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Abstract

Modelling of 3D objectsfrom imagesequencesis a challengingproblemandhasbeenan important

researchtopic in the areasof photogrammetryandcomputervision for many years.In this paper, a

systemis presentedwhichautomaticallyextractsatextured3Dsurfacemodelfrom asequenceof images

of ascene.Thesystemcandealwith unknown camerasettings.In addition,theparametersof thiscamera

areallowedto changeduringacquisition(e.g.by zoomingor focussing).No prior knowledgeaboutthe

sceneis necessaryto build the3D models.Therefore,thissystemoffersahighdegreeof �e xibility. The

systemis basedonstate-of-the-artalgorithmsrecentlydevelopedin computervision.The3D modelling

taskis decomposedinto a numberof succesive steps.Gradually, moreknowledgeof thesceneandthe

camerasetupis retrieved.At this point, theobtainedaccuracy is not yet at the level requiredfor most

metrologyapplications,but the visual quality is very convincing. This systemhasbeenappliedto a

numberof applicationsin archaeology. TheRomansiteof Sagalassos(south-westTurkey) wasusedas

a testcaseto illustratethepotentialof thisnew approach.
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1. Intr oduction

Obtaining3D modelsfrom objectsis anongoingresearchtopic in computervisionandpho-

togrammetry. A few yearsagothemainapplicationswerevisualinspectionandrobotguidance.

However, nowadaystheemphasisis shifting.Thereis moreandmoredemandfor 3D modelsin

computergraphics,virtual realityandcommunication.This resultsin achangein emphasisfor

the requirements.Thevisualquality becomesoneof themainpointsof attention.Theacqui-

sition conditionsandthetechnicalexpertiseof theusersin thesenew applicationdomainscan

oftennotbematchedwith therequirementsof existingsystems.Theserequireintricatecalibra-

tion proceduresevery time thesystemis used.Thereis animportantdemandfor �e xibility in

acquisition.Calibrationproceduresshouldbeabsentor restrictedto a minimum.Additionally,

the existing systemsare often built aroundspecialisedhardware (e.g.Sequeiraet al., 1999;

El-Hakim et al., 1998)resultingin a high costfor thesesystems.Many new applicationshow-

ever requiresimplelow costacquisitionsystems.Thisstimulatestheuseof consumerphotoor

videocameras.

Otherresearchershave presentedsystemsfor extracting3D shapeandtexture from image

sequencesacquiredwith a freely moving camera.Theapproachof TomasiandKanade(1992)

usedanaf�ne factorisationmethodto extract3D from imagesequences.An importantrestric-

tion of thissystemis theassumptionof orthographicprojection.Debevecetal. (1996)proposed

a systemthat startsfrom an approximate3D modelandcameraposesandre�nes the model

basedon images.View dependenttexturing is usedto enhancerealism.Theadvantageis that

only a restrictednumberof imagesarerequired.On theotherhand,a preliminarymodelmust

be availableandthe geometryshouldnot be too complex. A similar approachwasdescribed

by DorffnerandForkert (1998).

In this paper, we presenta systemwhich retrievesa 3D surfacemodelfrom a sequenceof

imagestaken with off-the-shelfconsumercameras.The useracquiresthe imagesby freely

moving thecameraaroundtheobject.Neitherthecameramotionnor thecamerasettingshave

to beknown. Theobtained3D modelis ascaledversionof theoriginalobject(i.e. ametricre-

construction),andthesurfacetextureis obtainedfrom theimagesequenceaswell. Oursystem
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usesfull perspective camerasanddoesnot requireprior modelsnor calibration.In contrastto

existing systemssuchasPhotoModeler(2000)our approachis fully automatic.Thecomplete

systemcombinesstate-of-the-artalgorithmsof differentareasof computervision: projective

reconstruction, self-calibrationanddensedepthestimation.

Projectivereconstruction:It hasbeenshown by Faugeras(1992)andHartley et al. (1992)

thata reconstructionup to anarbitraryprojective transformationwaspossiblefrom anuncal-

ibratedimagesequence.Sincethen,a lot of effort hasbeenput in reliably obtainingaccurate

estimatesof theprojectivecalibrationof animagesequence.Robustalgorithmswereproposed

to estimatethe fundamentalmatrix from imagepairs(Torr, 1995;Zhanget al., 1995).Based

on this, algorithmsthat sequentiallyretrieve the projective calibrationof a completeimage

sequenceweredeveloped(e.g.Beardsley etal., 1997).

Self-calibration: Sincea projective calibrationis not suf�cient for most applications,re-

searcherstried to �nd ways to automaticallyupgradeprojective calibrationsto metric (i.e.

Euclideanup to scale).When this is donebasedon someconstraintson the cameraintrin-

sic parameters,this is called self-calibration.Note that this de�nition is different from the

usualde�nition in photogrammetrywhereself-calibrationconsistsof there�nementof anini-

tial calibrationbasedon the availablemeasurements(Fraser, 1997).Typically, it is assumed

that the samecamerais usedthroughoutthe sequenceandthat the intrinsic cameraparame-

tersareconstant.Thisprovedadif�cult problemandmany researchershaveworkedon it (e.g.

Faugeraset al., 1992;Hartley, 1994;Triggs,1997;Pollefeys andVanGool,1999).Oneof the

main problemsis that critical motion sequencesexist for which self-calibrationdoesnot re-

sult in a uniquesolution(Sturm,1997).We proposedamorepragmaticapproach(Pollefeys et

al., 1999a)which assumesthatsomeparametersare(approximately)known but which allows

othersto vary. Therefore,thisapproachcandealwith zooming/focusingcameras.

Densedepthestimation: Oncethe calibrationof the imagesequencehasbeenestimated,

stereoscopictriangulationtechniquesof imagecorrespondencescanbeusedto estimatedepth.

The dif�cult part in stereoscopicdepthestimationis to �nd densecorrespondencemapsbe-

tweentheimages.Thecorrespondenceproblemis facilitatedby exploiting constraintsderived
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from the calibrationand from someassumptionsaboutthe scene.We usean approachthat

combineslocal imagecorrelationmethodswith adynamicprogrammingapproachto constrain

thecorrespondencesearch(seeFalkenhagen,1995;Cox et al., 1996;Koch,1996).Theresults

arefurtherre�ned throughamulti-view approach(Kochetal., 1998).

This paperis organisedasfollows. In Section2, a generaloverview of thesystemis given.

In the subsequentsections,the differentstepsareexplainedin moredetail: projective recon-

struction(Section3),self-calibration(Section4),densedepthestimation(Section5) andmodel

generation(Section6). In Section7, someresultsthatwereobtainedfrom thearchaeological

siteof Sagalassosarepresented.Section8 concludesthepaper.

2. Overview of the method

The presentedsystemgraduallyretrievesmore informationaboutthe sceneand the cam-

erasetup.The �rst stepis to relatethe different images.This is donepairwiseby retrieving

theepipolargeometry. An initial reconstructionis thenmadefor the�rst two imagesof these-

quence.For thesubsequentimages,thecameraposeis estimatedin theprojectiveframede�ned

by the �rst two cameras.For every additionalimagethat is processedat this stage,the inter-

estpointscorrespondingto pointsin previous imagesarereconstructed,re�ned or corrected.

Therefore,it is not necessarythattheinitial pointsstayvisible throughouttheentiresequence.

Theresultof this stepis a reconstructionof typically a few hundredto a few thousandinterest

pointsandthe (projective) poseof thecamera.The reconstructionis only determinedup to a

projective transformation.

The next stepconsistsof restrictingthe ambiguity of the reconstructionto a metric one.

In a projective reconstructionnot only the scene,but also the camerasare distorted.Since

the algorithmdealswith unknown scenes,it hasno way of identifying this distortion in the

reconstruction.Althoughthecamerais alsoassumedto beunknown, someconstraintson the

intrinsiccameraparameters(e.g.rectangularor squarepixels,constantaspectratioor principal

pointcloseto thecentreof theimage)canoftenbeassumed.A distortiononthecameramostly

resultsin theviolationof oneormoreof theseconstraints.A metricreconstruction/calibrationis
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obtainedby transformingtheprojectivereconstructiontoasolutionfor whichall theconstraints

on thecameraintrinsicparametersaresatis�ed.

At this point the systemeffectively disposesof a calibratedimagesequence.The relative

positionandorientationof thecamerais known for all viewpoints.This calibrationfacilitates

thesearchfor correspondingpointsandallowstheuseof astereoalgorithmthatwasdeveloped

for a calibratedsystemandwhich allows to �nd correspondencesfor mostof thepixelsin the

images.To allow theuseof ef�cient algorithms,theimagesare�rst recti�ed. Sincethestandard

planarrecti�cation schemedoesnotwork for all typesof cameramotion,anew procedurewas

proposed.

Fromthecorrespondences,thedistancefrom thepointsto thecameracentrecanbeobtained

throughtriangulation.Theseresultsare re�ned andcompletedby combiningthe correspon-

dencesfrom multiple images.A densemetric3D surfacemodelis obtainedby approximating

thedepthmapwith atriangularwireframe.Thetextureis obtainedfromtheimagesandmapped

ontothesurface.

In Fig. 1 anoverview of thesystemis given.It consistsof independentmoduleswhich pass

on the necessaryinformationto the next modules.The �rst modulecomputesthe projective

calibrationof thesequencetogetherwith asparsereconstruction.In thenext module,themetric

calibrationis computedfrom the projective cameramatricesthroughself-calibration.Then,

densecorrespondencemapsareestimated.Finally, all resultsareintegratedin a textured3D

surfacereconstructionof thesceneunderconsideration.

In thefollowing sectionsof thispaper, thedifferentstepsof themethodwill beexplainedin

moredetail.An imagesequenceof theArenberg castlein Leuvenwill beusedfor illustration.

Someimagesof this sequencecanbeseenin Fig. 2. Thefull sequenceconsistsof 24 images

recordedwith a videocamera(resolution	�

�����
	�
 pixels).

3. Projective reconstruction

At �rst, the imagesarecompletelyunrelated.Theonly assumptionis that the imagesform

a sequencein which consecutive imagesdo not differ too much.Therefore,the local neigh-
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Fig. 1. Overview of thesystem(thecamerasarerepresentedby little pyramids).

Fig. 2. Someimagesof the Arenberg castlesequence.This sequenceis usedthroughoutthis paperto

illustratethedifferentstepsof thereconstructionsystem.
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bourhoodof imagepointsoriginatingfrom thesamescenepointshouldlook similar, if images

are closein the sequence.This allows for automaticmatchingalgorithmsto retrieve corre-

spondences.Theapproachtakento obtainaprojectivereconstructionis verysimilar to theone

proposedby Beardsley etal. (1997).

3.1. Relatingtheimages

It is not feasibleto compareevery pixel of oneimagewith every pixel of the next image.

It is thereforenecessaryto reducethecombinatorialcomplexity. In addition,not all pointsare

equallywell suitedfor automaticmatching.Thelocal neighbourhoodsof somepointscontain

a lot of intensityvariationandarethereforenaturallymoresuitedto differentiatefrom others.

The Harriscornerdetector(Harris andStephens,1988)is usedto selecta setof suchpoints.

Correspondencesbetweentheseimagepointsneedto beestablishedthrougha matchingpro-

cedure.

Matchesaredeterminedthroughnormalisedcross-correlationof the intensityvaluesof the

local neighbourhood.Sinceimagesaresupposednot to differ too much,correspondingpoints

can be expectedto be found back in the sameregion of the image.Therefore,at �rst only

interestpointswhich have similar positionsareconsideredfor matching.Whentwo pointsare

mutualbestmatches,they areconsideredaspotentialcorrespondences.

Sincethe epipolargeometrydescribesthe completegeometryrelating two views, this is

whatshouldberetrieved.Computingit from thesetof potentialmatchesthroughleastsquares

generallydoesnot give satisfyingresultsdue to its sensitivity to outliers. Therefore,a ro-

bust approachshouldbe used.Several techniqueshave beenproposed(Torr, 1995;Zhanget

al., 1995).Our systemincorporatesthe methoddevelopedby Torr (1995)which is basedon

RANSAC (RANdomSAmplingConsesus)from FischlerandBolles(1981).This approachis

brie�y sketchedhere:

repeat

take minimal sample (7 matches)

compute epipolar geometry
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estimate percentage of inliers

until satisying solution

refine epipolar geometry (using all inliers)

Oncetheepipolargeometryhasbeenretrieved,onecanstartlookingfor morematchesto re�ne

this geometry. In this casethe searchregion is restrictedto a few pixels aroundthe epipolar

lines.

3.2. Initial reconstruction

The two �rst imagesof the sequenceareusedto determinea referenceframe.The world

frameis typically alignedwith the�rst camera.Thesecondcamerais chosensothattheepipo-

lar geometrycorrespondsto the one retrieved in the previous section.In fact, 4 degreesof

freedomcorrespondingto thepositionof theplaneat in�nity andtheglobalscaleof therecon-

structionremain(rememberthat for a projective reconstructiontheplanethat correspondsto

theplaneat in�nity canbelocatedanywhere).Althoughtheprecisepositionof this planewill

only bedeterminedin theself-calibrationstage,it is interestingto avoid that it passesthrough

thescene.Thiscanbedoneby choosingits positionsothatall pointsarereconstructedin front

of thecamera(seeHartley, 1994;or LaveauandFaugeras,1996).Oncethecameraprojection

matriceshave beendetermined,the matchescanbe reconstructedthroughtriangulation.The

optimal methodfor this is given by Hartley and Sturm (1997).This givesus a preliminary

reconstruction,whichcanbeusedasacalibrationobjectfor thenext views.

3.3. Addinga view

For every additionalview, the posetowardsthe pre-existing reconstructionis determined,

thenthereconstructionis updated.This is illustratedin Fig. 3. The�rst stepsconsistsof �nd-

ing theepipolargeometryasdescribedin Section3.1.Then,thematcheswhich correspondto

alreadyreconstructedpointsareusedto computethe projectionmatrix. This is doneusinga

robustproceduresimilar to theonelaid out in Section3.1.In this case,a minimal sampleof 6

matchesis neededto computethecameraprojectionmatrix.Onceit hasbeendetermined,the
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Fig. 3. Imagematches( ������������� ) arefoundasdescribedbefore.Sincetheimagepoints, ������� , relate

to object points, ��� , the posefor view  can be computedfrom the inferred matches( �!����� ). "$#

representthecamerastations.
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Fig. 4. (a)apriori searchrange,(b) searchrangealongtheepipolarline and(c) searchrangearoundthe

predictedpositionof thepoint.

projectionof alreadyreconstructedpointscanbepredicted.Thisallowsto �nd someadditional

matchesto re�ne theestimationof projectionmatrix.Thismeansthatthesearchspaceis grad-

ually reducedfrom a largeneighbourhoodaroundtheoriginal coordinatesto theepipolarline

andthento thepredictedprojectionof thepoint.This is illustratedin Fig. 4.

Oncethecameraprojectionmatrix hasbeendetermined,thereconstructionis updated.This

consistsof re�ning, correctingor deletingalreadyreconstructedpoints and initialising new

pointsfor new matches.Therefore,thisapproachdoesnot requirethattheinitial featurepoints
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stayvisible, sincethecalibrationobjectis extendedfor every new view. After this procedure

hasbeenrepeatedfor all images,onedisposesof cameraposesfor all views andthe recon-

structionof the interestpoints.In the furthermodules,mainly thecameracalibrationis used.

Thereconstructionitself is usedto obtainanestimateof thedisparityrangefor thedensestereo

matching.

This procedureto add a view only relatesthe imageto the previous image.In fact, it is

implicitly assumedthatonceapointgetsoutof sight,it will not reappear. Althoughthis is true

for many sequences,thisassumptionsdoesnotalwayshold.Whenthesystemis usedto record

theappearanceof anobjectfrom all around,thecamerais oftenmovedbackandforth. In this

caseinterestpointswill continuouslydisappearandreappear, leadingto a singlepoint having

multiple instances,which arenot consistent.This allows the error to accumulateover longer

sequences.A possiblesolution (seePollefeys, 1999) consistof not only relating the actual

view with thepreviousone,but alsowith othercloseviews. Theproposedproceduregoesas

follows.An initial positionof thecamerafor theactualview is estimatedbasedontheprevious

view. This is thenusedto determinewhich othercameraposesareclose,thenthe matching

procedureof theprevioussectionis repeatedfor eachoneof theseviews.This allows to relate

reappearingpointsto thereconstructionthatwaspreviously obtainedfor them.This approach

wassuccessfullyappliedin thecontext of theacquisitionof image-basedscenemodels(Koch

etal., 1999).

4. Self-calibration

Thereconstructionobtainedasdescribedin thepreviousparagraphis only determinedup to

anarbitraryprojective transformation.This might besuf�cient for someapplicationsbut cer-

tainly not for visualisation.Thesystemusestheself-calibrationmethoddescribedby Pollefeys

etal. (1999a)(seealsoPollefeys,1999)to restricttheambiguityonthereconstructionto metric

(i.e. Euclideanup to scale).This �e xible self-calibrationtechniqueallows theintrinsic camera

parametersto vary duringtheacquisition.This featureis especiallyusefulwhenthecamerais

equippedwith azoomor with auto-focus.
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Fig. 5. Reconstructionbefore(top)andafter(bottom)self-calibration.

It is outsidethescopeof this paperto discussthis methodin detail.Theapproachis based

on the conceptof the absoluteconic. This virtual conic is presentin every scene.Oncelo-

cated,it allowsto carryoutmetricmeasurementsand,thus,to upgradethereconstructionfrom

projective to metric. The problemis however that the absoluteconic can only be observed

throughconstraintson theintrinsiccameraparameters.Theapproachdescribedin Pollefeyset

al. (1999a)consistsof translatingconstraintson theintrinsic cameraparametersto constraints

on theabsoluteconic.

Somereconstructionsbefore andafter theself-calibrationstageareshown. The top partof

Fig. 5 givesthe reconstructionbeforeself-calibration.Therefore,it is only determinedup to

an arbitraryprojective transformationandmetricpropertiesof the scenecannot be observed

from this representation.The bottompart of Fig. 5 shows the resultafter self-calibration.At

this point the reconstructionhasbeenupgradedto metric andpropertiessuchasparallellism

andorthogonalitycanbeveri�ed.
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5. Densedepth estimation

Only a few scenepointsarereconstructedfrom matchedfeatures.Obtaininga denserecon-

structioncould be achieved by interpolation,but in practicethis doesnot yield satisfactory

results.Smallsurfacedetailswouldneverbereconstructedin thisway. Additionally, someim-

portantfeaturesareoftenmissedduringthecornermatchingandwould thereforenotappearin

thereconstruction.Theseproblemscanbeavoidedby usingalgorithmswhich estimatecorre-

spondencesfor almostevery point in the images.Becausethereconstructionwasupgradedto

metric,algorithmsthatweredevelopedfor calibratedstereorigs canbeused.

5.1. Recti�cation

Sincewe havecomputedthecalibrationbetweensuccessive imagepairs,we canexploit the

epipolarconstraintthatrestrictsthecorrespondencesearchto a1-D searchrange.It is possible

to re-mapthe imagepair so that theepipolarlinescoincidewith the imagescanlines (Koch,

1996).The correspondencesearchis thenreducedto a matchingof the imagepoints along

eachimagescan-line.This resultsin adramaticincreaseof thecomputationalef�ciency of the

algorithmsby enablingseveraloptimisationsin thecomputations.

For somemotions(i.e.whentheepipoleis locatedin theimage)standardrecti�cation based

onplanarhomographiesis notpossiblesinceit would resultin in�nitely largeimages.Sincein

our casethemotion is not restricted,anotherapproachshouldbeused.Thesystemdescribed

in this paperusesa new approach(Pollefeys et al., 1999b).The methodcombinessimplicity

with minimal imagesizeandworksfor all possiblemotions.Thekey ideaconsistof reparam-

eterisingtheimagein polarcoordinatesaroundtheepipole.Minimal imagesizeis guaranteed

by selectingthedistancebetweentwo consecutiveepipolarlinessothattheareaof everypixel

is at leastpreserved.Sincethematchingambiguityis restrictedto half epipolarlines(Laveau

andFaugeras,1996),all that is neededis the orientedepipolargeometry. This canbe easily

extractedfrom thecomputedcameraprojectionmatrices.As anexample,arecti�ed imagepair

from the castleis shown for both the standardtechniqueandour new generalisedtechnique.

Fig.6 showstherecti�ed imagepair for bothmethods.A secondexampleshowsthatthemeth-
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Fig. 6. Recti�ed imagepair for bothmethods:standardhomographybasedmethod(left), new method

(right).

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

correspondsto right imageborders).

odsworksproperly, whentheepipoleis in the image.In Fig. 7, theoriginal andthe recti�ed

imagepairsareshown.Notethatin thiscasethestandardrecti�cation procedurecannotdeliver

recti�ed images.

13



1 4

1 2 1,23,4 3 4

2 3

P Pi i+1

op
tim

al 
pa

th

left epipolar line1 2 3,4

1,2 left

search
region

rig
ht

 e
pi

po
la

r 
lin

e

right
occlusion

occlusion

3

4

Fig. 8. Illustrationof theorderingconstraint(left). Densematchingasapathsearchproblem(right).

5.2. Densestereomatching

In additionto theepipolargeometry, otherconstraintslikepreservingtheorderof neighbour-

ing pixels,bidirectionaluniquenessof thematch,anddetectionof occlusionscanbeexploited.

Theseconstraintsareusedto guidethe correspondencetowardsthe mostprobablescan-line

matchusinga dynamicprogrammingscheme(Cox et al. (1996)).This approachoperateson

recti�ed imagepairsandis illustratedin Fig.8.Thematchersearchesateachpixel in oneimage

for maximumnormalisedcrosscorrelationin theotherimageby shiftingasmallmeasurement

window (kernelsize5x5 to 7x7 pixels)alongthecorrespondingscanline. Matchingambigu-

ities areresolvedby exploiting theorderingconstraintin thedynamicprogrammingapproach

(seeKoch,1996).Thealgorithmwasfurtheradaptedto employ extendedneighbourhoodrela-

tionshipsanda pyramidalestimationschemeto reliably dealwith very largedisparityranges

of over50%of imagesize.

5.3. Multi-view matching

The pairwisedisparityestimationallows to computeimageto imagecorrespondencebe-

tweenadjacentrecti�ed imagepairs,andindependentdepthestimatesfor eachcameraview-

point.An optimaljoint estimateis achievedby fusingall independentestimatesinto acommon

3D model.The fusioncanbeperformedin aneconomicalway throughcontrolledcorrespon-
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Fig. 10.Densedepthmap(cfr. secondimageof Fig.2; light meansnearanddarkmeansfar).

dencelinking (seeFig. 9). The approachutilises a �e xible multi viewpoint scheme,which

combinesthe advantagesof small baselineandwide baselinestereo(seeKoch et al., 1998).

Theresultof this procedureis a verydensedepthmap(seeFig. 10).Most occlusionproblems

areavoidedby linking correspondencesfrom precedingandfollowing imagesin thesequence.

6. Building the model

The densedepthmapsascomputedby the correspondencelinking mustbe approximated

by a 3D surfacerepresentationsuitablefor visualisation.Sofar, eachobjectpoint wastreated
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independently. To achievespatialcoherencefor aconnectedsurface,thedepthmapis spatially

interpolatedusinga parametricsurfacemodel.The boundariesof the objectsto be modelled

arecomputedthroughdepthsegmentation.In a �rst step,anobjectis de�ned asa connected

region in space.Simplemorphological�ltering removesspuriousandverysmallregions.Then

a boundedthin platemodelis employedwith a secondordersplineto smooththesurfaceand

to interpolatesmallsurfacegapsin regionsthatcouldnotbemeasured.

The spatially smoothedsurfaceis then approximatedby a triangularwire-framemeshto

reducegeometriccomplexity andto tailor themodelto therequirementsof computergraphics

visualisationsystems.Themeshtriangulationcurrentlyutilisesthereferenceview only to build

themodel.Thesurfacefusionfromdifferentviewpointstocompletelyclosethemodelsremains

to beimplemented.

Texturemappingontothewire-framemodelgreatlyenhancestherealismof themodels.As

texturemap,onecouldtake thereferenceimagetexturealoneandmapit to thesurfacemodel.

However, thiscreatesabiastowardstheselectedimageandimagingartifactslikesensornoise,

unwantedspecularre�ections or theshadingof the particularimagearedirectly transformed

onto the object.A betterchoiceis to fusethe texture from the imagesequencein muchthe

samewayasdepthfusion.Theviewpoint linking buildsacontrolledchainof correspondences

thatcanbeusedfor textureenhancementaswell. Theestimationof a robustmeantexturewill

capturethestaticobjectonly andtheartifacts(e.g.specularre�ections or pedestrianspassing

in front of abuilding) aresuppressed.An exampleof theresultingmodelcanbeseenin Fig.11.

7. Someexamples

The3D surfaceacquisitiontechniquethatwaspresentedin theprevioussections,canread-

ily beappliedto archaeologicalsites.This is illustratedin this sectionwith someresultsfrom

the archaeologicalsite of Sagalassos(Turkey). The on-siteacquisitionprocedureconsistsof

recordinganimagesequenceof thescenethatonedesiresto virtualise, makingsurethatevery-

thing thatshouldbemodelledis seenin at leasttwo images.To allow thealgorithmsto yield
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Fig. 11.Resulting3D surfacemodel,shaded(left), textured(right).

Fig. 12. Imagesequencewhichwasusedto build a3D modelof thecornerof theRomanbaths.

goodresultsviewpointchangesbetweenconsecutiveimagesshouldnotexceed5 to 10degrees.

An exampleof sucha sequenceis givenin Fig. 12. Thefurtherprocessingis fully automatic.

The result for the imagesequenceunderconsiderationcanbe seenin Fig. 13. An important

advantageis thatdetailslikemissingstones,notperfectlyplanarwallsor symmetricstructures

arepreserved.In addition,thesurfacetextureis directly extractedfrom theimages.This does

not only resultin a muchhigherdegreeof realism,but is alsoimportantfor theauthenticityof

thereconstruction.Therefore,thereconstructionsobtainedwith thissystemcanalsobeusedas

ascalemodelonwhichmeasurementscanbecarriedoutor asatool for planningrestaurations.
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Fig. 13.Virtualisedcornerof theRomanbaths.On theright somedetailsareshown.

7.1. Building a virtual site

A �rst approachto obtaina virtual reality model for a whole site consistsof taking a few

overview photographsfrom thedistance.Sinceourtechniqueis independentof scalethisyields

anoverview modelof thewholesite.Theonly differenceis thedistanceneededbetweentwo

cameraposes.An exampleof the resultsobtainedfor Sagalassosareshown in Fig. 14. The

modelwascreatedfrom 9 imagestakenfrom a hillside neartheexcavationsite.Notethat it is

straightforwardto extractadigital terrainmapor orthophotosfrom theglobalreconstructionof

thesite.Absolutelocalisationcouldbeachievedby localisingasfew asthreereferencepoints

in the3D reconstruction.

Fig. 14.Overview modelof Sagalassos.

Theproblemis that this kind of overview modelis too coarseto beusedfor realisticwalk-

throughsaroundthe site or for looking at speci�c monuments.Therefore,it is necessaryto
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integratemoredetailedmodelsinto thisoverview model.Thiscanbedoneby takingadditional

imagesequencesfor all the interestingareason the site. Theseare usedto generaterecon-

structionsof thesiteatdifferentscales,goingfrom aglobalreconstructionof thewholesiteto

a detailedreconstructionfor every monument.Thesereconstructionsthusnaturally�ll-in the

differentlevelsof details,whichshouldbeprovidedfor optimalrendering.

An interestingpossibility is thecombinationof thesemodelswith othertypeof models.In

thecaseof Sagalassossomebuilding hypothesisweretranslatedto CAD models(Martenset

al.,2000).Thesewereintegratedwith ourmodels.Theresultcanbeseenin Fig. 15.Also other

modelsobtainedwith different 3D acquisitiontechniquescould be easily integrated.These

reconstructionsareavailableon theinternet(seeVirtual Sagalassos,2000).

Fig. 15.Virtualisedlandscapeof Sagalassoscombinedwith CAD-modelsof reconstructedmonuments.

7.2. Otherapplications

Sincethesereconstructionsaregeneratedautomaticallyandthe on-siteacquisitiontime is

veryshort,severalnew applicationscometo mind. In this section,a few possibilitiesareillus-

trated.

7.2.1. 3D stratigraphy

Archaeologyis oneof thescienceswhereannotationsandprecisedocumentationaremost

importantbecauseevidenceis destroyedduringwork.An importantaspectof this is thestratig-
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raphy. This re�ects thedifferentlayersof soil thatcorrespondsto differenttime periodsin an

excavatedsector. Dueto practicallimitations,this stratigraphyis oftenonly recordedfor some

slices,not for thewholesector.

Our techniqueallows a moreoptimal approach.For every layer a complete3D modelof

theexcavatedsectorcanbegenerated.Sincethis only involvestakinga seriesof picturesthis

doesnotslow down theprogressof thearchaeologicalwork. In addition,it is possibleto model

separatelyartifactswhich arefound in theselayersandto includethe modelsin the �nal 3D

stratigraphy. Theexcavationsof anancientRomanvilla at Sagalassoswererecordedwith our

technique.In Fig. 16 a view of the 3D modelof the excavation is provided for two different

layers.Theon-siteacquisitiontimewasaround1 minuteperlayer.

Fig. 16.3D stratigraphy, theexcavationof aRomanvilla at two differentmoments.

7.2.2. Generatingandtestingbuilding hypothesis

Thetechniqueproposedin thispaperhasalsoalot tooffer for generatingandtestingbuilding

hypothesis.Dueto theeaseof acquisitionandtheobtainedlevelof detail,onecouldreconstruct

every building block separately. Then, the different constructionhypothesiscan be veri�ed

interactively at a virtual building site.In addition,registrationalgorithms(ChenandMedioni,

1991;VandenWyngaerdetal.,1999)couldbeusedto automatethis.Fig.17showsanexample.

20



Fig. 17.Two imagesof abrokenpillar (left) andtheorthographicviews of thematchingsurfacesgener-

atedfrom theobtained3D models(right).

7.2.3. Reconstructionfromarchives

The �e xibility of the proposedapproachmakes it possibleto useexisting photoor video

archives to reconstructobjects.This applicationis very interestingfor monumentsor sites

which have beendestroyeddueto war or naturaldisasters.The feasabilityof this typeof re-

constructionis illustratedwith a reconstructionof theancienttheaterof Sagalassosbasedon a

sequence�lmed by the BelgianTV in 1990to illustratea documentaryon Sagalassos.From

the30secondshelicoptershot,approximativelyhundredimageswereextracted.Becauseof the

motion,only image�elds –not frames–couldbeused,which restrictedtheverticalresolution

to 288 pixels.Threeimagesof the sequenceareshown in Fig. 18. The reconstructionof the

featurepointstogetherwith therecoveredcameraposesareshown in Fig 19.

Fig. 18.Threeimagesof thehelicoptershotof theancienttheatreof Sagalassos.

8. Conclusionand further research

An automatic3D scenemodellingtechniquewasdiscussedthatis capableof building mod-

els from uncalibratedimagesequences.The techniqueis able to extract detailedmetric 3D

modelswithout prior knowledgeaboutthe sceneor the camera.This techniquewassuccess-
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Fig. 19.Thereconstructedfeaturepointsandcameraposesrecoveredfrom thehelicoptershot.

fully appliedto the acquisitionof virtual modelsof archaeologicalsites.The advantagesare

numerous:theon-siteacquisitiontimeis restricted,theconstructionof themodelsis automatic

andthe generatedmodelsare realistic.The techniqueallows somemorepromisingapplica-

tions like 3D stratigraphy, the generationand testingof building hypothesisand the virtual

reconstructionof monumentsfrom archive images.

Our main goal, while developing this approach,was to show the feasiblity of 3D recon-

structionfrom ahand-heldcamera.Futureresearchwill consistof improving theapproachand

developingit further. To increasethe accuracy, the simplepinholecameramodelwill be ex-

tendedto takedistortionsinto account.Anotherimprovementwill consistof integratingpartial

modelsinto asingleglobalreconstructionthroughvolumetrictechniques.
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