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ABSTRACT

Modeling of three-dimensiona3D) objectsfrom imagesequencess a challengingproblemand hasbeena research
topic for mary years.Importanttheoreticalindalgorithmicresultswereachiezedthatallow to extractevencomplex 3D
modelsof scenedrom sequencesf images.Onerecenteffort hasbeento reducethe amountof calibrationandto avoid
restrictionson the cameramotion. In this contribution anapproachis describedvhich achiesesthis goal by combining
state-of-the-arlgorithmsfor uncalibrategrojectvereconstructionself-calibratioranddensecorrespondenamatching.

1 INTRODUCTION

Obtaining3D modelsfrom objectsis an ongoingresearchopic. A few yearsagothe main applicationswere robot
guidanceandvisual inspection. Nowadayshowever the emphasiss shifting. Thereis moreand moredemandfor 3D
modelsn computegraphicsyirtual realityandcommunicationThisresultsn achangen emphasi$or therequirements.
Thevisualquality become®neof the mainpointsof attention.The acquisitionconditionsandthetechnicalexpertiseof
the usersin thesenew applicationdomainscan often not be matchedwith the requirement®f existing systems.These
requireintricate calibrationproceduresvery time the systemis used. Thereis animportantdemandfor e xibility in
acquisition. Calibrationprocedureshouldbe absenbr restrictedto a minimum. Additionally, the existing systemsare
oftenbuilt aroundspecializechardware(e.g.laserangescannersr stereaigs) resultingin ahigh costfor thesesystems.
Many new applicationshowever requirerobustlow costacquisitionsystemsThis stimulateghe useof consumephoto-
or videocameras.

Otherresearcherbave presentedystemsfor extracting 3D shapeand texture from image sequencesacquiredwith a
freely moving camera. The approachof Tomasiand Kanade(1992hisedan af ne factorizationmethodto extract 3D
from imagesequencesAn importantrestrictionof this systemis the assumptiorof orthographigrojection.Debevecet
al.(1996)proposed systemthatstartsfrom anapproximate8D modelandcamergposesandre nes themodelbasedn
images.View dependentexturing is usedto enhanceealism. The advantagss thatonly a restrictednumberof images
arerequired.Ontheotherhanda preliminarymodelmustbe availableandthe geometryshouldnotbetoo complex.

In this paperwe present systemwhich retrievesa 3D surfacemodelfrom a sequencef imagesakenwith off-the-shelf
consumeicameras.The useracquiresthe imagesby freely moving the cameraaroundthe object. Neitherthe camera
motion nor the camerasettingshave to be known. The obtained3D modelis a scaledversionof the original object
(i.e. ametricreconstruction)andthe surfacetextureis obtainedfrom theimagesequencaswell. Our systemusesfull
perspectie camerasand doesnot requireprior modelsnor calibration. The completesystemcombinesstate-of-the-art
algorithmsto solve thedifferentsubproblemsprojectivereconstructionself-calibmation anddensedepthestimation

Projective Reconstruction: It hasbeenshavn by Faugerag1992)andHartley etal. (1992)thatareconstructiorupto an
arbitraryprojectve transformatiorwaspossiblefrom anuncalibratedmagesequenceSincethenalot of effort hasbeen
putin reliably obtainingaccurateestimatef the projective calibrationof animagesequenceRolustalgorithmswere
proposedo estimatethe fundamentamatrix from imagepairs,e.g. Torr (1995)or Zhanget al. (1995). Basedon this,
algorithmswhich sequentiallyretrievesthe projective calibrationof acompletamagesequencéave beendevelopede.g.
Beardslg etal. (1997).

Self-Calibration: Sincea projective calibrationis not sufcient for mary applicationsyesearchergiedto nd waysto
automaticallyupgradeprojectie calibrationsto metric(i.e. Euclidearup to scale).Typically, it is assumedhatthesame
camerais usedthroughoutthe sequencandthat the intrinsic cameraparametersre constant. This proved a dif cult
problemandmary researcherhave worked on it (Faugerast al., 1992,Hartley, 1993, Pollefeys and Van Gool, 1999,
Triggs,1997).Oneof the main problemss thatcritical motion sequencesxist for which self-calibrationdoesnot result
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in auniquesolution(Sturm,1997).Recentlyamorepragmaticapproach(Pollefesetal, 1999a)which assumethatsome
parameterare (approximatelyknown but which allows othersto vary wasproposed.Thereforethis approactcandeal
with zooming/focusingameras.

DenseDepth Estimation: Sincethecalibrationof theimagesequenceanbeestimatedstereoscopitriangulationtech-
niguesbetweerimagecorrespondenca&sanbe usedto estimatedepth.Thedif cult partin stereoscopidepthestimation
isto nd densecorrespondenceapsbetweertheimages.The correspondencgroblemis facilitatedby exploiting con-
straintsderivedfrom the calibrationandfrom someassumptionaboutthe scene An approachhatcombinedocalimage
correlationmethodswith a dynamicprogrammingapproacho constrainthe correspondenceearchs used(Cox et al.,
1996,Koch, 1996, Falkenhagen1997). To obtaina betteraccurag a multi-view approachwasdeveloped(Kochetal.,
1998).

This paperis organizedasfollows: In section2 a generaloverview of the systemis given. In the subsequengections
the differentstepsare explainedin moredetail: projective reconstructior{section3), self-calibration(section4), dense
matching(section5) andmodelgeneratior(section6). Section7 concludeghe paper

2 OVERVIEW OF THE METHOD

The presentedsystemgraduallyretrieves moreinformation aboutthe sceneand the camerasetup. The rst stepis to
relatethe differentimages. This is donepairwiseby retrieving the epipolargeometry An initial reconstructions then
madefor the rst two imagesof the sequenceFor the subsequenimagesthe camergooseis estimatedn the projectve
framede ned by the rst two cameras.For every additionalimagethatis processedt this stage,the interestpoints
correspondingo pointsin previousimagesarereconstructedie ned or corrected.Thereforeit is not necessarghatthe
initial points stay visible throughoutthe entire sequence.The resultof this stepis a reconstructiorof typically a few
hundredo afew thousandnterestpointsandthe (projectve) poseof the camera.Thereconstructioris only determined
upto a projective transformation.

The next stepconsistof restrictingthe ambiguity of the reconstructiorto a metric one. In a projective reconstruction
not only the scene but alsothe camerais distorted. Sincethe algorithmdealswith unknovn scenesit hasno way of
identifying this distortionin the reconstructiorof the scene Althoughthe cameras alsoassumedo be unknovn, some
constrainton the intrinsic camergparameterge.g. rectangulaor squarepixels, constanaspectatio, principal pointin
themiddle of theimage,...) canoftenstill beassumedA distortionon the cameramostly resultsin the violation of one
or moreof theseconstraintsA metricreconstruction/calibratiois obtainedy transformingheprojectvereconstruction
until all the constraint®n the cameragntrinsic parametergresatis ed.

At this point the systemeffectively dispose®f a calibratedmagesequenceTherelative positionandorientationof the
camerais known for all the viewpoints. This calibrationfacilitatesthe searchfor correspondingpointsandallows usto
usea stereoalgorithmthatwasdevelopedfor a calibratedsystemandwhich allowsto nd correspondencesr mostof
the pixelsin theimages.Fromthesecorrespondencekbe distancefrom the pointsto the cameracentercanbe obtained
throughtriangulation. Theseresultsarere ned andcompletedby combiningthe correspondencdsom multipleimages.

Finally, a densemetric 3D surfacemodelis obtainedby approximatinghe depthmapwith a triangularwireframe. The
textureis obtainedrom theimagesandmappedntothe surface.

In gure 1 anoverview of the systemis given. It consistsof independentoduleswhich passon the necessarynfor-
mationto the next modules.The rst modulecomputeghe projective calibrationof the sequencéogethemwith a sparse
reconstructionln the next modulethe metric calibrationis computedrom the projective cameramatricesthroughself-
calibration. Thendensecorrespondencmapsare estimated.Finally all resultsareintegratedin a textured3D surface
reconstructiorof the sceneunderconsiderationThroughouthe restof this paperthe differentstepsof the methodwill
be explainedin moredetail.

3 PROJECTIVE RECONSTRUCTION

At rst theimagesarecompletelyunrelatedTheonly assumptioris thattheimagesorm asequencé whichconsecutie
imagesdo not differ too much. Thereforethe local neighborhoodf image points originating from the samescene
point shouldlook similar if imagesareclosein the sequenceThis allows for automaticmatchingalgorithmsto retrieve
correspondence$heapproachtiakento obtainaprojectvereconstructiotis verysimilarto theoneproposedy Beardslg
etal (1997).
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Figurel: Overview of the system(the camerasarerepresentedtby little pyramids,the resultsof the densematchingare
accumulatedh densedepthmapswherelight meansloseanddarkmeandar).

3.1 Relatingthe Images

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

reducethe combinatoriacompleity. In additionnotall pointsareequallywell suitedfor automatianatching.Thelocal

neighborhoodsf somepointscontainalot of intensityvariationandarethereforeeasyto differentiatefrom others. The
Harriscornerdetector(Harrisand Stephens1988)is usedto selecta setof suchpoints. Correspondencdsetweerthese
imagepointsneedto be establishedhrougha matchingprocedure.

Matchesare determinedhroughnormalizedcross-correlatiomf the intensity valuesof the local neighborhood.Since
imagesaresupposedhot to differ too much,correspondingpointscanbe expectedto be found backin the sameregion
of theimage.Thereforeat rst only interestpointswhich have similar positionsareconsideredor matching.Whentwo
pointsaremutualbestmatcheghey areconsideredspotentialcorrespondences.

Sincetheepipolargeometrydescribeshe completegeometryrelatingtwo views, this is whatshouldbe retrieved. Com-
puting it from the setof potentialmatcheshroughleastsquaresioesin generalnot give satisfyingresultsdueto its
sensitvity to outliers. Thereforea robustapproactshouldbe used.Our systemincorporateshe RANSAC (Fischlerand
Bolles,1981)approachimplementedy Torr (1995). 1t consistof randomlyselectinga minimal setof matchegi.e. 7 for
the fundamentammatrix) andverifying the consistencef the othermatcheswith the obtainedsolution. This procedurés
repeatedintil a solutionis obtainedwith sufcient support.Oncethe epipolargeometryhasbeenretrieved,onecanstart
looking for morematchedo re ne this geometry In this casethe searchregion is restrictedto a few pixelsaroundthe
epipolarlines.

3.2 Initial Reconstruction

Thetwo rst imagesof the sequencareusedto determinea referenceérame. Theworld frameis alignedwith the rst
camera. The secondcamerais chosenso that the epipolargeometrycorrespondso the retrieved , see(Pollefeys,
1999)for moredetails.

1)
where indicatesthe vectorproductwith Equationl is not completelydeterminedy the epipolargeometry
(i.e. and ), but has4 moredegreesof freedom(l e. ). determineghe positionof the

referenceplane(i.e. theplaneatin nity in anaf ne or metricframe)and determinesheglobalscaleof thereconstruc-
tion. To avoid someproblemsduring the reconstructior{dueto the violation of the quasi-Euclideamssumption)it is

recommendetb determine in suchaway thatthe planeatin nity doesnot crossthe scene.Thisis achieved

by selecting sothatall pointsarereconstructeéh front of the camera.Sincethereis no way to determinethe
globalscalefrom theimages, canarbitrarilybechoserto

Oncethecamerahave beerfully determinedhematchesanbereconstructethroughtriangulation. Theoptimalmethod
for thisis givenin (Hartley andSturm,1997). This givesusa preliminaryreconstruction.
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Figure2: Imagematcheg ) arefoundasdescribedefore.Sincetheimagepoints, , relateto objectpoints,
, theposefor view canbecomputedrom theinferredmatcheg ).

3.3 Adding a View

For every additionalview the posetowardsthe pre-&isting reconstructions determinedthenthe reconstructions up-
dated.Thisis illustratedin gure 2. The rst stepsconsistof nding theepipolargeometryasdescribedn Section3.1.
Then,from theimagematcheavhich correspondo alreadyreconstructegoints,2D-3D matchesreinferred. Theseare
usedto computethe projectionmatrix . Thisis doneusinga robust proceduresimilar to the onefor retrieving the
epipolargeometry In this casea minimal sampleof 6 matchess neededo compute . Once  hasbeendetermined
the projectionof alreadyreconstructeghointscanbe predicted.Thisallowsto nd someadditionalmatchedo re ne the
estimationof . This meanghatthe searchspaceis graduallyreducedrom the full imageto the epipolarline to the
predictedprojectionof the point. Oncethe cameragprojectionmatrix hasbeendeterminedhe reconstructioris updated.
This consistf re ning, correctingor deletingalreadyreconstructegointsandinitializing new pointsfor nev matches.
This procedureonly relatestheimageto the previousimage.In factit is implicitly assumedhatoncea point getsout of
sight, it will notcomeback. Althoughthisis true for mary sequencest is certainlynot alwaysthe case.Thereforejn
somecasest canbeinterestingo adaptthe schemesothatmoreviews arematchedwith the new view (Pollefeys, 1999,
Kochetal.,1999).

Oncethis procedurenasbeenrepeatedor all the imagesonedispose®f camergposedor all the views andthe recon-
structionof the interestpoints. In the furthermodulesmainly the cameracalibrationis used. Thereconstructioritself is
usedto obtainan estimateof the disparityrangefor the densestereamatching.

4 UPGRADING THE RECONSTRUCTION TO METRIC

Thereconstructiombtainedasdescribedn the previousparagraplis only determinedip to anarbitraryprojectve trans-
formation. This might be sufcient for someroboticsor inspectionapplications put certainly not for visualizationor
metrology The systemusesa e xible self-calibrationapproach(Pollefeys et al, 1999a,Pollefeys, 1999)to restrictthe
ambiguityon thereconstructiorto metric(i.e. Euclideanup to scale).This approactallows the intrinsic camergparam-
etersto vary during the acquisition. This featureis especiallyusefulwhenthe cameras equippedwith a zoomor with
auto-focus.

It is outsidethe scopeof this paperto discusghis methodin detail. The generakoncepiconsistof translatingconstraints
ontheintrinsiccamergarameterto constraint®n theabsoluteconic. Oncethis specialconicis identi ed, it canbeused
asa calibrationpatternto upgradethereconstructiono metric. Somereconstructionbefore andafter the self-calibration
stageareshownn. Theleft partof gure 3 givesthereconstructiomeforeself-calibration.Thereforet is only determined
upto anarbitraryprojectivetransformatiormndmetricpropertief thescenecannotbeobsenedfrom thisrepresentation.
Theright partshavs theresultafterself-calibration At this pointthereconstructiomasbeenupgradedo metric.

5 DENSEDEPTH ESTIMATION

In the previous stepsonly a few scenepointswerereconstructedObtaininga densereconstructiortould be achiezed by
interpolation,but in practicethis doesnot yield satishctoryresults. Small surfacedetailswould never be reconstructed
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Figure3: Reconstructiomefore(left) andafter(right) self-calibration.

Figure4: Originalimagepair (left) andrecti ed imagepair (right).

in thisway. Additionally, someimportantfeaturesare often missedduring the cornermatchingandwould thereforenot
appeatin the reconstruction.Theseproblemscanbe avoided by usingalgorithmswhich estimatecorrespondencefsr
almostevery pointin theimages Becausehereconstructiomasupgradedo metric,algorithmsthatweredevelopedfor
calibratedsterearigs canbeused.

5.1 Recti cation

Sincethe calibrationbetweensuccessie imagepairswascomputedthe epipolarconstrainthat restrictsthe correspon-
dencesearchto a 1-D searchrangecanbe exploited. Imagepairsarewarpedso that epipolarlines coincidingwith the
imagescanlines. The correspondenceearchs thenreducedo a matchingof the imagepointsalongeachimagescan-
line. Thisresultsn adramatidncreasef thecomputationaéf ciency of thealgorithmsby enablingseveraloptimizations
in thecomputations.

For somemotions(i.e. whenthe epipoleis locatedin the image)standardecti cation basedon planarhomographiess
not possibleanda moreadwancedprocedureshouldbe used. The approachusedin the presentedystenwasproposed
in (Pollefeysetal. 1999b). Themethodcombinessimplicity with minimalimagesizeandworksfor all possiblemotions.
Thekey ideais to usepolar coordinatesvith the epipoleasorigin. A minimaimagesizeis achieved by computingthe
anglebetweertwo consecutie epipolarlinesto have the worstcasepixel ontheline presereits area. gure 4 shavsan
imagepair andtheassociatedecti ed imagepair.

5.2 DenseStereoMatching

In additionto theepipolargeometryotherconstraintdik e preservinghe orderof neighboringpixels,bidirectionalunique-
nessof the match,anddetectionof occlusionscanbe exploited. Theseconstraintsareusedto guidethe correspondence
towardsthemostprobablescan-linematchusinga dynamicprogrammingschemeFalkenhagen1997).

For densecorrespondenceatchinga disparityestimatotbasedn the dynamicprogrammingschemgCox etal., 1996),
is employed thatincorporateghe abose mentionedconstraints.It operateon recti ed imagepairswherethe epipolar
lines coincidewith imagescanlines. The matchersearchest eachpixel in the rst imagefor maximumnormalized
crosscorrelationin the otherimageby shifting a small measuremenwindow (kernelsize 5x5 to 7x7 pixel) alongthe
correspondingscanline. The selectedsearchstepsize (usually 1 pixel) determineghe searchresolution. Matching
ambiguitiesareresohedby exploiting the orderingconstrainin the dynamicprogrammingapproach(Koch,1996). The
algorithmwas further adaptedo employ extendedneighborhoodelationshipsand a pyramidal estimationschemeto

reliably dealwith verylargedisparityrangef over 50% of imagesize (Falkenhagen1997). This algorithmthatwasat

rst developedfor calibratestereorigs could easilybe usedfor our purposesinceat this stagethe necessargalibration
informationhadalreadybeenretrievedfrom theimages.
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Figure5: Densedepthmap(light meansnearanddarkmeangar).

5.3 Multi View Matching

The pairwisedisparity estimationallows to computeimageto imagecorrespondencbketweenadjacentrecti ed image
pairs,andindependentiepthestimatesor eachcameraviewpoint. An optimaljoint estimateis achiesed by fusing all
independengstimatesnto acommon3D model. Thefusioncanbe performedn aneconomicaivay throughcontrolled
correspondendeking. Theapproachutilizesa e xible multi viewpointschemeavhich combinegsheadwantage®f small
baselineand wide baselinestereo(Koch et al., 1998). The resultof this procedures a very densedepthmap. Most
occlusionproblemsareavoidedby linking correspondencdsom up anddown the sequenceAn exampleof suchavery
densalepthmapis givenin gure 5.

6 BUILDING THE MODEL

Thedensedepthmapsascomputedy the correspondendénking mustbe approximatedy a 3D surfacerepresentation
suitablefor visualization. For this purposea triangularmeshis overlaid on top of the depthmapandthe trianglesare
backprojecteih spaceaccordingo thedepthof thevertices.Theoriginalimageitself canbeusedasatextureto enhance
realism.Notethatin this casethe problemof registeringthe texturewith the 3D modelis trivial. To avoid highlightsand
otherartefictswhich couldbe presentn thereferencemagearobusttexture canbebuild-up throughthe sameschemeas
wasusedto re ne depthin theprevioussection.Thisis describednorein detailin (Kochetal., 1998).

An exampleof theresultingmodelcanbeseenin gure 6. Somemoreviews of thereconstructioraregivenin gure 7.
To furtherillustratethe e xibility of thesystema secondexampleis given. The5 imagesseenin gure 8 weretakenwith
a simplephotocamerandtransferedo a PhotoCD.Featurepointswere extractedand matchedautomaticallybetween
theseimagesandthe calibrationwasobtainedasdescribedn this paper Next, a full surlacemodelwascomputedrom
this. Theseresultsareillustratedin gure 9. Dueto the e xibility of the system,it could for examplealsobe usedto
reconstrucscenedrom pre-«isting video (Pollefeys, 1999)or to obtainthe calibrationrequiredto constructplenoptic
models(Kochetal., 1999).

7 CONCLUSION

An automatic3D scenemodelingtechniquewasdiscussedhat is capableof building modelsfrom uncalibratedmage
sequenceslhetechniquas ableto extractmetric3D modelswithoutary prior knowledgeaboutthesceneor thecamera.
The calibrationis obtainedby assuminga rigid sceneand someconstraintson the intrinsic cameraparameterge.g.
squarepixels). Futureresearctwill try to dealwith morewidely separatediews andto obtaina betteraccurag through
maximumlik elihood estimation. Work alsoremainsto be doneto get more completemodelsby fusing the partial 3D

reconstructions.
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Figure6: 3D surfacemodelobtainedautomaticallyfrom anuncalibratedmagesequenceshadedleft), textured(right).

Figure7: Somedetailedviews of the reconstructedastlemodel.

Figure8: Photgyraphswhich were usedto geneatea 3D modelof a part of a Jain templeof Ranakpur

Figure9: Reconstructionf interestpointsandcamears (left), two detail views of thereconstructeanodel(right).
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