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ABSTRACT

Modeling of three-dimensiona3D) objectsfrom imagesequences a challengingproblemand hasbeena researchopic

for mary years.Importanttheoreticabndalgorithmicresultswereachievedthatallow to extracteven complex 3D modelsof

scene$rom sequencesf images.Onerecenteffort hasbeento reduceheamountof calibrationandto avoid restrictionsonthe
cameranotion. In this contritutionanapproachs describedvhich achievesthis goalby combiningstate-of-the-aralgorithms
for uncalibratedrojective reconstructionself-calibratioranddensecorrespondencmatching.

Keywords: 3D reconstructionstructure-from-motionimagesequencesamergself-)calibration

1. INTRODUCTION

Obtaining3D modelsfrom objectsis anongoingresearctiopicin computewision. A few yearsagothemainapplicationsvere

robot guidanceandvisual inspection. Nowadayshowever the emphasiss shifting. Thereis moreandmoredemandor 3D

modelsin computelgraphicsyirtual realityandcommunicationThisresultsin achangean emphasigor therequirementsThe

visualquality become®neof the main pointsof attention.The acquisitionconditionsandthe technicalexpertiseof the users
in thesenew applicationdomainscanoften not be matchedwith the requirement®f existing systems.Theserequireintricate

calibrationproceduregvery time the systemis used. Thereis animportantdemandor e xibility in acquisition.Calibration
procedureshouldbe absenbr restrictedto a minimum. Additionally, the existing systemsareoften built aroundspecialized
hardware(e.g. laserrangescanner®r stereorigs) resultingin a high costfor thesesystems Many new applicationshowvever

requirerobustlow costacquisitionsystemsThis stimulateghe useof consumephoto-or videocameras.

Otherresearcherbave presentedystemdor extracting3D shapeandtexturefrom imagesequenceacquiredwith afreely
moving cameraTheapproactof TomasiandKanade usedanaf ne factorizatiormethodo extract3D fromimagesequences.
An importantrestrictionof this systemis the assumptiorof orthographigrojection. Deberec, Taylor andMalik proposeda
systemthat startsfrom an approximate8D modelandcamergposesandre nes the modelbasedon images.View dependent
texturing is usedto enhanceealism.The advantagés thatonly a restrictedhumberof imagesarerequired.On the otherhand
apreliminarymodelmustbe availableandthe geometryshouldnot betoo complex.

In this paperwe presenta systemwhich retrievesa 3D surfacemodelfrom a sequencef imagestakenwith off-the-shelf
consumerameras.The useracquireghe imagesby freely moving the cameraaroundthe object. Neitherthe cameramotion
nor the camerasettingshave to be known. The obtained3D modelis a scaledversionof the original object(i.e. a metric
reconstruction)andthe surfacetextureis obtainedrom theimagesequencaswell.

Oursystenusedull perspectie camerasnddoesnotrequireprior modelsnor calibration. Thecompletesystemcombines
state-of-the-aralgorithmsof differentdomains:projectivereconstructionself-calibation anddensedepthestimation

Projective Reconstruction: It hasbeenshovn by FaugerasandHartley thatareconstructiompto anarbitraryprojective
transformatiorwaspossiblefrom an uncalibratedmagesequenceSincethenalot of effort hasbeenputin reliably obtaining
accurateestimateof the projective calibrationof animagesequenceRolustalgorithmswere proposedo estimatethe fun-
damentalmatrix from imagepairs(e.g. Ref. 27 or 29). Basedon this, algorithmswhich sequentiallyretrievesthe projective
calibrationof a completeéimagesequencéave beendeveloped(e.g. Ref. 1).

Self-Calibration: Sincea projective calibrationis not sufcient for mary applicationsyesearchertried to nd waysto
automaticallyupgradeprojective calibrationsto metric (i.e. Euclideanup to scale). Typically, it is assumedhat the same
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cameras usedthroughouthe sequencandthattheintrinsic camergparameterareconstant.This proveda dif cult problem
andmary researchersave workedonit (SeeRef. 6,10,19and28). Oneof themainproblemss thatcritical motionsequences
existfor whichself-calibratiordoesnotresultin auniquesolution(for moredetails seeRef.25). We propose@ morepragmatic
approach which assumeshat someparametersre (approximatelyknown but which allows othersto vary. Thereforethis
approactcandealwith zooming/focusingameras.

DenseDepth Estimation: Sincethecalibrationof theimagesequencéasbeenestimatedve canusestereoscopitriangu-
lationtechnique®etweerimagecorrespondencds estimatedepth.Thedif cult partin stereoscopidepthestimatioristo nd
densecorrespondencmapshbetweertheimages. The correspondencgroblemis facilitatedby exploiting constraintslerived
from the calibrationandfrom someassumptionsiboutthe scene.We usean approactthat combinedocal imagecorrelation
methodawith adynamicprogrammingapproacho constrairthe correspondencgearchseeRef. 13). This techniquewas rst
proposedy Cox andfurtherdevelopedby Koch andFalkenhagen.

This paperis organizedasfollows: In section2 a generaloverview of the systemis given. In the subsequergectionghe
differentstepsareexplainedin moredetail: projective reconstructior{section3), self-calibration(section4), densematching
(section5) andmodelgeneratior{section). Section7 concludeghe paper

2. OVERVIEW OF THE METHOD

The presentedystemgraduallyretrievesmoreinformationaboutthe sceneandthe camerasetup.The rst stepis to relatethe
differentimages.This is donepairwiseby retrieving the epipolargeometry An initial reconstructiors thenmadefor the rst
two imagesof thesequencekor thesubsequerimageghe camergoseis estimatedn the projective framede ned by the rst
two camerasor every additionalimagethatis processedt this stage theinterestpointscorrespondingo pointsin previous
imagesarereconstructedie ned or corrected.Thereforeit is not necessaryhatthe initial pointsstayvisible throughoutthe
entire sequence For sequences/herepoints candisappealand reappearit canne necessaryo matchthe imagesto other
imageghanthepreviousone.Thealgorithmwasadaptedo ef ciently dealwith this. Theresultof this stepis areconstruction
of typically afew hundredo afew thousandnterestpointsandthe (projective) poseof the cameraThereconstructions only
determinedip to a projective transformation.

The next stepis to restrictthe ambiguity of the reconstructiorto a metricone. In a projective reconstructiomot only
the sceneput alsothe camerais distorted. Sincethe algorithmdealswith unknowvn scenesit hasno way of identifying this
distortionin thereconstructionAlthoughthe cameras alsoassumedo be unknavn, someconstrainton theintrinsic camera
parameterge.g. rectangulaior squarepixels, constantaspectratio, principal point in the middle of theimage,...) canoften
still be assumed.A distortionon the cameramostly resultsin the violation of one or more of theseconstraints. A metric
reconstruction/calibratiois obtainedby transformingthe projective reconstructioruntil all the constraintson the cameras
intrinsic parametersaresatis ed.

At this point the systemeffectively disposef a calibratedimagesequenceThe relative positionand orientationof the
cameras known for all the viewpoints. This calibrationfacilitatesthe searchfor correspondingpointsandallows usto usea
stereaalgorithmthatwasdevelopedfor a calibratedsystemandwhichallowsto nd correspondencder mostof the pixelsin
theimages.Fromthesecorrespondencédbedistancdrom thepointsto thecameracentercanbeobtainedhroughtriangulation.
Theseresultsarere ned andcompletedy combiningthe correspondencdsom multipleimages.

A densemetric 3D surfacemodelis obtainedby approximatinghe depthmapwith a triangularwireframe. The textureis
obtainedrom theimagesandmappedntothesurface.

In Fig. 1 anoverview of thesystemis given. It consistof independentnodulesvhich passonthe necessarinformationto
the next modules.The rst modulecomputeghe projectie calibrationof the sequenceéogethemwith a sparseeconstruction.
In the next modulethe metriccalibrationis computedrom the projective cameramatriceshroughself-calibration.Thendense
correspondencmapsareestimatedFinally all resultsareintegratedin atextured3D surfacereconstructiorof the sceneunder
consideration.

Throughouthe restof this paperthe differentstepsof the methodwill be explainedin moredetail. An imagesequence
of the Arenbeg castlein Leuvenwill be usedfor illustration. Someimagesof this sequenceanbe seenin Fig. 2. Thefull
sequenceonsistof 25imagesecordedwith avideocamera.
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Figure 1. Overview of thesystemfrom theimagesequencé¢ ) theprojective reconstructioris computedthe projection
matrices arethenpassedn to the self-calibrationmodulewhich deliversa metric calibration  ; the next moduleuses
theseto computedensedepthmaps ; all theseresultsareassembledh the lastmoduleto yield a textured3D surface

model. On theright sidethe resultsof the differentmodulesareshownn: the preliminaryreconstructiongboth projectve and
metric) arerepresentetdy point clouds,the camerasarerepresentedy little pyramids,the resultsof the densematchingare
accumulatedh densedepthmaps(light meanscloseanddarkmeandar).



Figure 2. Image0,8,16and24 of the Arenbep castlesequenceThis sequencés usedthroughoutthis paperto illustratethe
differentstepsof thereconstructiorsystem.

Table 1. Rokustestimationof the epipolargeometryfrom a setof matchesontainingoutliersusingRANSAC ( pgkindicates
theprobabilitythatthe epipolargeometryhasbeencorrectlyestimated).

repeat

- take minimal sample (7 matches)
- compute
- estimate

until OK

refine (using all inliers)

3. PROJECTIVE RECONSTRUCTION

At rst theimagesare completelyunrelated. The only assumptions thatthe imagesform a sequencén which consecutie
imagesdo notdiffer too much. Thereforehelocal neighborhooaf imagepointsoriginatingfrom the samescenepoint should
look similar if imagesareclosein the sequenceThis allows for automaticmatchingalgorithmsto retrieve correspondences.
Theapproachakento obtaina projective reconstructioris very similar to theoneproposedy Beardslg etal (seeRef. 1).

3.1. Relating the Images

It is notfeasibleto compareevery pixel of oneimagewith every pixel of the next image.lIt is thereforenecessaryo reducethe
combinatoriatompleity. In additionnotall pointsareequallywell suitedfor automatianatching.Thelocalneighborhoodsf

somepointscontaina lot of intensityvariationandarethereforeeasyto differentiatefrom others. The Harris cornerdetector

is usedto selecta setof suchpoints. Correspondencdsetweertheseimagepointsneedto be establishedhrougha matching
procedure.

Matchesare determinedthroughnormalizedcross-correlatiorof the intensity valuesof the local neighborhood. Since
imagesaresupposeaot to differ too much,correspondingointscanbe expectedto befoundbackin the sameregion of the
image. Thereforeat rst only interestpointswhich have similar positionsare consideredor matching. Whentwo pointsare
mutualbestmatcheghey areconsideredispotentialcorrespondences.

Sincetheepipolargeometrydescribeshe completegeometryrelatingtwo views, thisis whatshouldberetrieved. Comput-
ing it from the setof potentialmatcheghroughleastsquaregloesin generahot give satisfyingresultsdueto its sensitvity to
outliers. Thereforea robustapproactshouldbe used.Severaltechniquehave beenproposed  basedn robuststatistics.
Our systemincorporateshe RANSAC (RANdom SAmpling Consesus)approactusedby Torr etal.  Tablel sketcheghis
technique.

Oncetheepipolargeometryhasbeenretrieved,onecanstartlooking for morematchego re ne thisgeometryIn this case
thesearclregionis restrictedo afew pixelsaroundtheepipolarlines.
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Figure 3. Imagematcheg ) arefound asdescribedefore. Sincetheimagepoints, , relateto objectpoints,
, theposefor view canbe computedrom theinferredmatcheg ).

3.2. Initial Reconstruction

Thetwo rst imagesof thesequencareusedto determineareferencdrame. Theworld frameis alignedwith the rst camera.
Thesecondcameras chosersothatthe epipolargeometrycorrespondso theretrieved (seeRef. 1 for moredetails).

@)

where indicateghevectorproductwith . Equationl is notcompletelydeterminecdy theepipolargeometry(i.e.

and ), buthas4 moredegreesof freedom(i.e. ). determineshe positionof the planeatin nity
and determinesheglobalscaleof thereconstructionTo avoid someproblemsduringthereconstructiorfdueto theviolation
of thequasi-Euclideamssumption)it is recommendetb determine in suchaway thatthe planeatin nity doesnot
crossthe scene.Our implementatiorusesan approactsimilar to the quasi-Euclideampproachproposedn,  but the focal
lengthis chosensothatmostof the pointsarereconstructedh front of the camerasThis approactwasinspiredby Hartley's
cheirality andtheorientedprojectve geometryintroducedby Laveau. Sincethereis noway to determineheglobalscale
fromtheimages, canarbitrarilybechoserto

Oncethecamerasiave beenfully determinedhematchesanbereconstructethroughtriangulation. The optimalmethod
for thisis givenin Ref. 11. This givesusa preliminaryreconstruction.

3.3. Adding a View

For every additionalview the posetowardsthe pre-&isting reconstructioris determinedthenthe reconstructions updated.
This is illustratedin Fig. 3. The rst stepsconsistsof nding the epipolargeometryasdescribedn Section3.1. Thenthe
matcheswhich correspondo alreadyreconstructegbointsare usedto computethe projectionmatrix . Thisis doneusing
a robustproceduresimilar to the onelaid outin Table 1. In this casea minimal sampleof 6 matchess neededo compute

. Once hasbeendeterminedhe projectionof alreadyreconstructegbointscanbe predicted.This allowsto nd some
additionalmatchedo re ne the estimationof . This meanghatthe searchspaces graduallyreducedrom the full image
to theepipolarline to the predictedprojectionof the point. Thisis illustratedin Fig. 4. Oncethe camergorojectionmatrix has
beendeterminedhereconstructioms updatedThis consist®f re ning, correctingor deletingalreadyreconstructegointsand
initializing new pointsfor new matches.
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Figure 4. (a) apriori searchrange(b) searclrangealongthe epipolarline and(c) searclrangearoundthe predictedposition
of thepoint.

Oncethis proceduréhasbeenrepeatedor all theimagespnedispose®f camergosedor all theviews andthereconstruc-
tion of theinterestpoints. In the further modulesmainly the cameracalibrationis used. The reconstructioritself is usedto
obtainanestimateof thedisparityrangefor thedensestereomatching.

3.4. Relating to Other Views

Theprocedureo addaview describedn theprevioussectiononly relategheimageto thepreviousimage.In factit is implicitly
assumedhatoncea point getsout of sight,it will not comeback. Althoughthisis truefor mary sequencest is certainlynot
alwaysthe case For somehand-heldsequencethe cameracanbe usedto recordthe appearancef the objectfrom all around.
Often the camerawill be moved backand forth to scanthe viewing sphereof the object. With the traditional schemethis
would imply thatnew 3D pointskeepbeinginstantiated.This will notimmediatelycauseproblems but sincefor the system
thesetwo 3D pointsare unrelatednothing enforcestheir positionto correspond.This is especiallycrucial for longerimage
sequencewherethe errorsaccumulatelt resultsin a degradedcalibrationor even causeghe failure of the algorithmaftera
certainnumberof views.

A possiblesolutionconsistof relatingevery new view with all previousviews usingtheproceduref Section3.1. It is clear
thatthis would requirea considerableomputationakffort. We proposea more pragmaticapproach.This approachworked
well on somecaseswve workedon. Let  betheinitial estimateof the cameraposeobtainedasdescribedn the previous
section.A criterionis thenusedto de ne which views arecloseto the actualview. All thesecloseviews arematchedwith the
actualview (asdescribedn Section3.1). For every closeview asetof potential2D-3D correspondencesobtained.Thesesets
arememgedandthe camergprojectionmatrix  is reestimatedisingthe samerobust procedureasdescribedn the previous
section.

4. UPGRADING THE RECONSTRUCTION TO METRIC

Thereconstructiombtainedasdescribedn thepreviousparagraplis only determinedip to anarbitraryprojective transforma-
tion. This mightbesufcient for someroboticsor inspectiorapplicationsput certainlynotfor visualization.

Thesystenmusegheself-calibratiormethoddescribedn Ref.17,21to restricttheambiguityonthereconstructiorio metric
(i.e. Euclideanup to scale).This e xible self-calibrationtechniqueallows the intrinsic cameragparameterso vary duringthe
acquisition.This featureis especiallyusefulwhenthe camerds equippedvith azoomor with auto-focus.

It is outsidethe scopeof this paperto discusghis methodin detail. The generalconceptconsistof translatingconstraints
ontheintrinsiccamergarameterso constrainton theabsoluteconic. Oncethis specialconicis identi ed, it canbeusedasa
calibrationpatternto upgradethe reconstructiorto metric.

Somereconstructionefole andafter the self-calibrationstageareshavn. Thetop partof Fig. 5 givesthereconstruction
beforeself-calibration.Thereforeit is only determinedip to anarbitraryprojective transformatiorandmetricpropertieof the
scenecannot be obsenedfrom this representationThe bottompart of Fig. 5 shawvs the resultafter self-calibration. At this
pointthereconstructiomasbeenupgradedo metric.

5. DENSEDEPTH ESTIMATION

Only a few scenepoints are reconstructedrom featuretracking. Obtaininga densereconstructiorcould be achieved by
interpolationbut in practicethis doesnotyield satishctoryresults.Small surfacedetailswould never be reconstructedh this
way. Additionally, someimportantfeaturesareoftenmissedduringthe cornermatchingandwould thereforenot appeatin the
reconstruction.



Figure 5. Reconstructiomefore(top) andafter (bottom)self-calibration.

Theseproblemscanbe avoidedby usingalgorithmswhich estimatecorrespondencdsr almostevery pointin theimages.
Becauséhereconstructiomasupgradedo metric,algorithmsthatweredevelopedfor calibratedsterearigs canbeused.

5.1. Recti cation

Sincewe have computedhecalibrationbetweersuccessie imagepairswe canexploit the epipolarconstrainthatrestrictsthe
correspondencsearchto a 1-D searchrange. It is possibleto re-mapthe imagepair to standardgeometrywith the epipolar
lines coincidingwith theimagescanlines.  The correspondencsearchis thenreducedo a matchingof theimagepoints
alongeachimagescan-line.This resultsin a dramaticincreaseof the computationakf ciency of the algorithmsby enabling
severaloptimizationsn the computations.

For somemotions(i.e. whentheepipoleis locatedin theimage)standardecti cation basedn planarhomographiess not
possibleanda moreadvancedprocedureshouldbe used.

Thesystendescribedn this papemusesanalternatve approact{SeeRef. ). Themethodcombinesimplicity with minimal
imagesize and works for all possiblemotions. The ideais to usepolar coordinateswvith the epipoleasorigin. Sincethe
ambiguity for the locationof matchingpointsin a pair of imagesis restrictedto half epipolarlines we only have to use
positive valuesfor thelongitudinalcoordinate Since(half-)epipolardine transferis fully describedy anorientedfundamental
matrix, this is all our methodneeds. The necessarynformationis also easily extractedfrom (oriented)cameraprojection
matrices.Theanglebetweernwo consecutie half-epipoladinesis computedo have theworstcasepixelspreseretheir area.
Thisis doneindependentlyor every half-epipolatine. Thisthereforeresultsin aminimalimagesize.

As an examplea recti ed imagepair from the castleis shovn for both the standardechniqueand our nen generalized
techniqueFig. 6 shavstherecti ed imagepairfor bothmethods.



Figure 6. Recti ed imagepair for bothmethodsstandarchomographyasedmethod(left), nev method(right).

Figure 7. Densedepthmap(light meansearanddarkmeandar).

5.2. DenseStereoMatching

In additionto the epipolargeometryotherconstraintdik e preservinghe orderof neighboringpixels,bidirectionaluniqueness
of thematch,anddetectionof occlusionanbe exploited. Theseconstraintareusedto guidethe correspondendawardsthe
mostprobablescan-linematchusinga dynamicprogrammingschemegSeeRef. 4 for moredetails).

For densecorrespondencmatchinga disparity estimatorbasedon the dynamicprogrammingschemeof Cox etal, is
employedthatincorporateghe abose mentionedconstraints.It operateson recti ed imagepairs wherethe epipolar
linescoincidewith imagescanines. Thematchersearcheateachpixelinimage for maximumnormalizedcrosscorrelation
in by shiftinga smallmeasuremenvindow (kernelsize5x5 to 7x7 pixel) alongthe correspondingcanline. The selected
searchstepsize (usually1 pixel) determineghe searchresolution. Matchingambiguitiesare resolhed by exploiting the
orderingconstrainin thedynamicprogrammingpproact{seeRef.12). Thealgorithmwasfurtheradaptedo employ extended
neighborhoodelationshipsanda pyramidalestimatiorschemeo reliably dealwith very largedisparityrangeof over 50% of
imagesize(seeRef.4). This algorithmthatwasat rst developedfor calibratestereorigs (SeeRef. 12) could easilybe used
for our purposesinceat this stagethe necessargalibrationinformationhadalreadybeenretrievedfrom theimages.

5.3. Multi View Matching

The pairwisedisparity estimationallows to computeimageto imagecorrespondenckeetweenadjacentrecti ed imagepairs,
andindependentiepthestimatedor eachcameraviewpoint. An optimaljoint estimates achiezed by fusing all independent
estimatesnto a common3D model. The fusion canbe performedin aneconomicalway throughcontrolledcorrespondence
linking. The approachutilizesa e xible multi viewpoint schemewnhich combineghe advantage®f smallbaselineandwide
baselinesterea(seeRef. 13). Theresultof this procedures avery densadepthmap. Most occlusionproblemsareavoidedby
linking correspondencdsom up anddown the sequenceAn exampleof sucha very densedepthmapis givenin Fig. 7.



6. BUILDING THE MODEL

Thedensalepthmapsascomputedy thecorrespondendanking mustbeapproximatedby a 3D surfacerepresentatiosuitable
for visualization.Sofar eachobjectpoint wastreatedndependentlyTo achiese spatialcoherencdor a connectedurface the
depthmapis spatiallyinterpolatedisingaparametricsurfacemodel. Theboundarie®f the objectsto bemodeledcarecomputed
throughdepthsegmentationln a rst step,anobjectis de ned asa connectedegionin space Simplemorphologicalltering
removesspuriousandvery smallregions. Thena boundedhin platemodelis emplgyedwith a secondordersplineto smooth
thesurfaceandto interpolatesmallsurfacegapsin regionsthatcouldnotbe measured.

The spatiallysmoothedsurfaceis thenapproximatedy a triangularwire-framemeshto reducegeometriccomplexity and
to tailor the modelto the requirement®f computergraphicsvisualizationsystems.The meshtriangulationcurrentlyutilizes
thereferenceview only to build themodel.

Texture mappingonto the wire-framemodelgreatlyenhanceshe realismof the models. As texture mapone could take
thereferencemagetexturealoneandmapit to the surfacemodel. However, this creates biastowardsthe selectedmageand
imagingartifactslike sensomnoise,unwantedspeculare ectionsor theshadingof the particularimageis directly transformed
ontothe object. A betterchoiceis to fusethe texture from theimagesequencén muchthe sameway asdepthfusion. The
viewpointlinking buildsa controlledchainof correspondenceklatcanbe usedfor textureenhancemeraswell. Theestimation
of arobustmeantexturewill capturethe staticobjectonly andthe artifacts(e.g. speculare ectionsor pedestrianpassingn
front of abuilding) aresuppressedl hetexturefusioncouldalsobedoneona ner grid, yielding a superesolutiontexture.

An exampleof the resultingmodelcanbe seenin Fig. 8. Somemoreviews of thereconstructioraregivenin Fig. 9. To

Figure 8. 3D surfacemodelobtainedautomaticallyfrom anuncalibratedmagesequenceshadedleft), textured(right).

furtherillustratethe e xibility of the systema secondexampleis given. The5 imagesseenin Fig. 10 weretakenwith asimple

photocamerandtransferedo a PhotoCD Featurgointswereextractedandmatchedautomaticallybetweertheseémagesand

thecalibrationwasobtainedasdescribedn this paper(seeFig. 11). Next, afull surfacemodelwascomputedrom this. Some

detailsof thismodelcanbeseenin Fig. 12. Dueto the e xibility of thesystemijt couldfor examplealsobeusedto reconstruct
scenedrom pre-istingvideo or to obtainthe calibrationrequiredto construciplenopticmodels.

7. CONCLUSION

An automatic3D scenemodelingtechniquewas discussedhat is capableof building modelsfrom uncalibratedmage se-
guences.Thetechniques ableto extractmetric 3D modelswithout any prior knowledgeaboutthe sceneor the camera.The
calibrationis obtainedoy assumingrigid sceneandsomeconstraint®n theintrinsic camergparameterge.g. squareixels).

Work remaingto bedoneto getmorecompletemodelsby fusingthe partial 3D reconstructionsThiswill alsoincreasehe
accuray of themodelsandeliminateartifactsat the occludingboundaries.



Figure 9. Somedetailedviews of thereconstructedastlemodel.

Figure 10. Photgyraphswhich were usedto geneatea 3D modelof a detail of a Jain templeof Ranakpur

ACKNOWLEDGMENTS

We wishto acknavledgethe nancial supportof the BelgianlUAP 24/02'ImechS' projectandof theITEA BEYOND project
(supportedy the Institutefor the Promotionof Innovationby ScienceandTechnologyin Flanders).

1.

2.

3.

REFERENCES

P. Beardslg, A. ZissermarandD. Murray, “SequentialJpdatingof Projectve andAf ne Structurefrom Motion”, Int. J.
of Computenision 23(3), pp. 235-259,Jun-Jull997.

I. Cox,S.HingoraniandS.Rao,"A MaximumLik elihoodSteredAlgorithm”, ComputeMsionandimage Undeistanding
63(3), 1996.

P. Debevec,C. Taylor andJ. Malik, “Modeling andRenderingArchitecturefrom PhotographsA Hybrid Geometry-and
Image-Basedpproach”,Proc. ACM Siggraph, 1996.

. L. Falkenhagen;Hierarchical Block-BasedDisparity EstimationConsideringNeighbourhoodConstraints”.Proc. Int.

Workshopon SNHCand 3D Imaging, 1997.

. 0. Faugeras;What canbeseerin threedimensionsvith anuncalibratesgtereaig”, ComputeMsion- ECCV'92 LNCS,

588, SpringefVerlag,pp.563-578,1992.

. O. FaugerasQ.-T. Luong and S. Maybank.“Cameraself-calibration: Theory and experiments”,Computer\Vision -

ECCV'92 LNCS, 588 SpringerVerlag,pp.321-334,1992.



Figure 11. Reconstructiomf interestpointsand camens. Thesystentould automaticallyreconstruct realistic 3D modelof
this complex scenewithoutanyadditionalinformation.

Figure 12. Two detail viewsof thereconstructeanodel.



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.
24.

25.

26.

27.
28.

29.

. M. FischlerandR. Bolles, “RANdom SAmpling Consensusa paradigmfor model tting with applicationto image

analysisandautomatectartography” CommunAssocComp.Mach., 24, pp.381-951981.

. C.HarrisandM. Stephens;A combinedcornerandedgedetector”,Fourth Alvey Vision Confeence pp.147-1511988.
. R. Hartley, Rajiv GuptaandTom Chang,‘Stereofrom UncalibratedCameras”Proc. [EEE Conf on ComputeMsionand

PatternRecanition’, pp.761-7641992.

R. Hartley, “Euclideanreconstructiorfrom uncalibratedviews”, in : J.L. Mundy, A. ZissermanandD. Forsyth(eds.),
Applicationsof Invariancein Computenision, LNCS, 825, SpringefVerlag,pp.237-256,1994.

R. Hartley andP. Sturm,"“Triangulation”,Computeiision andImage Undeistanding 68(2), pp.146-1571997.

R. Koch, Automatiste Ober achenmodellierungstarrer dreidimensionalerObjekte aus steroslopisdhien Rundum-
Ansidten PhD thesis University of Hannoser, Germalry, 1996 also publishedas Fortschritte-Berichte/DI, Reihel0,

Nr.499,VDI Verlag,1997.

R. Koch,M. PollefeysandL. VanGool, Multi Viewpoint Stereofrom Uncalibratedvideo Sequenceomputenision -

ECCV'98 LNCS, 1406 SpringerVerlag,pp.55-71,1998.

R.Koch,M. Pollefeys,B. Heigl, L. VanGoolandH. Niemann,‘Calibrationof Hand-heldCamereSequencefor Plenoptic
Modeling”, Proc. Int. Conf on Computenision, IEEE ComputerSocietyPress1999.

S. LaveauandO. Faugeras,Oriented Projectve Geometryfor ComputerVision”, ComputeiVision- ECCV'96 LNCS,

1064 SpringerVerlag,pp. 147-156,1996.

E. Ofek, E. Shilat,A. RappopporandM. Werman,‘Highlight andRe ection IndependeniultiresolutionTexturesfrom

ImageSequences|EEE ComputerGraphicsand Applications 17(2), 1997.

M. Pollefeys, R. KochandL. Van Gool, “Self-Calibrationand Metric Reconstructiorin spiteof VaryingandUnknown

InternalCameraParameters”Proc. Int. Conf on Computeiision, NarosaPublishingHouse pp.90-95,1998.

M. Pollefeys, R. Koch, M. VergauwenandL. Van Gool, “Metric 3D SurfaceReconstructiorirom Uncalibratedmage
Sequences’RProc. SMILEWorkshop LNCS, 1506 pp.138-153SpringerVerlag,1998.

M. Pollefeys andL. Van Gool, “Strati ed self-calibrationwith the modulusconstraint”,IEEE Transactionson Pattern

Analysisand MachineIntelligence 21 (8), pp.707-7241999.

M. Pollefeys, R. KochandL. Van Gool. “Self-Calibrationand Metric Reconstructiorn spiteof VaryingandUnknown

InternalCameraParameters”|nt. J. of Computeiision, 32(1), pp.7-25,1999.

M. Pollefeys, Self-calibationandmetric3D reconstructiofromuncalibratedimage sequence$h.D.Thesis ESAT-PSI,
K.U.Leuven,1999.

M. Pollefeys,R. KochandL. VanGool,“A simpleandef cient recti cation methodfor generamotion”, Proc. Int. Conf

on ComputeMision, IEEE ComputerSocietyPress1999.

P. RousseeuyRolustReagressionand Outlier Detection Wiley, New York, 1987.

S.Roy, J.Meunierandl. Cox,“Cylindrical Recti cationto Minimize EpipolarDistortion”, Proc.IEEE Conf on Computer
\ision and PatternRecanition, pp.393-3991997.

P. Sturm,“Critical Motion Sequencefor MonocularSelf-CalibratiorandUncalibratecEuclideanReconstructionProc.

Conf on Computeiision and PatternRecanition, IEEE ComputerSoc.Presspp.1100-11051997.

C. TomasiandT. Kanade,'Shapeandmotionfrom imagestreamaunderorthography:A factorizatiorapproach”|nt. J.

of ComputeiMision, 9(2), pp.137-1541992.

P. Torr, Motion Segmentatiorand Outlier Detection PhD Thesis Dept.of Engineeringlniv. of Oxford, 1995.

B. Triggs,“The AbsoluteQuadric”,Proc. Conf on ComputeMisionandPatternRecanition, IEEE ComputetSoc.Press,
pp.609-614,1997.

Z. Zhang,R. Deriche,O. FaugeragandQ.-T. Luong,“A robusttechniquedor matchingtwo uncalibratedmagesthrough
therecovery of theunknavn epipolargeometry” Arti cial Intelligencel., 78, pp.87-119,1995.



