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Abstract

Modelling of 3D objectsfrom imagesequencess a challengingproblemand hasbeenan important
researchopic in the areasof photogrammetryand computervision for mary years.In this paper a
systeris presentedvhichautomaticallyextractsatextured3D surfacemodelfrom asequencef images
of asceneThesystencandealwith unknavn camerasettingsn addition,theparametersf thiscamera
areallowedto changeduringacquisition(e.g.by zoomingor focussing) No prior knovledgeaboutthe
scends necessaryo build the 3D models.Thereforethis systemoffersa high degreeof e xibility. The
systenis basedn state-of-the-aralgorithmsrecentlydevelopedin computervision. The3D modelling
taskis decomposethto a numberof succesie steps.Gradually moreknowledgeof the sceneandthe
camerasetupis retrieved. At this point, the obtainedaccurag is not yet at the level requiredfor most
metrologyapplications but the visual quality is very corvincing. This systemhasbeenappliedto a
numberof applicationsn archaeologyThe Romansite of Sagalasso&outh-wesiTurkey) wasusedas

atestcaseto illustratethe potentialof this newv approach.
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1. Intr oduction

Obtaining3D modelsfrom objectsis anongoingresearchopicin computewision andpho-
togrammetryA few yearsagothemainapplicationsverevisualinspectiorandrobotguidance.
However, novadayghe emphasiss shifting. Thereis moreandmoredemandor 3D modelsin
computergraphicsyirtual reality andcommunicationThisresultsin achangan emphasigor
the requirementsThe visual quality becomesne of the main pointsof attention.The acqui-
sition conditionsandthe technicalexpertiseof the usersn thesenew applicationdomainscan
oftennotbematchedvith therequirementsf existing systemsTheserequireintricatecalibra-
tion proceduregvery time the systemis used.Thereis animportantdemandor e xibility in
acquisition.Calibrationprocedureshouldbe absenbr restrictedto a minimum. Additionally,
the existing systemsare often built aroundspecialisechardware (e.g. Sequeiraet al., 1999;
El-Hakim etal., 1998)resultingin a high costfor thesesystemsMany new applicationshow-
everrequiresimplelow costacquisitionsystemsThis stimulateshe useof consumephotoor

videocameras.

Otherresearcherbave presentedystemdor extracting 3D shapeandtexture from image
sequenceacquiredwith afreely moving cameraTheapproactof TomasiandKanade(1992)
usedanaf ne factorisatiormethodto extract3D from imagesequencesAn importantrestric-
tion of this systems theassumptiorof orthographigrojection.Debevecetal. (1996)proposed
a systemthat startsfrom an approximate3D modeland cameraposesandre nes the model
basedonimages.View dependentexturing is usedto enhanceealism.The adwvantages that
only arestrictednumberof imagesarerequired.On the otherhand,a preliminarymodelmust
be availableandthe geometryshouldnot be too complex. A similar approachwasdescribed

by DorffnerandForkert (1998).

In this paper we presenta systemwhich retrievesa 3D surfacemodelfrom a sequencef
imagestaken with off-the-shelfconsumercamerasThe useracquiresthe imagesby freely
moving the cameraaroundthe object.Neitherthe cameramotionnor the camerasettingshave
to beknown. The obtained3D modelis a scaledversionof the original object(i.e. ametricre-

construction)andthe surfacetextureis obtainedrom theimagesequencaswell. Our system



usesfull perspectie camerasanddoesnot requireprior modelsnor calibration.In contrasto
existing systemssuchasPhotoModele(2000)our approachs fully automatic.The complete
systemcombinesstate-of-the-aralgorithmsof differentareasof computervision: projective

reconstructionself-calibration anddensedepthestimation

Projectivereconstructionilt hasbeenshavn by Faugerag1992)andHartley et al. (1992)
thata reconstructiorup to an arbitrary projectve transformatiorwas possiblefrom an uncal-
ibratedimagesequenceSincethen,a lot of effort hasbeenputin reliably obtainingaccurate
estimate®f the projective calibrationof animagesequenceRolustalgorithmswereproposed
to estimatethe fundamentamatrix from imagepairs(Torr, 1995;Zhanget al., 1995).Based
on this, algorithmsthat sequentiallyretrieve the projective calibrationof a completeimage

sequencaveredeveloped(e.g.Beardsly etal., 1997).

Self-calib@ation: Sincea projectve calibrationis not sufcient for mostapplications re-
searcherdried to nd waysto automaticallyupgradeprojectve calibrationsto metric (i.e.
Euclideanup to scale).Whenthis is donebasedon someconstraintson the cameraintrin-
sic parametersthis is called self-calibration.Note that this de nition is differentfrom the
usualde nition in photogrammetryvhereself-calibrationconsistof there nementof anini-
tial calibrationbasedon the available measurementé-rasey 1997). Typically, it is assumed
that the samecamerais usedthroughoutthe sequencendthatthe intrinsic cameraparame-
tersareconstantThis provedadif cult problemandmary researchersave workedonit (e.qg.
Faugeratal., 1992;Hartley, 1994;Triggs, 1997;Pollefeys andVan Gool, 1999).0Oneof the
main problemsis that critical motion sequencesxist for which self-calibrationdoesnot re-
sultin auniquesolution(Sturm,1997).We proposeda morepragmaticapproachPollefeys et
al., 1999a)which assumeshatsomeparametersire (approximatelyknown but which allows

othersto vary. Thereforethis approactcandealwith zooming/focusingameras.

Densedepthestimation: Oncethe calibrationof the imagesequencdiasbeenestimated,
stereoscopitriangulationtechnique®f imagecorrespondencesmnbe usedto estimatedepth.
The dif cult partin stereoscopidepthestimationis to nd densecorrespondenceapsbe-

tweentheimages.The correspondencgroblemis facilitatedby exploiting constraintderved



from the calibrationand from someassumptionsaboutthe scene We usean approachthat
combinedocalimagecorrelationmethodswith a dynamicprogrammingapproactio constrain
the correspondencsearch(seeFalkenhagen1995;Coxetal., 1996;Koch,1996).Theresults
arefurtherre ned througha multi-view approachi{Kochetal., 1998).

This paperis organisedasfollows. In Section2, a generaloverview of the systemis given.
In the subsequensectionsthe differentstepsare explainedin moredetail: projectve recon-
struction(Section3), self-calibration(Sectiord), densealepthestimationSection5) andmodel
generation(Section6). In Section7, someresultsthat were obtainedfrom the archaeological

siteof SagalassoarepresentedSection8 concludeghe paper

2. Overview of the method

The presentedsystemgraduallyretrieves more information aboutthe sceneand the cam-
erasetup.The rst stepis to relatethe differentimages.This is donepairwiseby retrieving
theepipolargeometryAn initial reconstructions thenmadefor the rst two imagesof the se-
guenceForthesubsequentmagesthecamergoses estimatedn theprojectveframede ned
by the rst two camerasFor every additionalimagethatis processedt this stage the inter
estpointscorrespondindo pointsin previousimagesarereconstructedre ned or corrected.
Thereforejt is not necessaryhattheinitial pointsstayvisible throughouthe entiresequence.
Theresultof this stepis areconstructiorof typically afew hundredto a few thousandnterest
pointsandthe (projective) poseof the cameraThe reconstructions only determinedup to a
projectve transformation.

The next stepconsistsof restrictingthe ambiguity of the reconstructiorto a metric one.
In a projectve reconstructiomot only the scene,but also the camerasare distorted.Since
the algorithm dealswith unknowvn scenesijt hasno way of identifying this distortionin the
reconstructionAlthoughthe cameras alsoassumedo be unknavn, someconstrainton the
intrinsic camergparameterge.g.rectangulaor squarepixels,constanaspectatio or principal
pointcloseto thecentreof theimage)canoftenbeassumedA distortiononthecameramostly

resultan theviolationof oneor moreof theseconstraintsA metricreconstruction/calibratiois



obtainedby transformingheprojectivereconstructiono asolutionfor whichall theconstraints
onthecamerantrinsic parameteraresatis ed.

At this point the systemeffectively disposesf a calibratedimagesequenceThe relatve
positionandorientationof the cameras known for all viewpoints.This calibrationfacilitates
thesearcHor correspondingointsandallowstheuseof a sterecalgorithmthatwasdeveloped
for a calibratedsystemandwhich allowsto nd correspondencdsr mostof the pixelsin the
imagesTo allow theuseof ef cient algorithmstheimagesare rst recti ed. Sincethestandard
planarrecti cation schemedoesnotwork for all typesof cameramotion,anew procedurevas
proposed.

Fromthe correspondencet)edistancerom thepointsto the cameracentrecanbe obtained
throughtriangulation.Theseresultsare re ned and completedby combiningthe correspon-
dencedrom multiple images A densemetric 3D surfacemodelis obtainedoby approximating
thedepthmapwith atriangularwireframe.Thetextureis obtainedrom theimagesandmapped
ontothesurface.

In Fig. 1 anoverview of the systemis given.It consistf independenmoduleswhich pass
on the necessarynformationto the next modules.The rst modulecomputeshe projectve
calibrationof thesequencéogethemith a sparseeconstructionln thenext module themetric
calibrationis computedfrom the projectve cameramatricesthroughself-calibration.Then,
densecorrespondencmapsare estimatedFinally, all resultsareintegratedin a textured 3D
surfacereconstructiorof the sceneunderconsideration.

In thefollowing sectionsof this paper the differentstepsof the methodwill be explainedin
moredetail. An imagesequencef the Arenbeg castlein Leuvenwill beusedfor illustration.
Someimagesof this sequenceanbe seenin Fig. 2. Thefull sequenceonsistsof 24 images

recordedwith avideocamergresolution pixels).

3. Projectivereconstruction

At rst, theimagesarecompletelyunrelated.The only assumptions thatthe imagesform

a sequencen which consecutre imagesdo not differ too much. Therefore the local neigh-
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Fig. 1. Overview of the system(thecameragrerepresentedy little pyramids).

Fig. 2. Someimagesof the Arenbeg castlesequenceThis sequencés usedthroughoutthis paperto

illustratethe differentstepsof thereconstructiorsystem.



bourhoodof imagepointsoriginatingfrom the samescenepoint shouldlook similar, if images
are closein the sequenceThis allows for automaticmatchingalgorithmsto retrieve corre-
spondences heapproachakento obtaina projective reconstructions very similarto theone

proposedy Beardslg etal. (1997).

3.1. Relatingtheimages

It is not feasibleto compareevery pixel of oneimagewith every pixel of the next image.
It is thereforenecessaryo reducethe combinatorialcompleity. In addition,not all pointsare
equallywell suitedfor automaticmatching.The local neighbourhoodsf somepointscontain
alot of intensityvariationandarethereforenaturallymoresuitedto differentiatefrom others.
The Harris cornerdetector(Harris and Stephens1988)is usedto selecta setof suchpoints.
Correspondencdsetweerntheseimagepointsneedto be establishedhrougha matchingpro-
cedure.

Matchesaredeterminedhroughnormalisedcross-correlatiomf the intensity valuesof the
local neighbourhoodSinceimagesaresupposeahot to differ too much,correspondingpoints
can be expectedto be found backin the sameregion of the image. Therefore,at rst only
interestpointswhich have similar positionsareconsideredor matching. Whentwo pointsare
mutualbestmatchesthey areconsideredspotentialcorrespondences.

Sincethe epipolargeometrydescribeshe completegeometryrelating two views, this is
whatshouldberetrieved. Computingit from the setof potentialmatcheghroughleastsquares
generallydoesnot give satisfyingresultsdue to its sensitvity to outliers. Therefore,a ro-
bust approachshouldbe used.Several techniqueshave beenproposedTorr, 1995; Zhanget
al., 1995). Our systemincorporategshe methoddevelopedby Torr (1995)which is basedon
RANSAC (RANdom SAmpling Consesusfrom FischlerandBolles (1981).This approachs
briey sketchedhere:

repeat

take minimal sample (7 matches)

compute epipolar geometry



estimate  percentage  of inliers
until  satisying solution
refine  epipolar geometry (using all inliers)
Oncetheepipolargeometryhasbeenretrieved,onecanstartlooking for morematchedore ne
this geometry In this casethe searchregion is restrictedto a few pixels aroundthe epipolar

lines.

3.2. Initial reconstruction

Thetwo rst imagesof the sequenceare usedto determinea referenceframe. The world
frameis typically alignedwith the rst cameraTheseconccameras chosersothattheepipo-
lar geometrycorrespondgo the oneretrieved in the previous section.In fact, 4 degreesof
freedomcorrespondindo the positionof theplaneatin nity andtheglobalscaleof therecon-
structionremain(remembethatfor a projectve reconstructiorthe planethat correspondso
theplaneatin nity canbelocatedarnywhere).Althoughthe precisepositionof this planewill
only bedeterminedn the self-calibrationstage|t is interestingto avoid thatit passeshrough
thesceneThis canbedoneby choosingts positionsothatall pointsarereconstructedh front
of the cameraseeHartley, 1994;or LaveauandFaugeras1996).0Oncethe cameragprojection
matriceshave beendeterminedthe matchescan be reconstructedhroughtriangulation.The
optimal methodfor this is given by Hartley and Sturm (1997). This gives us a preliminary

reconstructionwhich canbe usedasa calibrationobjectfor the next views.

3.3. Addinga view

For every additionalview, the posetowardsthe pre-&isting reconstructioris determined,
thenthereconstructions updatedThis s illustratedin Fig. 3. The rst stepsconsistsof nd-
ing the epipolargeometryasdescribedn Section3.1. Then,the matchesvhich correspondo
alreadyreconstructegbointsare usedto computethe projectionmatrix. This is doneusinga
robustproceduresimilar to theonelaid outin Section3.1. In this casea minimal sampleof 6

matcheds neededo computethe camergprojectionmatrix. Onceit hasbeendeterminedthe
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Fig. 4. (a) apriori searclrange (b) searchrangealongthe epipolarline and(c) searclrangearoundthe

predictedpositionof the point.

projectionof alreadyreconstructegointscanbe predicted Thisallowsto nd someadditional
matchego re ne the estimationof projectionmatrix. This meanghatthesearchspacds grad-
ually reducedrom a large neighbourhoo@roundthe original coordinatego the epipolarline
andthento the predictedprojectionof thepoint. Thisis illustratedin Fig. 4.

Oncethe camergprojectionmatrix hasbeendeterminedthereconstructions updatedThis
consistsof re ning, correctingor deletingalreadyreconstructegoints and initialising new

pointsfor new matchesThereforethis approactdoesnotrequirethattheinitial featurepoints



stayvisible, sincethe calibrationobjectis extendedfor every new view. After this procedure
hasbeenrepeatedor all images,onedisposesf cameraposesfor all views andthe recon-
structionof the interestpoints.In the further modulesmainly the cameracalibrationis used.
Thereconstructioritself is usedto obtainanestimateof thedisparityrangefor thedensestereo
matching.

This procedureto add a view only relatesthe imageto the previous image.In fact, it is
implicitly assumedhatoncea pointgetsout of sight,it will notreappearAlthoughthisis true
for mary sequenceshis assumptiongloesnot alwayshold. Whenthe systemis usedto record
theappearancef anobjectfrom all around the cameras oftenmovedbackandforth. In this
caseinterestpointswill continuouslydisappeaandreappeareadingto a singlepoint having
multiple instancesyvhich arenot consistentThis allows the error to accumulateover longer
sequencesA possiblesolution (seePollefeys, 1999) consistof not only relating the actual
view with the previous one,but alsowith othercloseviews. The proposedroceduregoesas
follows. An initial positionof thecamerdor theactualview is estimatedasedntheprevious
view. This is thenusedto determinewhich other cameraposesare close,thenthe matching
procedureof the previous sectionis repeatedor eachoneof theseviews. This allowsto relate
reappearingointsto the reconstructiorthatwaspreviously obtainedfor them.This approach
wassuccessfullyappliedin the context of the acquisitionof image-basedcenemodels(Koch

etal.,1999).

4. Self-calibration

Thereconstructiorobtainedasdescribedn the previous paragraphs only determinedip to
an arbitraryprojective transformationThis might be sufcient for someapplicationsbut cer
tainly notfor visualisation.The systemuseghe self-calibratiormethoddescribedy Pollefeys
etal. (1999a)(seealsoPollefeys, 1999)to restricttheambiguityon thereconstructiorio metric
(i.e. Euclideanupto scale).This e xible self-calibrationtechniqueallows theintrinsic camera
parameterso vary duringthe acquisition.This featureis especiallyusefulwhenthe cameras

equippedvith azoomor with auto-focus.
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Fig. 5. Reconstructioefore(top) andafter (bottom)self-calibration.

It is outsidethe scopeof this paperto discusshis methodin detail. The approachs based
on the conceptof the absoluteconic. This virtual conic is presentin every scene.Oncelo-
cated,t allowsto carryoutmetricmeasurementsnd,thus,to upgradehereconstructiorfrom
projectve to metric. The problemis however that the absoluteconic canonly be obsered
throughconstrainton theintrinsic camergparametersThe approactdescribedn Pollefeys et
al. (1999a)consistof translatingconstraintn the intrinsic camergparameter$o constraints

ontheabsoluteconic.

Somereconstruction®efore andafter the self-calibrationstageare shavn. The top part of
Fig. 5 givesthe reconstructiorbeforeself-calibration.Therefore,it is only determinedup to
an arbitrary projectve transformatiorand metric propertiesof the scenecannot be obsenred
from this representationThe bottom part of Fig. 5 shavs the resultafter self-calibration At
this point the reconstructiorhasbeenupgradedo metric and propertiessuchas parallellism

andorthogonalitycanbeveri ed.
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5. Densedepth estimation

Only afew scenegpointsarereconstructedrom matchedeatures Obtaininga denserecon-
structioncould be achieved by interpolation,but in practicethis doesnot yield satistctory
results.Smallsurfacedetailswould never bereconstructeéh this way. Additionally, someim-
portantfeaturesareoftenmissedduringthe cornermatchingandwould thereforenot appeain
thereconstructionTheseproblemscanbe avoidedby usingalgorithmswhich estimatecorre-
spondencefor almostevery pointin theimages Becauseahe reconstructiorwasupgradedo

metric,algorithmsthatweredevelopedfor calibratedsterearigs canbeused.

5.1. Recti cation

Sincewe have computedhe calibrationbetweersuccessie imagepairs,we canexploit the
epipolarconstrainthatrestrictsthe correspondenceearcho a1-D searchrange.lt is possible
to re-mapthe imagepair so that the epipolarlines coincidewith theimagescanlines (Koch,
1996). The correspondencesearchis thenreducedto a matchingof the imagepoints along
eachimagescan-line Thisresultsin adramaticincreaseof the computationaéf ciency of the
algorithmsby enablingseveraloptimisationdgn the computations.

For somemotions(i.e. whenthe epipoleis locatedin theimage)standardecti cation based
on planarhomographiess not possiblesinceit would resultin in nitely largeimagesSincein
our casethe motionis not restricted anotherapproactshouldbe used.The systemdescribed
in this paperusesa new approach(Pollefeys et al., 1999b).The methodcombinessimplicity
with minimalimagesizeandworksfor all possiblemotions.Thekey ideaconsistof reparam-
eterisingtheimagein polarcoordinatesroundthe epipole.Minimal imagesizeis guaranteed
by selectinghe distancebetweerntwo consecuiie epipolarlines sothatthe areaof every pixel
is atleastpresered. Sincethe matchingambiguityis restrictedto half epipolarlines (Laveau
and Faugeras1996),all thatis neededs the orientedepipolargeometry This canbe easily
extractedfrom the computedcamergorojectionmatrices As anexample,arecti ed imagepair
from the castleis shawn for both the standardechniqueand our new generalisedechnique.

Fig. 6 shavstherecti ed imagepairfor bothmethods.A secondexampleshavsthatthemeth-
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Fig. 6. Recti ed imagepair for both methodsstandarchomographybasedmethod(left), new method

(right).

Fig. 7. Original imagepair (left; epipolemarked by white dot) andrecti ed imagepair (right; epipole

corresponds$o right imageborders).

odsworks properly whenthe epipoleis in theimage.In Fig. 7, the original andtherecti ed
imagepairsareshovn. Notethatin this casehestandardecti cation procedureannotdeliver

recti ed images.

13



right epipolar line

1,2

1 2 3,4 left epipolar line

Fig. 8. lllustrationof the orderingconstrainfleft). Densematchingasa pathsearckproblem(right).

5.2. Densestereomatding

In additionto theepipolargeometryotherconstraintdik e preservingheorderof neighbour
ing pixels,bidirectionaluniquenessf thematch,anddetectiornof occlusionsanbe exploited.
Theseconstraintsare usedto guide the correspondenctowardsthe mostprobablescan-line
matchusinga dynamicprogrammingschemegCox et al. (1996)). This approachoperateon
recti ed imagepairsandisillustratedin Fig. 8. Thematchersearcheateachpixelin oneimage
for maximumnormaliseccrosscorrelationin the otherimageby shiftinga smallmeasurement
window (kernelsize5x5 to 7x7 pixels) alongthe correspondingcanline. Matchingambigu-
ities areresoled by exploiting the orderingconstraintn the dynamicprogrammingapproach
(seeKoch,1996).Thealgorithmwasfurtheradaptedo employ extendedneighbourhoodela-
tionshipsanda pyramidalestimationschemeo reliably dealwith very large disparityranges

of over 50% of imagesize.

5.3. Multi-view matding

The pairwise disparity estimationallows to computeimageto image correspondencbe-
tweenadjacentrecti ed imagepairs,andindependentlepthestimatesor eachcameraview-
point. An optimaljoint estimateas achievedby fusingall independen¢stimate$nto acommon

3D model.Thefusion canbe performedin aneconomicalay throughcontrolledcorrespon-

14



" link terminates
B..

R—l P I:i)+1
Downward linking -=—  upward linking

Fig. 9. Depthfusion anduncertaintyreductionfrom correspondencknking (left), linking stopswhen
anoutlieris encounteredright).  representhe camerastations, theuncertaintyrangeand the
line of sightfor aspeci c pixel. Downwardandupwardlinking correspond$o imagesbeforeandatfter

the currentimagerespecitiely.

Fig. 10. Densedepthmap(cfr. secondmageof Fig.2; light meansearanddarkmeandar).
dencelinking (seeFig. 9). The approachutilisesa e xible multi viewpoint schemewhich
combinesthe advantagesf small baselineandwide baselinestereo(seeKoch et al., 1998).
Theresultof this proceduréas a very densedepthmap(seeFig. 10). Most occlusionproblems

areavoidedby linking correspondencdsom precedingandfollowing imagesn the sequence.

6. Building the model

The densedepthmapsas computedby the correspondencknking mustbe approximated

by a 3D surfacerepresentatiosuitablefor visualisation.Sofar, eachobjectpoint wastreated
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independentlyTo achiere spatialcoherencdor a connectedurface the depthmapis spatially

interpolatedusinga parametricsurfacemodel. The boundarief the objectsto be modelled

arecomputedthroughdepthsegmentationin a rst step,anobjectis de ned asa connected
regionin space Simplemorphologicalltering removesspuriousandvery smallregions.Then

aboundeahin platemodelis employedwith a secondordersplineto smooththe surfaceand

to interpolatesmall surfacegapsin regionsthatcould notbe measured.

The spatially smoothedsurfaceis then approximatedoy a triangularwire-framemeshto
reducegeometriccompleity andto tailor the modelto therequirement®f computergraphics
visualisatiorsystemsThemeshtriangulationcurrentlyutilisesthereferenceview only to build
themodel.Thesurfacefusionfrom differentviewpointsto completelyclosethemodelsremains
to beimplemented.

Texture mappingontothe wire-framemodelgreatlyenhancesherealismof the models As
texturemap,onecouldtake thereferenceamagetexturealoneandmapit to the surfacemodel.
However, this createsa biastowardsthe selectedmageandimagingartifactslik e sensomnoise,
unwantedspeculame ections or the shadingof the particularimagearedirectly transformed
onto the object. A betterchoiceis to fusethe texture from the imagesequencen muchthe
sameway asdepthfusion. Theviewpointlinking builds a controlledchainof correspondences
thatcanbe usedfor textureenhancemerdaswell. The estimationof a robustmeantexture will
capturethe staticobjectonly andthe artifacts(e.g.speculare ections or pedestrianpassing

in front of abuilding) aresuppressedin exampleof theresultingmodelcanbeseenn Fig. 11.

7. Someexamples

The 3D surfaceacquisitiontechniquethatwaspresentedn the previous sectionscanread-
ily beappliedto archaeologicasites.This s illustratedin this sectionwith someresultsfrom
the archaeologicasite of SagalassoéTurkey). The on-siteacquisitionprocedureconsistsof
recordinganimagesequencef thescenghatonedesiredo virtualise, makingsurethatevery-

thing that shouldbe modelledis seenin at leasttwo images.To allow the algorithmsto yield
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Fig. 11. Resulting3D surfacemodel,shadedleft), textured(right).

Fig. 12.Imagesequencavhich wasusedto build a 3D modelof the cornerof the Romanbaths.

goodresultsviewpointchangedetweerconsecutieimagesshouldnotexceeds to 10 degrees.
An exampleof sucha sequencés givenin Fig. 12. The further processings fully automatic.
The resultfor the imagesequenceainderconsideratiorcanbe seenin Fig. 13. An important
adwantages thatdetailslik e missingstonesnot perfectlyplanarwalls or symmetricstructures
arepresered. In addition,the surfacetextureis directly extractedfrom theimages.This does
not only resultin amuchhigherdegreeof realism,but is alsoimportantfor the authenticityof

thereconstructionThereforethereconstructionsbtainedwith this systemcanalsobeusedas

ascalemodelonwhichmeasurementsanbecarriedout or asatool for planningrestaurations.
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Fig. 13. Virtualisedcornerof the Romanbaths.On theright somedetailsareshavn.

7.1. Building a virtual site

A rst approachto obtaina virtual reality modelfor a whole site consistsof taking a few
overview photograph$srom thedistanceSinceourtechniquas independentf scalethisyields
anovervien modelof the whole site. The only differencels the distanceneededetweerntwo
cameraposes.An exampleof the resultsobtainedfor Sagalassoare shovn in Fig. 14. The
modelwascreatedrom 9 imagestakenfrom ahillside nearthe excavation site. Note thatit is
straightforvardto extractadigital terrainmapor orthophotosrom theglobalreconstructiorof
thesite. Absolutelocalisationcould be achiezed by localisingasfew asthreereferencepoints

in the 3D reconstruction.

Fig. 14.Overview modelof Sagalassos.

The problemis thatthis kind of overviev modelis too coarseto be usedfor realisticwalk-

throughsaroundthe site or for looking at speci c monumentsTherefore,it is necessaryo
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integratemoredetailedmodelsinto this overvien model.This canbe doneby takingadditional
imagesequencesor all the interestingareason the site. Theseare usedto generataecon-
structionsof the site at differentscalesgoingfrom a globalreconstructiorof thewhole siteto
a detailedreconstructiorfor every monumentThesereconstructionshusnaturally ll-in  the
differentlevelsof details,which shouldbe providedfor optimalrendering.

An interestingpossibility is the combinationof thesemodelswith othertype of models.In
the caseof Sagalassosomebuilding hypothesisveretranslatedo CAD models(Martenset
al., 2000).Thesewereintegratedwith our models.Theresultcanbeseenn Fig. 15. Also other
modelsobtainedwith different 3D acquisitiontechniquescould be easily integrated. These

reconstructionareavailableon theinternet(seeVirtual Sagalasso£000).

Fig. 15. Virtualisedlandscap®f Sagalassosombinedwith CAD-modelsof reconstructednonuments.

7.2. Otherapplications

Sincethesereconstructionsire generatecautomaticallyandthe on-siteacquisitiontime is
very short,severalnew applicationscometo mind. In this section,a few possibilitiesareillus-

trated.

7.2.1 3D stratigraphy
Archaeologyis oneof the sciencesvhereannotationsand precisedocumentatiorare most

importantbecausevidenceis destrogedduringwork. An importantaspecbf thisis the stratig-
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raphy This re ects the differentlayersof soil thatcorrespondso differenttime periodsin an
excavatedsector Dueto practicallimitations, this stratigraphyis oftenonly recordedor some
slices,notfor thewhole sector

Our techniqueallows a more optimal approachFor every layer a complete3D model of
the excavatedsectorcanbe generatedSincethis only involvestaking a seriesof picturesthis
doesnotslow down the progres®f thearchaeologicalvork. In addition,it is possibleto model
separatehartifactswhich arefoundin theselayersandto includethe modelsin the nal 3D
stratigraphyThe excavationsof anancientRomanvilla at Sagalassoererecordedwith our
techniqueln Fig. 16 a view of the 3D modelof the excavationis provided for two different

layers.The on-siteacquisitiontime wasaroundl minuteperlayer.

Fig. 16. 3D stratigraphythe excavation of a Romanvilla attwo differentmoments.

7.2.2 Geneating andtestingbuilding hypothesis

Thetechniqueproposedn this papethasalsoalot to offer for generatingaindtestingbuilding
hypothesisDueto theeasenf acquisitionandthe obtainedevel of detail,onecouldreconstruct
every building block separatelyThen, the different constructionhypothesiscan be veri ed
interactively at a virtual building site. In addition,registrationalgorithms(ChenandMedioni,

1991;VandenWyngaercetal., 1999)couldbeusedio automatehis. Fig. 17 shavsanexample.
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Fig. 17. Two imagesof a brokenpillar (left) andthe orthographioziews of the matchingsurfacesgener
atedfrom the obtained3D models(right).

7.2.3 Reconstructiofiromarchives

The e xibility of the proposedapproachmakesit possibleto useexisting photo or video
archvesto reconstructobjects. This applicationis very interestingfor monumentsor sites
which have beendestrgyed dueto war or naturaldisastersThe feasabilityof this type of re-
constructions illustratedwith areconstructiorof the ancienttheaterof Sagalassosasedn a
sequencelmed by the BelgianTV in 1990to illustratea documentaryon Sagalassogzrom
the30second$elicoptershot,approximatvely hundredmageswereextracted Becausef the
motion,only image elds —notframes—could be used,which restrictedthe verticalresolution
to 288 pixels. Threeimagesof the sequenceare showvn in Fig. 18. The reconstructiorof the

featurepointstogethemwith therecoreredcamergposesareshavn in Fig 19.

Fig. 18. Threeimagesof the helicoptershotof the ancienttheatreof Sagalassos.

8. Conclusionand further reseach

An automatic3D scenemodellingtechniquewvasdiscussedhatis capableof building mod-
els from uncalibratedmage sequencesThe techniqueis able to extract detailedmetric 3D

modelswithout prior knowledgeaboutthe sceneor the cameraThis techniquewassuccess-
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Fig. 19. Thereconstructedeaturepointsandcamergposesecoreredfrom the helicoptershot.

fully appliedto the acquisitionof virtual modelsof archaeologicasites.The advantagesare
numeroustheon-siteacquisitiontime is restrictedthe constructiorof themodelsis automatic
andthe generatednodelsare realistic. The techniqueallows somemore promisingapplica-
tions like 3D stratigraphythe generationand testingof building hypothesisand the virtual

reconstructiorof monumentgrom archive images.

Our main goal, while developingthis approachwasto shav the feasiblity of 3D recon-
structionfrom ahand-heldcameraFutureresearctwill consistof improving theapproackand
developingit further To increasethe accurag, the simple pinhole cameramodelwill be ex-
tendedo take distortionsinto accountAnotherimprovementwill consistof integratingpartial

modelsinto a singleglobalreconstructiorthroughvolumetrictechniques.
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