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Abstract

In this paperan approachis presentedthat obtainsvirtual mod-
els from sequencesof images. The systemcandealwith uncali-
bratedimagesequencesacquiredwith a hand-heldcamera.Based
ontrackedor matchedfeaturestherelationsbetweenmultipleviews
arecomputed.Fromthisboththestructureof thesceneandthemo-
tion of thecameraareretrieved. Theambiguityon thereconstruc-
tion is restrictedfrom projective to metricthroughauto-calibration.
A �e xible multi-view stereomatchingschemeis usedto obtaina
denseestimationof thesurfacegeometry. Fromthecomputeddata
virtual modelscanbeconstructedor, inversely, virtual modelscan
beincludedin theoriginal images.

Keywords: Large scaleterrain modelling, Site reconstruction,
Image-basedmodelling,virtual archaeology.

1 Intr oduction

Therehasrecentlybeena lot of interestin obtainingvirtual mod-
els of existing scenes.Image-basedapproacheshave shown a lot
of potentialin many areas.Oneof theareaswhereinterestingap-
plicationsexist is architecture.Nowadaysmostbuildingsarebeing
designedoncomputerusingCAD andvisualizationtoolsallow vir-
tualvisits. Thiscanbeveryeffective in presentingplansto persons
thatarenot trainedin readingthem. However, mostconstructions
have to be consideredin their environment. It is thereforeneces-
saryto beableto generatearealisticimpressionof theenvironment
too. Dueto thecomplexity of naturalsitesa manualreconstruction
canoftennotbeconsideredandthereis aneedfor moreautomated
approachesthatcandirectly capturetheenvironment.Otherappli-
cationscanbe found in the �eld of conservation of built heritage.
In this areaphotogrammetrictechniqueshave beenusedfor many
years.However, throughadvancesin automationanddigital tech-
nology muchmorecompleteanalysescanbe achieved at reduced
cost. In addition,digital 3D modelscanalsobeusedfor planning
restorationsand as archives afterwards. Of course,thereis also
animportantdemandfor photo-realisticmodelsof monumentsand
sitesfor multi-mediaandentertainmentproducts.

For most of the above applicationsthereis a needfor simple
and �e xible acquisitionprocedures.Thereforecalibrationshould
beabsentor restrictedto a minimum. Many new applicationsalso

requirerobust low cost acquisitionsystems. This stimulatesthe
useof consumerphoto-or videocameras.Someapproacheshave
beenproposedfor extracting3D shapeandtexturefrom imagese-
quencesacquiredwith afreelymoving camerahavebeenproposed.
Theapproachof TomasiandKanade[21] usedanaf�ne factoriza-
tion methodto extract3D from imagesequences.An importantre-
strictionof thissystemis theassumptionof orthographicprojection.
Anothertypeof approachstartsfrom anapproximate3D modeland
cameraposesandre�nes themodelbasedon images(e.g. Façade
proposedby Debevecet al. [6]). Theadvantageis that lessimages
arerequired.On theotherhanda preliminarymodelmustbeavail-
ableandthegeometryshouldnotbetoocomplex.

Theapproachpresentedin thispaperavoidsmostof theserestric-
tions. The approachcapturesphoto-realisticvirtual modelsfrom
images.The useracquiresthe imagesby freely moving a camera
aroundanobjector scene.Neitherthecameramotionnor thecam-
erasettingshave to be known a priori. Thereis alsono needfor
preliminarymodels.Theapproachcanalsobeusedto combinevir-
tualobjectswith realvideo,yielding augmentedvideosequences.

2 Relating images

Startingfrom a collectionof imagesor a video sequencethe �rst
stepconsistsin relatingthedifferentimagesto eachother. This is
not a easyproblem. A restrictednumberof correspondingpoints
is suf�cient to determinethe geometricrelationshipor multi-view
constraints betweenthe images. Sincenot all points are equally
suitedfor matchingor tracking (e.g. a pixel in a homogeneous
region), the �rst stepconsistof selectingfeaturepoints [11, 20].
Thesearesuitedfor trackingor matching.Dependingon the type
of imagedata(i.e. video or still pictures)the featurepoints are
trackedor matchedanda numberof potentialcorrespondencesare
obtained.Fromthesethemulti-view constraintscanbecomputed.
However, sincethe correspondenceproblemis an ill-posedprob-
lem, the setof correspondingpointscanbe contaminatedwith an
importantnumberof wrong matchesor outliers. In this case,a
traditional least-squaresapproachwill fail and thereforea robust
methodis used[22, 10]. Oncethemulti-view constraintshavebeen
obtainedthey canbeusedto guidethesearchfor additionalcorre-
spondences.Thesecanthenbeusedto furtherre�ne theresultsfor
themulti-view constraints.

3 Structure and motion reco very

The relationbetweenthe views andthe correspondencesbetween
the features,retrievedasexplainedin theprevioussection,will be
usedto retrievethestructureof thesceneandthemotionof thecam-
era.Theapproachthatis usedis relatedto [1] but is fully projective
and thereforenot dependenton the quasi-euclideaninitialization.
This is achieved by strictly carryingout all measurementsin the
images,i.e. usingreprojectionerrorsinsteadof 3D errors.To sup-
port initialization anddeterminationof closeviews (independently
of theactualprojective frame)animage-basedmeasureto obtaina
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Figure1: Theposeestimationof anew view usesinferredstructure-
to-imagematches.

qualitative evaluationof thedistancebetweentwo views hadto be
used.Theproposedmeasureis theminimummedianresidualfor a
homographybetweenthetwo views.

At �rst two imagesareselectedandan initial projective recon-
structionframeis set-up[8, 12]. Thentheposeof the camerafor
theotherviews is determinedin this frameandfor eachadditional
view the initial reconstructionis re�ned andextended.This is il-
lustratedin Figure1. In this way theposeestimationof views that
have no commonfeatureswith the referenceviews alsobecomes
possible. Typically, a view is only matchedwith its predecessor
in the sequence.In mostcasesthis works �ne, but in somecases
(e.g. when the cameramoves back and forth) it can be interest-
ing to alsorelatea new view to a numberof additionalviews [16].
Candidateviewsareidenti�ed usingtheimage-basedmeasuremen-
tionedabove. Oncethestructureandmotionhasbeendetermined
for the whole sequence,the resultscanbe re�ned througha pro-
jective bundle adjustment[24]. Then the ambiguity is restricted
to metric throughauto-calibration[9]. Our approachis basedon
theconceptof theabsolutequadric[23, 19]. Finally, a metricbun-
dle adjustmentis carriedout to obtainanoptimalestimationof the
structureandmotion.

4 Dense surface estimation

To obtain a more detailedmodel of the observed surface dense
matchingis used.Thestructureandmotionobtainedin theprevi-
ousstepscanbeusedto constrainthecorrespondencesearch.Since
thecalibrationbetweensuccessive imagepairswascomputed,the
epipolarconstraintthat restrictsthe correspondencesearchto a 1-
D searchrangecanbe exploited. Imagepairsarewarpedso that
epipolarlinescoincidewith theimagescanlines. For this purpose
the recti�cation schemeproposedin [18] is used. This approach
candealwith arbitraryrelativecameramotionandguaranteesmin-
imal imagesizeswhile standardhomography-basedapproachesfail
when the epipoleis containedin the image. The correspondence
searchis thenreducedto amatchingof theimagepointsalongeach
imagescan-line.Thisresultsin adramaticincreaseof thecomputa-
tionalef�ciency of thealgorithmsbyenablingseveraloptimizations
in thecomputations.An exampleof a recti�ed stereopair is given
in Figure2. It wasrecordedwith a hand-helddigital videocamera

in theBéguinagein Leuven.Dueto thenarrow streetsonly forward
motion is feasible. This would have causedstandardrecti�cation
appraochesto fail.

Figure2: Béguinagesequence:Recti�ed imagepair(left) andsome
viewsof thereconstructedstreetmodelobtainedfromseveralimage
pairs(right).

In additionto the epipolargeometryotherconstraintslike pre-
serving the order of neighboring pixels, bidirectional unique-
nessof the match,and detectionof occlusionscan be exploited.
Theseconstraintsare usedto guide the correspondencetowards
the mostprobablescan-linematchusinga dynamicprogramming
scheme[4]. The matchersearchesat eachpixel in oneimagefor
maximumnormalizedcrosscorrelationin theotherimageby shift-
ing a small measurementwindow along the correspondingscan
line. Matching ambiguitiesare resolved by exploiting the order-
ing constraintin the dynamicprogrammingapproach[14]. The
algorithm was further adaptedto employ extendedneighborhood
relationshipsand a pyramidal estimationschemeto reliably deal
with very largedisparityrangesof over50%of imagesize[7]. The
disparitysearchrangeis limited basedon thedisparitiesthatwere
observedfor thefeaturesin thestructureandmotionrecovery.

The pairwisedisparity estimationallows to computeimageto
imagecorrespondencebetweenadjacentrecti�ed imagepairsand
independentdepthestimatesfor eachcameraviewpoint. An opti-
mal joint estimateis achieved by fusing all independentestimates
into a common3D modelusinga Kalman �lter . The fusion can
beperformedin aneconomicalway throughcontrolledcorrespon-
dencelinking. This approachwasdiscussedmorein detail in [15].

This approachcombinesthe advantagesof small baselineand
wide baselinestereo. It can provide a very densedepth map
by avoiding most occlusions. The depth resolutionis increased



throughthe combinationof multiple viewpoints and large global
baselinewhile the matchingis simpli�ed throughthe small local
baselines.

5 Building vir tual models

In theprevioussectionsa densestructureandmotionrecovery ap-
proachwasgiven.Thisyieldsall thenecessaryinformationto build
photo-realisticvirtual models.The3D surfaceis approximatedby
a triangularmeshto reducegeometriccomplexity andto tailor the
modelto the requirementsof computergraphicsvisualizationsys-
tems. A simple approachconsistsof overlaying a 2D triangular
meshon top of oneof the imagesandthenbuild a corresponding
3D meshby placing the verticesof the trianglesin 3D spaceac-
cordingto the valuesfound in the correspondingdepthmap. The
imageitself is usedastexturemap.If nodepthvalueis availableor

Figure3: Surfacereconstructionapproach(left): A triangularmesh
is overlaidon top of theimage.Theverticesareback-projectedin
spaceaccordingto thedepthvalues.Fromthis a 3D surfacemodel
is obtained(right)

thecon�denceis too low thecorrespondingtrianglesarenot recon-
structed.Thesamehappenswhentrianglesareplacedover discon-
tinuities. This approachworkswell on densedepthmapsobtained
from multiple stereopairsandis illustratedin Figure3.

The texture itself canalsobe enhancedthroughthe multi-view
linking scheme. A medianor robust meanof the corresponding
texture valuescan be computedto discardimaging artifacts like
sensornoise,specularre�ectionsandhighlights[17].

To reconstructmorecomplex shapesit is necessaryto combine
multiple depthmaps.Sinceall depth-mapscanbelocatedin a sin-
gle metric frame,registrationis not an issue.In somecasesit can
be suf�cient to load the separatemodelstogetherin the graphics

system.For morecomplex scenesit canbeinterestingto �rst inte-
gratethedifferentmeshesinto asinglemesh.Thiscanfor example
bedoneusingthevolumetrictechniqueproposedin [5].

Alternatively, whenthepurposeis to rendernew viewsfrom sim-
ilar viewpointsimage-basedapproachescanbeused[16, 13]. This
approachavoidsthedif�cult problemof obtaininga consistent3D
model by usingview-dependenttexture andgeometry. This also
allows to take morecomplex visualeffectssuchasre�ections and
highlightsinto account.

6 Examples and applications

In this sectiona numberof differentexamplesandapplicationsare
presented.First, a numberof examplesarepresentedwherea de-
tailed3D modelis obtaiendfrom a small numberof photographs.
Next, different applicationsin the �eld of archaeologyare dis-
cussed. By combiningdifferent 3D modelstogetherwith CAD
modelsthat representarchaeologicalhypothesis,a whole archae-
ological site is reconstructed.Then more speci�c archaeological
applicationsare discussed:3D recordingof stratigraphyand 3D
recordingof broken columnsto generateand verify building hy-
pothesis.

6.1 Acquiring 3D scenes

The3D surfaceacquisitiontechniquethatwaspresentedin thepre-
vious section,canreadily be appliedto archaeologicalsites. The
on-siteacquisitionprocedureconsistsof recordingan imagese-
quenceof the scenethat onedesiresto reconstruct.To allow the
algorithmsto yield goodresultsviewpoint changesbetweencon-
secutive imagesshouldnot exceed5 to 10 degrees.Thefollowing
sequencewasshotin Ranakpur(India)usinga standardNikon F50
photocameraandthenscanned.The sequenceseenat the top of
Figure4 wasprocessedthroughthemethodpresentedin thispaper.
The resultscanbe seenin the middle andlower part of Figure4.
Somemoredetailedviews canbeseenin Figure5. Notethatsome
of thesearti�cial viewsaretakenunderviewing anglesthatarevery
differentfrom theoriginal pictures.This shows that therecovered
modelsallow to extrapolateviewpointsto someextent.

The 3D surfaceacquisitiontechniquethat waspresentedin the
previous sections,can readily be applied to archaeologicalsites.
This is illustratedin thissectionwith someresultsfrom thearchae-
ological site of Sagalassos(Turkey). The on-siteacquisitionpro-
cedureconsistsof recordingan imagesequenceof the scenethat
onedesiresto virtualize, makingsurethateverythingthatshouldbe
modeledis seenin at leasttwo images.To allow thealgorithmsto
yield goodresultsviewpoint changesbetweenconsecutive images
shouldnotexceed5 to 10 degrees.An exampleof sucha sequence
is given in Fig. 6. The further processingis fully automatic.The
result for the imagesequenceunderconsiderationcanbe seenin
Fig. 7. An importantadvantageis thatdetailslike missingstones,
notperfectlyplanarwallsor symmetricstructuresarepreserved. In
additionthe surfacetexture is directly extractedfrom the images.
Thisdoesnot only resultin a muchhigherdegreeof realism,but is
alsoimportantfor theauthenticityof thereconstruction.Therefore
thereconstructionsobtainedwith this systemcanalsobeusedasa
scalemodelon whichmeasurementscanbecarriedout or asa tool
for planningrestaurations.

6.2 Building a vir tual site

A �rst approachto obtaina virtual reality model for a whole site
consistsof taking a few overview photographsfrom the distance.
Sinceour techniqueis independentof scalethis yieldsanoverview
modelof thewholesite.Theonly differenceis thedistanceneeded



Figure4: TheIndiantemplesequence(left), recoveredsparsestruc-
tureandmotion (top-right)andtexturedanda shadedview of the
reconstructed3D surfacemodel(bottom-right).

Figure5: Somemoredetailedviews of the Indian templerecon-
struction.

Figure6: Imagesequencewhich wasusedto build a 3D modelof
thecornerof theRomanbaths

Figure7: Virtualizedcornerof theRomanbaths,on theright some
detailsareshown

betweentwo cameraposes.An exampleof theresultsobtainedfor
Sagalassosare shown in Fig. 8. The model was createdfrom 9
imagestakenfrom ahillsideneartheexcavationsite.Notethatit is
straightforwardto extracta digital terrainmapor orthophotosfrom
theglobalreconstructionof thesite.Absolutelocalizationcouldbe
achieved by localizing as few asthreereferencepoints in the 3D
reconstruction.

Figure8: Overview modelof Sagalassos

Theproblemis thatthis kind of overview modelis too coarseto
be usedfor realisticwalk-throughsaroundthe site or for looking
at speci�c monuments.Thereforeit is necessaryto integratemore
detailedmodelsinto thisoverview model.Thiscanbedoneby tak-
ing additionalimagesequencesfor all the interestingareason the
site.Theseareusedto generatereconstructionsof thesiteat differ-
entscales,goingfrom aglobalreconstructionof thewholesiteto a
detailedreconstructionfor everymonument.Thesereconstructions
thusnaturally�ll in thedifferentlevels of detailswhich shouldbe
providedfor optimalrendering.

An interestingpossibility is the combinationof thesemodels
with othertypeof models.In thecaseof Sagalassossomebuilding
hypothesisweretranslatedto CAD models.Thesewereintegrated
with ourmodels.Theresultcanbeseenin Fig. 9. Also othermod-
els obtainedwith different3D acquisitiontechniquescould easily
beintegrated.This reconstructionis availableon internet(seeVir-
tualSagalassos).



Figure9: Virtualizedlandscapeof Sagalassoscombinedwith CAD-
modelsof reconstructedmonuments

6.3 Recording 3D Stratigraph y

Archaeologyis oneof the scienceswereannotationsandprecise
documentationaremost importantbecauseevidenceis destroyed
duringwork. An importantaspectof this is thestratigraphy. This
re�ects thedifferentlayersof soil thatcorrespondsto differenttime
periodsin an excavatedsector. Due to practical limitations this
stratigraphyisoftenonly recordedfor someslices,notfor thewhole
sector.

Ourtechniqueallowsamoreoptimalapproach.For everylayera
complete3D modelof theexcavatedsectorcanbegenerated.Since
thisonly involvestakingaseriesof picturesthisdoesnotslow down
the progressof the archaeologicalwork. In additionit is possible
to modelseparatelyartifactswhich are found in theselayersand
to includethemodelsin the�nal 3D stratigraphy. Theexcavations
of an ancientRomanvilla at Sagalassoswere recordedwith our
technique.In Fig. 10 a view of the3D modelof theexcavation is
providedfor two differentlayers.Theon-siteacquisitiontime was
around1 minuteperlayer.

Figure10: 3D stratigraphy, theexcavationof a Romanvilla at two
differentmoments.

6.4 Generating and testing building hypothesis

Thetechniqueproposedin thispaperalsohasa lot to offer for gen-
eratingandtestingbuilding hypothesis.Dueto theeaseof acquisi-
tion and the obtainedlevel of detail, onecould reconstructevery
building block separately. The different constructionhypothesis
can then interactively be veri�ed on a virtual building site. Reg-
istration algorithms[2, 25] could even be usedto automatethis.
Fig. 11shows anexample.

6.5 Reconstruction from archives

The �e xibility of the proposedapproachmakes it possibleto use
existing photo-or video archivesto reconstructfrom. This appli-

Figure11: Two imagesof abrokenpillar (top)andtheorthographic
views of the matchingsurfacesgeneratedfrom the obtained3D
models(bottom)

cationis very interestingfor monumentsor siteswhich have been
destroyeddueto waror naturaldesastre.Thefeasabilityof thistype
of reconstructionis illustratedwith a reconstructionof theancient
theaterof Sagalassosbasedon a sequence�lmed by the belgian
TV in 1990to illustratea documentaryon Sagalassos.From the
30 secondshelicoptershotapproximatively hundredimageswere
extracted.Becauseof themotiononly �elds –notframes–couldbe
used,which restrictedthe vertical resolutionto 288 pixels. Three
imagesof the sequenceareshown in Fig. 12. The reconstruction
of the featurepointstogetherwith the recoveredcameraposesare
shown in Fig 13.

Figure12: Threeimagesof thehelicoptershotof theancienttheatre
of Sagalassos.

6.6 Fusion of real and vir tual scenes

Another challengingapplicationconsistsof seamlesslymerging
virtual objectswith real video. In this casethe ultimate goal is
to make it impossibleto differentiatebetweenrealandvirtual ob-
jects. Severalproblemsneedto beovercomebeforeachieving this
goal.Amongstthemaretherigid registrationof virtual objectsinto
therealenvironment,theproblemof mutualocclusionof realand
virtual objectsandtheextractionof theilluminationdistribution of
therealenvironmentin orderto renderthevirtual objectswith this
illuminationmodel.

Herewewill concentrateonthe�rst of theseproblems,although
the computationsdescribedin the previous sectionalso provide
mostof thenecessaryinformationto solve for occlusionsandother
interactionsbetweenthe real and virtual componentsof the aug-
mentedscene. Accurateregistrationof virtual objectsinto a real
environmentis still a challengingproblems. Systemsthat fail to
do so will also fail to give the usera real-life impressionof the
augmentedoutcome.Sinceour approachdoesnot usemarkersor



Figure13: The reconstructedfeaturepointsandcameraposesre-
coveredfrom thehelicoptershot.

a-priori knowledgeof the sceneor the camera,this allows for us
to dealwith video footageof unpreparedenvironmentsor archive
videofootage.Moredetailson this approachcanbefoundin [3].

An importantdifferencewith the applicationsdiscussedin the
previous sectionsis that in this caseall framesof the input video
sequencehaveto beprocessedwhile for 3D modelingoftenasparse
setof views is suf�cient. Therefore,in this casefeaturesshould
be tracked from frameto frame. A key componentin this caseis
thebundleadjustment.It doesnot only reducethe frameto frame
jitter, but removesthelargestpartof theerrorthatthestructureand
motionapproachaccumulatesover thesequence.Accordingto our
experienceit is very important to extend the perspective camera
modelwith at leastoneparameterfor radialdistortionto obtainan
undistortedmetricstructure(thiswill beclearlydemonstratedin the
example).Undistortedmodelsarerequiredto positionlargervirtual
entitiescorrectlyin the modelandto avoid drift of virtual objects
in theaugmentedvideosequences.

The following examplewas recordedat Sagalassosin Turkey,
wherefootageof the ruins of an ancientfountainwastaken. The
fountainvideosequenceconsistsof 250frames.A largepartof the
original monumentis missing. Basedon resultsof archaeological
excavationsandarchitecturalstudies,it waspossibleto generatea
virtual copy of themissingpart. Using theproposedapproachthe
virtual reconstructioncould be placedbackon the remainsof the
originalmonument,atleastin therecordedvideosequence.Thetop
partof Figure14showsatopview of therecoveredstructurebefore
andafterbundle-adjustment.Besidesthelargerreconstructionerror
it canalsobenoticedthatthenon-re�nedstructureis slightly bent.
This effect mostlycomesfrom not takingtheradialdistortioninto
accountin the initial structurerecovery. In the restof Figure14
someframesof theaugmentedvideoareshown.

7 Conc lusion

In thispaperanapproachfor obtainingvirtual modelswith ahand-
heldcamerawaspresented.Theapproachutilizesdifferentcompo-
nentsthatgraduallyretrieve all theinformationthatis necessaryto
constructvirtual modelsfrom images.Automaticallyextractedfea-
turesaretrackedor matchedbetweenconsecutive views andmulti-
view relationsarerobustly computed.Basedon this theprojective
structureandmotion is determinedandsubsequentlyupgradedto
metricthroughself-calibration.Bundle-adjustmentis usedto re�ne
the results. Then, imagepairs are recti�ed and matchedusing a
stereoalgorithmanddenseandaccuratedepthmapsareobtained
by combiningmeasurementsof multiple pairs.This techniquewas

Figure14: Fusionof realandvirtual fountainparts.Top: recovered
structurebeforeandafterbundleadjustment.Bottom: 6 of the250
framesof thefusedvideosequence



succesfullyappliedto the acquisitionof virtual modelsof archae-
ological sites. Therearemultiple advantages:the on-siteacquisi-
tion time is restricted,the constructionof themodelsis automatic
andthegeneratedmodelsarerealistic.Thetechniqueallows some
very promisingapplicationssuchas3D stratigraphyrecording,the
(automatic)generationandveri�cation o building hypothesis,the
3D reconstructionof scenesbasedonarchive photographsor video
footageandmixing archaeologicalremainswith virtual erconstruc-
tionsin video.
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