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Abstract

In this paperan approachis presentedhat obtainsvirtual mod-

els from sequencesf images. The systemcandeal with uncali-

bratedimagesequenceacquiredwith a hand-heldcamera.Based
ontrackedor matchedeaturegherelationsbetweermultiple views

arecomputed Fromthis boththestructureof thesceneandthe mo-

tion of the cameraareretrieved. The ambiguityon thereconstruc-
tion is restrictedirom projective to metricthroughauto-calibration.
A exible multi-view stereomatchingschemeis usedto obtaina

denseestimationof the surlacegeometry Fromthe computeddata
virtual modelscanbe constructedr, inversely virtual modelscan

beincludedin theoriginalimages.

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

1 Introduction

Therehasrecentlybeena lot of interestin obtainingvirtual mod-
els of existing scenes.Image-base@pproachesiave shavn a lot
of potentialin mary areas.Oneof the areasvhereinterestingap-
plicationsexist is architecture Nowadaysmostbuildingsarebeing
designedn computerusingCAD andvisualizationtoolsallow vir-
tualvisits. This canbevery effective in presentinglansto persons
thatarenot trainedin readingthem. However, mostconstructions
have to be consideredn their ervironment. It is thereforeneces-
saryto beableto generatarealisticimpressiorof theervironment
too. Dueto thecompleity of naturalsitesa manualreconstruction
canoftennotbe consideredndthereis a needfor moreautomated
approachethat candirectly capturethe ervironment. Otherappli-
cationscanbe foundin the eld of conseration of built heritage.
In this areaphotogrammetri¢cechniqueshave beenusedfor mary
years. However, throughadwancesin automatioranddigital tech-
nology muchmore completeanalysesanbe achieved at reduced
cost. In addition, digital 3D modelscanalsobe usedfor planning
restorationsand as archves afterwards. Of course,thereis also
animportantdemandor photo-realistionodelsof monumentsand
sitesfor multi-mediaandentertainmenproducts.

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

requirerobust low cost acquisitionsystems. This stimulatesthe
useof consumeiphoto-or video cameras.Someapproachebave
beenproposedor extracting3D shapeandtexture from imagese-
guencesicquiredwith afreely moving camerehave beenproposed.
The approactof TomasiandKanade[21] usedanaf ne factoriza-
tion methodto extract3D from imagesequencesiAn importantre-
strictionof this systems theassumptiorof orthographigrojection.
Anothertypeof approactstartsfrom anapproximate8D modeland
camergposesandre nes the modelbasedonimages(e.g. Facade
proposedy Debevecetal. [6]). Theadwantages thatlessimages
arerequired.Onthe otherhanda preliminarymodelmustbe avail-
ableandthegeometryshouldnot betoo comple.
Theapproactpresenteéh this paperavoidsmostof theserestric-
tions. The approachcapturesphoto-realisticvirtual modelsfrom
images. The useracquireshe imagesby freely moving a camera
aroundanobjector scene Neitherthe cameramotionnor thecam-
erasettingshave to be known a priori. Thereis alsono needfor
preliminarymodels.Theapproacttanalsobe usedto combinevir-
tual objectswith realvideo,yielding augmentedideo sequences.

2 Relating images

Startingfrom a collection of imagesor a video sequencéhe rst
stepconsistdn relatingthe differentimagesto eachother Thisis
not a easyproblem. A restrictednumberof correspondingpoints
is sufcient to determinethe geometricrelationshipor multi-vien
constaints betweenthe images. Sincenot all points are equally
suitedfor matchingor tracking (e.g. a pixel in a homogeneous
region), the rst stepconsistof selectingfeaturepoints[11, 20].
Theseare suitedfor trackingor matching. Dependingon the type
of imagedata(i.e. video or still pictures)the featurepoints are
tracked or matchedanda numberof potentialcorrespondencesre
obtained.Fromthesethe multi-view constraintscanbe computed.
However, sincethe correspondencproblemis an ill-posed prob-
lem, the setof correspondingointscanbe contaminatedvith an
importantnumberof wrong matchesor outliers. In this case,a
traditional least-squareapproachwill fail andthereforea robust
methodis used[22, 10]. Oncethemulti-view constraintdhave been
obtainedthey canbe usedto guidethe searchfor additionalcorre-
spondencesThesecanthenbeusedto furtherre ne theresultsfor
themulti-view constraints.

3 Structure and motion recovery

Therelation betweenthe views andthe correspondencdsetween
thefeaturesyetrieved asexplainedin the previous section,will be
usedto retrieve thestructureof thesceneandthemotionof thecam-
era.Theapproachhatis usedis relatedto [1] butis fully projectve
andthereforenot dependenbn the quasi-euclidearnitialization.
This is achieved by strictly carrying out all measurements the
images,.e. usingreprojectionerrorsinsteadof 3D errors.To sup-
portinitialization anddeterminatiorof closeviews (independently
of the actualprojective frame)animage-basedeasurdo obtaina



Figurel: Theposeestimatiorof anew view usesnferredstructure-
to-imagematches.

qualitatve evaluationof the distancebetweerntwo views hadto be
used.The proposedneasuras the minimummedianresidualfor a
homographypetweerthetwo views.

At rst two imagesareselectecandaninitial projective recon-
structionframeis set-up[8, 12]. Thenthe poseof the camerafor
the otherviews is determinedn this frameandfor eachadditional
view the initial reconstructioris re ned andextended. This is il-
lustratedin Figurel. In this way the poseestimationof views that
have no commonfeatureswith the referenceviews alsobecomes
possible. Typically, a view is only matchedwith its predecessor
in the sequenceln mostcaseshis works ne, butin somecases
(e.g. whenthe cameramoves back andforth) it canbe interest-
ing to alsorelatea new view to a numberof additionalviews [16].
Candidateviewsareidenti ed usingtheimage-basetheasurenen-
tionedabore. Oncethe structureandmotion hasbeendetermined
for the whole sequencethe resultscanbe re ned througha pro-
jective bundle adjustmen{24]. Thenthe ambiguity is restricted
to metric throughauto-calibration9]. Our approachs basedon
the conceptof the absolutequadric[23, 19]. Finally, a metricbun-
dle adjustments carriedout to obtainan optimal estimationof the
structureandmotion.

4 Dense surface estimation

To obtain a more detailedmodel of the obsered surface dense
matchingis used. The structureand motion obtainedin the previ-
ousstepscanbeusedto constrairthecorrespondencgearch Since
the calibrationbetweensuccessie imagepairswascomputedthe
epipolarconstraintthat restrictsthe correspondencsearchto a 1-
D searchrangecan be exploited. Image pairs are warpedso that
epipolarlines coincidewith theimagescanlines. For this purpose
the recti cation schemeproposedn [18] is used. This approach
candealwith arbitraryrelative cameramotionandguaranteemin-
imal imagesizeswhile standarchomography-baseapproachetail
whenthe epipoleis containedin the image. The correspondence
searchs thenreducedo amatchingof theimagepointsalongeach
imagescan-line. Thisresultsin adramatidncreasenf thecomputa-
tionalef ciency of thealgorithmsby enablingseveraloptimizations
in the computations An exampleof arecti ed stereopairis given
in Figure2. It wasrecordedwith a hand-helddigital video camera

in theBéguinagen Leuven. Dueto thenarraw streetsonly forward
motion s feasible. This would have causedstandardrecti cation
appraocheto fail.

Figure2: Beguinae sequenceRecti ed imagepair (left) andsome
views of thereconstructedtreetmodelobtainedrom severalimage
pairs(right).

In additionto the epipolargeometryother constraintdik e pre-
serving the order of neighboring pixels, bidirectional unique-
nessof the match, and detectionof occlusionscan be exploited.
Theseconstraintsare usedto guide the correspondencéowards
the mostprobablescan-linematchusing a dynamicprogramming
schemg4]. The matchersearchest eachpixel in oneimagefor
maximumnormalizedcrosscorrelationin the otherimageby shift-
ing a small measurementvindow along the correspondingscan
line. Matching ambiguitiesare resoled by exploiting the order
ing constraintin the dynamic programmingapproach[14]. The
algorithm was further adaptedto emplgy extendedneighborhood
relationshipsand a pyramidal estimationschemeto reliably deal
with very largedisparityrangesf over 50%of imagesize[7]. The
disparitysearchrangeis limited basedon the disparitiesthatwere
obseredfor thefeaturedn the structureandmotionrecovery.

The pairwise disparity estimationallows to computeimageto
imagecorrespondencbetweenadjacentrecti ed imagepairsand
independentiepthestimatedor eachcameraviewpoint. An opti-
mal joint estimateis achieved by fusing all independenestimates
into a common3D modelusing a Kalman Iter. The fusion can
be performedin aneconomicalvay throughcontrolledcorrespon-
dencelinking. This approactwasdiscussednorein detailin [15].

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



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

5 Building virtual models

In the previous sectionsa densestructureandmotion recovery ap-
proachwasgiven. Thisyieldsall the necessarinformationto build
photo-realisticvirtual models. The 3D surfaceis approximatedy
atriangularmeshto reducegeometriccompleity andto tailor the
modelto the requirement®f computergraphicsvisualizationsys-
tems. A simple approachconsistsof overlaying a 2D triangular
meshon top of one of the imagesandthenbuild a corresponding
3D meshby placingthe verticesof the trianglesin 3D spaceac-
cordingto the valuesfound in the correspondinglepthmap. The
imageitself is usedastexturemap. If no depthvalueis availableor

Figure3: Surfacereconstructiompproact{left): A triangularmesh
is overlaid on top of theimage. The verticesareback-projectedn

spaceaccordingto the depthvalues.Fromthis a 3D surfacemodel
is obtained(right)

thecon denceis too low thecorrespondindrianglesarenotrecon-
structed.Thesamehappensvhentrianglesareplacedover discon-
tinuities. This approachworks well on densedepthmapsobtained
from multiple steregpairsandis illustratedin Figure3.

The texture itself canalso be enhancedhroughthe multi-view
linking scheme. A medianor robust meanof the corresponding
texture valuescan be computedto discardimaging artifactslike
sensomoise,speculare ectionsandhighlights[17.

To reconstrucmore comple shapest is necessaryo combine
multiple depthmaps.Sinceall depth-mapganbelocatedin a sin-
gle metricframe, registrationis not anissue.In somecasest can
be sufcient to load the separatenodelstogetherin the graphics

system.For morecomplex scenest canbeinterestingto rst inte-
gratethedifferentmeshesnto a singlemesh.This canfor example
be doneusingthe volumetrictechniqugproposedn [5].

Alternatively, whenthepurposes to rendemew views from sim-
ilar viewpointsimage-basedpproachesanbeused[16, 13]. This
approachavoidsthe dif cult problemof obtaininga consisten8D
model by using view-dependentexture and geometry This also
allows to take morecomple visual effectssuchasre ections and
highlightsinto account.

6 Examples and applications

In this sectiona numberof differentexamplesandapplicationsare
presentedFirst, a numberof examplesare presentedvherea de-
tailed 3D modelis obtaiendfrom a small numberof photographs.
Next, different applicationsin the eld of archaeologyare dis-
cussed. By combining different 3D modelstogetherwith CAD
modelsthat representarchaeologicahypothesis a whole archae-
ological site is reconstructed.Then more speci ¢ archaeological
applicationsare discussed:3D recordingof stratigraphyand 3D
recordingof broken columnsto generateand verify building hy-
pothesis.

6.1 Acquiring 3D scenes

The3D surfaceacquisitiontechniquethatwaspresentedh the pre-
vious section,canreadily be appliedto archaeologicasites. The
on-site acquisitionprocedureconsistsof recordingan image se-
quenceof the scenethat one desiresto reconstruct. To allow the
algorithmsto yield good resultsviewpoint changeshetweencon-
secutve imagesshouldnot exceed5 to 10 degrees.The following

sequencevasshotin Ranakpui(India) usinga standardNikon F50
photo cameraandthenscanned.The sequenceseenat the top of

Figure4 wasprocessethroughthe methodpresentedh this paper
Theresultscanbe seenin the middle and lower part of Figure4.

Somemoredetailedviews canbe seenin Figure5. Notethatsome
of thesearti cial views aretakenunderviewing anglegshatarevery
differentfrom the original pictures. This shavs thatthe recorered
modelsallow to extrapolateviewpointsto someextent.

The 3D surfaceacquisitiontechniquethat was presentedn the
previous sections,can readily be appliedto archaeologicakites.
Thisisillustratedin this sectionwith someresultsfrom thearchae-
ological site of SagalassoéTurkey). The on-siteacquisitionpro-
cedureconsistsof recordingan image sequencef the scenethat
onedesiredo virtualize makingsurethateverythingthatshouldbe
modeleds seenin atleasttwo images.To allow the algorithmsto
yield goodresultsviewpoint changedetweenconsecutie images
shouldnotexceeds5 to 10 degrees.An exampleof sucha sequence
is givenin Fig. 6. The further processings fully automatic. The
resultfor the imagesequenceainderconsideratiorcan be seenin
Fig. 7. An importantadwantageis that detailslike missingstones,
notperfectlyplanarwalls or symmetricstructuresarepresered. In
additionthe surfacetexture is directly extractedfrom the images.
This doesnot only resultin amuchhigherdegreeof realism but is
alsoimportantfor the authenticityof thereconstructionTherefore
thereconstructionsbtainedwith this systemcanalsobe usedasa
scalemodelon which measurementsanbe carriedout or asatool
for planningrestaurations.

6.2 Building avirtual site

A rst approacho obtaina virtual reality modelfor a whole site
consistsof taking a few overview photographdgrom the distance.
Sinceour techniqués independentf scalethis yieldsanoverview

modelof thewholesite. Theonly differenceis the distanceneeded



Figure4: Thelndiantemplesequencéeft), recoveredsparsestruc-
ture and motion (top-right) andtexturedand a shadedview of the
reconstructe@D surfacemodel(bottom-right).

Figure5: Somemore detailedviews of the Indian templerecon-
struction.

Figure6: Imagesequencevhich wasusedto build a 3D modelof
thecornerof theRomanbaths

Figure7: Virtualizedcornerof the Romanbaths,ontheright some
detailsareshavn

betweertwo camergposes. An exampleof the resultsobtainedfor
Sagalassoare shavn in Fig. 8. The modelwas createdfrom 9
imagegakenfrom a hillside nearthe excavationsite. Notethatit is
straightforvardto extracta digital terrainmapor orthophotogrom
theglobalreconstructiorof the site. Absolutelocalizationcouldbe
achieved by localizing asfew asthreereferencepointsin the 3D
reconstruction.

Figure8: Overview modelof Sagalassos

The problemis thatthis kind of overviev modelis too coarseto
be usedfor realistic walk-throughsaroundthe site or for looking
at speci c monumentsThereforeit is necessaryo integratemore
detailedmodelsinto this overview model. This canbe doneby tak-
ing additionalimagesequencefor all the interestingareason the
site. Theseareusedto generateeconstructionsf thesite at differ-
entscalesgoingfrom aglobalreconstructiorof thewholesiteto a
detailedreconstructiodor every monumentThesereconstructions
thusnaturally Il in the differentlevels of detailswhich shouldbe
providedfor optimalrendering.

An interestingpossibility is the combinationof thesemodels
with othertype of models.In the caseof Sagalassosomebuilding
hypothesisveretranslatedo CAD models.Thesewereintegrated
with our models.Theresultcanbeseenin Fig. 9. Also othermod-
els obtainedwith different3D acquisitiontechniquescould easily
beintegrated. This reconstructions availableon internet(seeVir-
tual Sagalassos).



Figure9: Virtualizedlandscapef Sagalassosombinedvith CAD-
modelsof reconstructednonuments

6.3 Recording 3D Stratigraph y

Archaeologyis one of the scienceswere annotationsand precise
documentatiorare mostimportantbecausesvidenceis destryed
duringwork. An importantaspecbf this is the stratigraphy This
re ectsthedifferentlayersof soil thatcorrespondso differenttime
periodsin an excavatedsector Due to practical limitations this
stratigraphyis oftenonly recordedor someslices,notfor thewhole
sector

OurtechniqueallowsamoreoptimalapproachFor everylayera
complete3D modelof theexcavatedsectorcanbegeneratedSince
thisonly involvestakingaseriesof picturesthis doesnotslow down
the progressf the archaeologicalork. In additionit is possible
to model separatelyartifactswhich are found in theselayersand
to includethe modelsin the nal 3D stratigraphy The excavations
of an ancientRomanvilla at Sagalassosvere recordedwith our
technique.In Fig. 10 a view of the 3D modelof the excavationis
providedfor two differentlayers. The on-siteacquisitiontime was
aroundl minuteperlayer

Figure10: 3D stratigraphythe excavation of a Romanvilla attwo
differentmoments.

6.4 Generating and testing building hypothesis

Thetechniqueproposedn this paperalsohasalot to offer for gen-
eratingandtestingbuilding hypothesisDueto the easeof acquisi-
tion andthe obtainedlevel of detail, one could reconstrucievery

building block separately The different constructionhypothesis
cantheninteractiely be veri ed on a virtual building site. Reg-

istration algorithms[2, 25] could even be usedto automatethis.

Fig. 11 shavs anexample.

6.5 Reconstruction from archives

The e xibility of the proposedapproachmalesit possibleto use
existing photo- or video archivesto reconstrucfrom. This appli-

Figurell: Twoimagesof abrokenpillar (top) andtheorthographic
views of the matchingsurfacesgeneratedrom the obtained3D
models(bottom)

cationis very interestingfor monumentsr siteswhich have been
destroyeddueto war or naturaldesastreThefeasabilityof thistype

of reconstructions illustratedwith a reconstructiorof the ancient
theaterof Sagalassobasedon a sequencelmed by the belgian

TV in 1990to illustrate a documentaryon SagalassosFrom the

30 secondshelicoptershotapproximatiely hundredimageswere

extracted.Becausef themotiononly elds —notframes-couldbe

used,which restrictedthe vertical resolutionto 288 pixels. Three
imagesof the sequenceare shavn in Fig. 12. The reconstruction
of the featurepointstogethemwith the recoreredcamergposesare

shavn in Fig 13.

Figurel2: Threeimagesf thehelicoptershotof theancientheatre
of Sagalassos.

6.6 Fusion of real and virtual scenes

Another challengingapplication consistsof seamlesslymeiging
virtual objectswith real video. In this casethe ultimate goal is
to malke it impossibleto differentiatebetweerreal andvirtual ob-
jects. Several problemsneedto be overcomebeforeachieving this
goal. Amongstthemaretherigid registrationof virtual objectsinto
the real ervironment,the problemof mutualocclusionof realand
virtual objectsandthe extractionof theillumination distribution of
therealervironmentin orderto renderthe virtual objectswith this
illumination model.

Herewewill concentrat®nthe rst of theseproblemsalthough
the computationsdescribedin the previous sectionalso provide
mostof the necessarynformationto solve for occlusionsandother
interactionsbetweenthe real and virtual componentof the aug-
mentedscene. Accurateregistrationof virtual objectsinto a real
ervironmentis still a challengingproblems. Systemshat fail to
do so will alsofail to give the usera real-life impressionof the
augmentedutcome. Sinceour approachdoesnot usemarkers or



Figure 13: The reconstructedeaturepointsandcameraposesre-
coveredfrom the helicoptershot.

a-priori knowledge of the sceneor the camerathis allows for us
to dealwith video footageof unpreparedcervironmentsor archive
videofootage.More detailson this approactcanbefoundin [3].

An importantdifferencewith the applicationsdiscussedn the
previous sectionsis thatin this caseall framesof the input video
sequenclaveto beprocessewvhile for 3D modelingoftenasparse
setof views is sufcient. Therefore,in this casefeaturesshould
be tracked from frameto frame. A key componenin this caseis
the bundleadjustment.lt doesnot only reducethe frameto frame
jitter, but removesthelargestpartof the errorthatthe structureand
motionapproactaccumulatesver the sequenceAccordingto our
experienceit is very importantto extend the perspectie camera
modelwith atleastoneparametefor radial distortionto obtainan
undistortednetricstructurgthiswill beclearlydemonstrateth the
example).Undistortednodelsarerequiredto positionlargervirtual
entitiescorrectlyin the modelandto avoid drift of virtual objects
in theaugmentedideosequences.

The following examplewas recordedat Sagalassos Turkey,
wherefootageof the ruins of an ancientfountainwastaken. The
fountainvideosequenceonsistof 250frames.A largepartof the
original monuments missing. Basedon resultsof archaeological
excavationsandarchitecturaktudies,it waspossibleto generatea
virtual copy of the missingpart. Usingthe proposedapproactthe
virtual reconstructiorcould be placedback on the remainsof the
originalmonumentatleastin therecordedrideosequenceThetop
partof Figurel4 shavs atopview of therecoveredstructurebefore
andafterbundle-adjustmenBesideghelargerreconstructiorerror
it canalsobe noticedthatthe non-re nedstructureis slightly bent.
This effect mostly comesfrom not taking the radial distortioninto
accountin the initial structurerecovery. In the restof Figure 14
someframesof theaugmentediideoareshawvn.

7 Conclusion

In this paperanapproacHor obtainingvirtual modelswith ahand-
heldcameravaspresentedTheapproachutilizesdifferentcompo-
nentsthatgraduallyretrieve all theinformationthatis necessaryo
constructvirtual modelsfrom images. Automaticallyextractedfea-
turesaretracked or matchedetweerconsecutie views andmulti-
view relationsarerobustly computed.Basedon this the projective
structureand motion is determinedand subsequentlyipgradedo
metricthroughself-calibration Bundle-adjustmeris usedto re ne
the results. Then,imagepairs arerecti ed and matchedusing a
stereoalgorithmand denseand accuratedepthmapsare obtained
by combiningmeasurementsf multiple pairs. This techniquewvas

Figurel4: Fusionof realandvirtual fountainparts.Top: recovered
structurebeforeandafter bundleadjustmentBottom: 6 of the 250
framesof thefusedvideosequence



succesfullyappliedto the acquisitionof virtual modelsof archae-
ological sites. Thereare multiple advantages:the on-siteacquisi-
tion time is restricted the constructionof the modelsis automatic
andthe generatednodelsarerealistic. Thetechniqueallows some
very promisingapplicationssuchas3D stratigraphyrecording the

(automatic)generatiorand veri cation o building hypothesisthe

3D reconstructiorof scenedvasedon archive photograph®r video

footageandmixing archaeologicalemainswith virtual erconstruc-
tionsin video.
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