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ABSTRACT: In this paperan approachis presentedthat obtainsvirtual modelsfrom sequences
of images. The systemcandealwith uncalibratedimagesequencesacquiredwith a handheld
camera.Basedontrackedor matchedfeaturestherelationsbetweenmultipleviewsarecomputed.
Fromthisboththestructureof thesceneandthemotionof thecameraareretrieved.Theambiguity
on the reconstructionis restrictedfrom projective to metric throughauto-calibration.A �e xible
multi-view stereomatchingschemeis usedto obtaina denseestimationof thesurfacegeometry.
From the computeddatavirtual modelscanbe constructedor, inversely, virtual modelscanbe
includedin theoriginal images.

1 INTRODUCTION

In recentyearstheemphasisfor applicationsof 3D modellinghasshiftedfrom measurements
to visualization. New communicationand visualizationtechnologyhave createdan important
demandfor photo-realistic3D content. In mostcasesvirtual modelsof existing scenesarede-
sired.This hascreateda lot of interestfor image-basedapproaches.Applicationscanbefoundin
e-commerce,realestate,games,post-productionandspecialeffects,simulation,etc. For mostof
theseapplicationsthereis aneedfor simpleand�e xibleacquisitionprocedures.Thereforecalibra-
tion shouldbeabsentor restrictedto a minimum. Many new applicationsalsorequirerobust low
costacquisitionsystems.This stimulatestheuseof consumerphoto-or videocameras.Someap-
proacheshave beenproposedfor extracting3D shapeandtexturefrom imagesequencesacquired
with a freelymoving camerahavebeenproposed.Theapproachof Tomasi& Kanade(1992)used
an af�ne factorisationmethodto extract 3D from imagesequences.An importantrestrictionof
this systemis the assumptionof orthographicprojection. Anothertype of approachstartsfrom
anapproximate3D modelandcameraposesandre�nes themodelbasedon images,e.g. Faade
proposedby Debevecetal. (1996).Theadvantageis thatfewer imagesarerequired.On theother
handa preliminarymodelmustbe availableandthe geometryshouldnot be too complex. The
approachpresentedin this paperavoidsmostof theserestrictions.Theapproachcapturesphoto-
realisticvirtual modelsfrom images. The useracquiresthe imagesby freely moving a camera
aroundanobjector scene.Neitherthecameramotionnor thecamerasettingshave to beknown a
priori. Thereis alsono needfor preliminarymodels.Theapproachcanalsobeusedto combine
virtual objectswith realvideo,yieldingaugmentedvideosequences.

2 RELATING IMAGES

Startingfrom a collectionof imagesor a video sequencethe �rst stepconsistsin relatingthe
differentimagesto eachother. This is notaneasyproblem.A restrictednumberof corresponding
pointsis suf�cient to determinethegeometricrelationshipor multi-view constraintsbetweenthe
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Figure1. Theposeestimationof anew view usesinferredstructure-to-imagematches.

images.Sincenot all pointsareequallysuitedfor matchingor tracking(e.g. a pixel in a homo-
geneousregion), the�rst stepconsistsof selectingfeaturepoints(Harris& Stephens1988,Shi&
Tomasi,1994).Dependingonthetypeof imagedata(i.e. videoor still pictures)thefeaturepoints
aretracked or matchedanda numberof potentialcorrespondencesareobtained.Fromthesethe
multi-view constraintscanbe computed.However, sincethe correspondenceproblemis an ill-
posedproblem,thesetof correspondingpointscanbecontaminatedwith animportantnumberof
wrongmatchesor outliers.In thiscase,a traditionalleast-squaresapproachwill fail andtherefore
a robust methodis used(Torr 1995,Fischler& Bolles,1981). Oncethe multi-view constraints
have beenobtainedthey canbe usedto guidethe searchfor additionalcorrespondences.These
canthenbeusedto furtherre�ne theresultsfor themulti-view constraints.

3 STRUCTUREAND MOTION RECOVERY

Therelationbetweentheviews andthecorrespondencesbetweenthefeatures,retrievedasex-
plainedin theprevioussection,will beusedto retrieve thestructureof thesceneandthemotion
of thecamera.Theapproachthat is usedis relatedto theapproachproposedby Beardsley et al.
(1997)but is fully projective andthereforenot dependenton the quasi-Euclideaninitialisation.
This is achieved by strictly carryingout all measurementsin the images,i.e. usingreprojection
errorsinsteadof 3D errors. To supportinitialisationanddeterminationof closeviews (indepen-
dentlyof the actualprojective frame)an image-basedmeasureto obtaina qualitative evaluation
of thedistancebetweentwo views hadto beused.Theproposedmeasureis theminimummedian
residualfor a homographybetweenthetwo views. At �rst two imagesareselectedandaninitial
projective reconstructionframeis set-up(Faugeras1992,Hartley et al. 1992). Thentheposeof
the camerafor the otherviews is determinedin this frameandfor eachadditionalview the ini-
tial reconstructionis re�ned andextended.This is illustratedin Figure1. In this way the pose



estimationof views thathave no commonfeatureswith thereferenceviews alsobecomespossi-
ble. Typically, a view is only matchedwith its predecessorin the sequence.In mostcasesthis
works�ne, but in somecases(e.g.whenthecameramovesbackandforth) it canbeinterestingto
alsorelatea new view to a numberof additionalviews. Candidateviews areidenti�ed usingthe
image-basedmeasurementionedabove. Oncethestructureandmotionhasbeendeterminedfor
thewholesequence,theresultscanbere�ned throughaprojectivebundleadjustment(Triggsetal.
2000).Thentheambiguityis restrictedto metricthroughauto-calibration(Triggs1997,Pollefeys
1999b).Finally, a metricbundleadjustmentis carriedout to obtainanoptimalestimationof the
structureandmotion.

4 DENSESURFACE ESTIMATION

To obtainamoredetailedmodelof theobservedsurfacedensematchingis used.Thestructure
andmotion obtainedin the previous stepscanbe usedto constrainthe correspondencesearch.
Sincethecalibrationbetweensuccessive imagepairswascomputed,theepipolarconstraintthat
restrictsthecorrespondencesearchto a1-D searchrangecanbeexploited.Imagepairsarewarped
so that epipolarlines coincidewith the imagescanlines. Dealingwith imagesacquiredwith a
freelymovinghand-heldcamera,it is importanttouseacalibrationschemethatworksfor arbitrary
motions(Pollefeys et al. 1999a).In addition,this approachguaranteesminimal imagesizes.The
correspondencesearchis thenreducedto a matchingof theimagepointsalongeachimagescan-
line. An exampleof a recti�ed stereopair is given in Figure2. It wasrecordedwith a hand-held
digital videocamerain theBéguinagein Leuven. Dueto thenarrow streetsonly forwardmotion
is feasible.Thiswouldhave causedstandardhomography-basedrecti�cation approachesto fail.

In additionto theepipolargeometryotherconstraintslike preservingtheorderof neighbouring
pixels,bi-directionaluniquenessof thematch,anddetectionof occlusionscanbeexploited.These
constraintsareusedto guidethecorrespondencetowardsthemostprobablescan-linematchusing
adynamicprogrammingscheme(Coxetal. 1996).Thematchersearchesateachpixel in oneim-
agefor maximumnormalizedcrosscorrelationin theotherimageby shiftingasmallmeasurement
window alongthecorrespondingscanline. Matchingambiguitiesareresolved by exploiting the
orderingconstraintin thedynamicprogrammingapproach(Koch1996). Thealgorithmwasfur-
theradaptedto employ extendedneighbourhoodrelationshipsandapyramidalestimationscheme
to reliably dealwith very large disparityrangesof over 50% of imagesize(Falkenhagen1997).
Thedisparitysearchrangeis limited basedon thedisparitiesthatwereobserved for the features
in thestructureandmotionrecovery.

The pairwisedisparityestimationallows computingimage-to-imagecorrespondencebetween
adjacentrecti�ed imagepairsand independentdepthestimatesfor eachcameraviewpoint. An
optimal joint estimateis achieved by fusingall independentestimatesinto a common3D model
usinga Kalman �lter . The fusion canbe performedin an economicalway throughcontrolled
correspondencelinking. This approachwasdiscussedmorein detail in (Kochet al. 1998). This
approachcombinesthe advantagesof small baselineandwide baselinestereo. It canprovide a
very densedepthmapby avoiding mostocclusions.The depthresolutionis increasedthrough
thecombinationof multipleviewpointsandlargeglobalbaselinewhile thematchingis simpli�ed
throughthesmall localbaselines.

5 BUILDING VIRTUAL MODELS

In theprevioussectionsadensestructureandmotionrecoveryapproachwasgiven.Thisyields
all thenecessaryinformationto build photo-realisticvirtual models.The3D surfaceis approxi-
matedby a triangularmeshto reducegeometriccomplexity andto tailor themodelto therequire-
mentsof computergraphicsvisualizationsystems.A simpleapproachconsistsof overlayinga2D
triangularmeshon top of oneof the imagesandthenbuild a corresponding3D meshby placing
theverticesof thetrianglesin 3D spaceaccordingto thevaluesfoundin thecorrespondingdepth
map. The imageitself is usedastexture map. If no depthvalueis availableor the con�dence
is too low the correspondingtrianglesarenot reconstructed.The samehappenswhentriangles



Figure2. Bguinagesequence:Recti�ed imagepair (left) andsomeviews of thereconstructedstreetmodel
obtainedfrom severalimagepairs(right).



areplacedover discontinuities.This approachworks well on densedepthmapsobtainedfrom
multiplestereopairsandis illustratedin Figure3. Thetextureitself canalsobeenhancedthrough
themulti-view linking scheme.A medianor robustmeanof thecorrespondingtexturevaluescan
becomputedto discardimagingartefactslike sensornoise,specularre�ectionsandhighlights.

Figure3. Surfacereconstructionapproach(top): A triangularmeshis overlaidon top of the image. The
verticesareback-projectedin spaceaccordingto thedepthvalues.Fromthisa3D surfacemodelis obtained
(bottom)

To reconstructmorecomplex shapesit is necessaryto combinemultiple depthmaps.Sinceall
depth-mapscanbelocatedin asinglemetricframe,registrationis notanissue.In somecasesit can
besuf�cient to loadtheseparatemodelstogetherin thegraphicssystem.For morecomplex scenes
it canbeinterestingto �rst integratethedifferentmeshesinto asinglemesh.Thiscanfor example
bedoneusingthevolumetrictechniqueproposedin (Curless& Levoy 1996).Alternatively, when
thepurposeis to rendernew views from similar viewpointsimage-basedapproachescanbeused
(Kochetal. 2001).Thisapproachavoidsthedif�cult problemof obtainingaconsistent3D model
by using view-dependenttexture and geometry. This also allows taking more complex visual
effectssuchasre�ectionsandhighlightsinto account.

6 EXAMPLESAND APPLICATIONS

The Indian templesequencewasshotin Ranakpur(India) usinga standardNikon F50 photo
cameraandthenscanned.The sequenceseenat the left of Figure4 wasprocessedthroughthe
methodpresentedin thispaper. Theresultscanbeseenon theright of Figure4.

Anotherchallengingapplicationconsistsof seamlesslymerging virtual objectswith realvideo.
In this casethe ultimategoal is to make it impossibleto differentiatebetweenreal andvirtual
objects.Severalproblemsneedto be overcomebeforeachieving this goal. The mostimportant
of themis the rigid registrationof virtual objectsinto the real environment. This canbe done
usingthemotioncomputationthatwaspresentedin this paper. A moredetaileddiscussionof this
applicationcanbefoundin (Corneliset al. 2001).



Figure4. The Indian templesequence(top), recoveredsparsestructureandmotion (middle)andtextured
anda shadedview of thereconstructed3D surfacemodel(bottom).



Thefollowing examplewasrecordedat Sagalassosin Turkey, wherefootageof theruinsof an
ancientfountainwastaken. Thefountainvideosequenceconsistsof 250frames.A largepartof
theoriginalmonumentis missing.Basedonresultsof archaeologicalexcavationsandarchitectural
studies,it waspossibleto generateavirtual copy of themissingpart.Usingtheproposedapproach
thevirtual reconstructioncouldbeplacedbackontheremainsof theoriginalmonument,at leastin
therecordedvideosequence.Thetoppartof Figure5 shows atopview of therecoveredstructure
beforeandafterbundle-adjustment.Besidesthelarger reconstructionerror it canalsobenoticed
thatthenon-re�nedstructureis slightly bent.This effect mostlycomesfrom not takingtheradial
distortioninto accountin theinitial structurerecovery. In therestof Figure5 someframesof the
augmentedvideoareshown.

7 CONCLUSION

In this paperanapproachfor obtainingvirtual modelswith a hand-heldcamerawaspresented.
Theapproachutilizesdifferentcomponentsthatgraduallyretrieve all theinformationthatis nec-
essaryto constructvirtual modelsfrom images.Automaticallyextractedfeaturesaretracked or
matchedbetweenconsecutive views andmulti-view relationsarerobustly computed.Basedon
thistheprojectivestructureandmotionis determinedandsubsequentlyupgradedto metricthrough
self-calibration.Bundle-adjustmentis usedto re�ne theresults.Then,imagepairsarerecti�ed and
matchedusinga stereoalgorithmanddenseandaccuratedepthmapsareobtainedby combining
measurementsof multiple pairs. Fromtheseresultsvirtual modelscanbeobtainedor, inversely,
virtual modelscanbeinsertedin theoriginal video.
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