectedimagesof the sequenceto obtain a
densedepthmapfor a singleviewpoint. From this depth
map a triangularsurfacewire-framewas constructedand
texturemappingfrom oneimagewasappliedto obtainre-
alistic surfacemodels. In [5] theapproachwasfurtherex-
tendedto multi-viewpointsequenceanalysis.

2.2. SystemOverview

Robustcameracalibrationandaccuratedepthestimationare
the key problemsto be solved. In our systemwe usea 3-
stepapproachthatis visualizedin fig. 1 with theexampleof
modelinga building facade:

� Cameraself-calibrationis obtainedby robusttracking
of salientfeaturepointsover theimagesequence,

� densedepthmapsarecomputedbetweenadjacentim-
agepairs,

� depthmapsarelinkedtogetherby multipleview point
linking to fusedepthmeasurementsfrom all images
into aconsistentmodel.Themodelis storedasa tex-
tured3-D surfacemesh.
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Figure 1: Systemoverview: from the image sequence
(I � x � y� ) theprojective reconstructionis computed;thepro-
jectionmatricesP arethenpassedon to theself-calibration
modulewhich delivers a metric calibrationP	 ; the next
moduleusestheseto computedensedepthmapsD � x � y� ;
all theseresultsareassembledin the lastmoduleto yield a
textured3-D surfacemodel.Thelittle pyramidsin fromt of
thebuilding symbolizethedifferentcamerapositions.



2.3. CameraCalibration

Cameracalibration1 is obtainedby trackingsalientimage
featuresthroughoutthesequence.At first featurecorrespon-
dencesare found by extracting intensitycornersin differ-
entimagesandmatchingthemusinga cornermatcherwith
robust statistics(RANSAC) [10]. In conjunctionwith the
matchingof thecornersa restrictedcalibrationof thesetup
is calculated(i.e. only determinedup to an arbitrarypro-
jective transformation).This allows to eliminatematches
whichareinconsistentwith thecalibration,by verifying the
epipolarconstraint.Usingthisconstraint,morematchescan
easilybefoundandusedto refinethecalibration.

Reconstructionandcalibrationis initializedfromthefirst
two imagesof thesequence.Thecalibrationof theseviews
definesa projective framework in which theprojectionma-
tricesof the otherviews areretrievedoneby one. Salient
points are tracked and comparedwith all adjacentviews
to generatea tight network of correspondencesbetweenall
possibleviews. Thuswecanretrievethecameraviewpoints
with highaccuracy androbustnessfrom imagematchesonly
[6]. The imagecorrespondencesare then triangulatedto
form asparseprojective3D reconstructionof salientpoints.

The projective reconstructionis determinedonly up to
a projective transformationandformsa skewedrepresenta-
tion of themetricworld: orthogonalityandparallelismare
not preserved,part of the scenecanbe warpedto infinity,
etc(seeprojective reconstructionresultin fig 1). To obtain
a metriccalibration,constraintson the internalcamerapa-
rameters(e.g.absenceof skew, known aspectratio, ...) can
be imposedfor self-calibration.A detailedaccountof the
methodsemployedin oursystemcanbefoundin [8, 9].

2.4. Depth Estimation

Only a few salientscenepointsarereconstructedfrom fea-
ture tracking. Obtaininga densereconstructioncould be
achievedby interpolation,but in practicethisdoesnotyield
satisfactoryresults.Oftensomeimportantfeaturesaremissed
duringthecornermatchingandwill notappearin therecon-
struction. Theseproblemscanbe avoidedby usingstereo
matchingalgorithmswhich estimatecorrespondencesfor
almostevery point in theimages.Sincewe have computed
the calibrationbetweensuccessive imagepairswe canex-
ploit theepipolarconstraintthatrestrictsthecorrespondence
searchto a1-D searchrange.In additionto theepipolarge-
ometry, otherconstraintslikepreservingtheorderof neigh-
boring pixels, bidirectionaluniquenessof the match,and
detectionof occlusionscanbe included.Theseconstraints
areusedfor stereomatchingof imagespairs to guide the

1By calibrationwemeantheactualinternalcalibrationof thecameraas
well astherelative positionandorientationof thecamerafor thedifferent
views with respectto anarbitrarycoordinatesystem.

correspondencetowardsthe mostprobableepipolarmatch
usinga dynamicprogrammingscheme[2].

Thepairwisedisparityestimationallowstocomputeim-
agecorrespondencesbetweenadjacentimagepairs,andin-
dependentdepthestimatesfor eachcameraviewpoint. An
optimaljoint estimateis achievedby fusingall independent
estimatesinto a common3-D model. The approachuti-
lizes a flexible multi-viewpoint schemeby combiningthe
advantagesof smallbaselineandwide baselinestereo.Ad-
jacentimagepairswith smallbaselinesarelinkedover the
sequenceby includingmoreandmoredistantviewpointsto
refinetheestimate[5].

2.5. 3-D Modeling

Eachdepthmapcoversthescenestructurethatcanbeseen
from this particularviewpoint only. To handleocclusions
and to model a completescenethe different depthmaps
mustbe integratedin 3D-space.The fusion is obtainedby
building an intermediate3-D volumeinto which all depth
mapsareprojectedwhile consideringtheestimationuncer-
tainty of eachdepthestimate. The volumerepresentsthe
probabilitydensityof theestimated3-D scenesurface[7].

Thedefinedvoxel resolutionquantizesthesurfacedis-
tribution into nearest-neighborapproximations.If thevoxel
quantizationis coarserthantheestimationuncertainty, then
the density projection approachis reducedto simply in-
crementingindividual voxel values. We can think of this
techniqueasbuilding a wall by settingall individualstones
(voxels) of the wall. Eachsurfacevoxel will be hit more
thanoncebecauseit is exposedtomultipleviews. Theprob-
ability of a surfacevoxel is thereforehigh ascomparedto
interiorandexteriorpoints.Thusweobtaina robusthough-
like integrationschemefor surfacepoint candidateswhere
mostof the hits areconcentratedon the 3D surface. Out-
liers will hit wrongvoxelsbut they areeasilydiscardedby
thresholdingthevoxel distribution. Fig. 2 demonstratesthe
mappingof depthestimatesinto thevoxel space.

Thresholdingtheregionsof highestprobabilityandcon-
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Figure 2: Left: camerasprojectingsurfaceestimatesinto
thevoxel space.Thesurfaceis definedastheaccumulated
probabilitydensitydistributionvalueaboveacertainthresh-
old. Right: surfacereconstructionof theofficescene,mod-
eledfrom 187views(seesection3.1).



Figure3: Top: Image(left) andcameracalibration(right)
from hand-heldoffice sequence.The little pyramids in-
dicate the positionsof the camerathat was swept freely
over the scene.Bottom left: Top view of surfacegeome-
try. Pleasenotethedetailedgeometryof thekeyboard,the
ball andthegluestick. Thestickwasmodeledfromall sides
which is impossiblefrom a singleviewpoint. Bottomright:
Surfacetexturingof themodelto improvethevisualresult.

vertingthoseregionsto atriangularwire-framesurfacerep-
resentationyieldsthe3-Dscenegeometry. Thesurfacemesh
is finally overlayedwith a texturemaptaken from the real
imagesto cover fine andun-modeledsurfacedetails. This
resultsin avery realisticvisualreconstructionquality.

3. APPLICATIONS

Theproposedsystemwastestedonalargevarietyof scenes
with different camerasof varying quality (35 mm photo
cameraon Photo-CD,digital still camera,cam-corder)and
wasfoundto work evenunderdifficult acquisitioncircum-
stances.We discusstwo differentexamples.

3.1. Office sequence

We testedour approachwith anuncalibratedhand-heldse-
quence.A digitalconsumervideocamera(Sony DCR-TRV900
with progressive scan)was swept freely over a cluttered
sceneon a desk,coveringa viewing surfaceof about1 m2.
The resultingvideo streamwas then digitized on an SGI
O2 by simply grabbing187 framesat more or lesscon-
stant intervals. No carewas taken to manuallystabilize
the camerasweep. Fig. 3(top left) displaysan imageof
the sequenceandthe cameratracking(top right) with the
camerasaspyramidsandthetracked3D pointsin theback-
ground(black). For the 3-D reconstructionwe fusedthe

Figure 4: Images2 and 9 of the site sequence(top) and
overview modelof thecompletesite(bottom).

depthmapsfrom all viepoints. Fig. 3 (bottom)shows the
resultingmodelfrom atopview, andasideview of thesur-
facegeometrycanbeseenin fig. 2 (right).

3.2. Sagalassosarchaeologicalexcavation site

Extensive field trials werecarriedout at thearchaeological
excavationsiteof Sagalassosin Turkey. This is a challeng-
ing tasksincethe archaeologistswant to reconstructeven
smallsurfacedetailsandirregularstructures,andtheterrain
is difficult. Thegoalof this field testwasto prove the fea-
sibility of ourapproachfor avarietyof scenesandto model
objectsfor a virtual exhibition that canbe presentedover
theInternet.

3.2.1. SagalassosSite

TheSitesequencein figure4 is a goodexampleof a large
scalemodeling using off-the-shelfequipment. Nine im-
agesof thecompleteexcavationsite(extensiona few km2)
weretakenwith a conventionalphotographiccamerawhile
walking alongthe valley rim. The film wasthendigitized
on Photo-CD.The Sitereconstructionin figure4 (bottom)
givesagoodoverview of thevalley relief. Someof thedom-
inantobjectslike theRomanBathandtheMarketplace,as
well aslandmarkslike big treesor stonesarealreadymod-
eledat thiscoarsescalebut withoutany detail.

3.2.2. Detail modelsof theRomanbath

This sequenceis a typical exampleof a detailedmodel. It
consistsof onepart of the Romanbath that wasmodeled



Figure5: Top: 2 imagesof RomanBathsequence.Middle:
estimateddepthmap and reconstructedsurface. Bottom:
Detail of modelwithoutandwith surfacetexture.

with high resolution. Figure5 shows 2 of the six original
images,the fuseddepthmapand3D-reconstructions.The
depthreconstructionis very dense,and the relative depth
errorwasestimatedto 0.8%. Figure5 (bottom)revealsthe
high reconstructionquality which givesa realisticimpres-
sion of the object. The close-upview confirmsthat each
stoneis modeled,including relief and small indentations.
Theindentationsbelongto erosiongapsbetweenthestones.

3.2.3. Augmentingthesitemodel

With 3-D reconstructionsat handwe caneasilymerge the
reconstructedreal sitemodelswith hypothesizedbuildings
that were constructedfrom archaeologicalfindings. This
techniqueallows to visualizethesiteasit oncemight have
been. In the caseof Sagalassossomebuilding hypothesis
weretranslatedto CAD modelsandintegratedwith our re-
constructions.Thesitecanthenbevisitedin avirtual tourist
application2 whereavirtual tourguideexplainsthesiteto a
visitor, seefig. 6.

4. CONCLUSIONS

An automatic3Dscenereconstructionsystemwasdescribed
that is capableto modeltexturedsurfacesfrom imagesof a
freely moving, uncalibratedcamera.It extractsmetricsur-
facemodelswithoutprior knowledgeaboutthesceneor the

2Reconstructionresultscanbeviewedat
http://www.esat.kuleuven.ac.be/psi/visics/demos.html

Figure 6: Sagalassosvirtual tourism applicationcombin-
ing video-basedreconstructions,CAD models,andavirtual
guide.

cameraotherthanassumingrigidity of theobjects.Theap-
proachwastestedwith differentoff-the-shelfcameratypes
ona varietyof realscenesof varyingscaleandcomplexity.
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