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ABSTRACT: In this paperan approachis presentedhat obtainsvirtual modelsfrom sequences
of images. The systemcan dealwith uncalibratedmage sequenceacquiredwith a handheld
cameraBasedontrackedor matchedeaturegherelationsbetweemmultiple views arecomputed.
Fromthisboththestructureof thesceneandthemotionof thecameraareretrieved. Theambiguity
on the reconstructionis restrictedfrom projective to metric throughauto-calibration.A e xible
multi-view stereomatchingschemas usedto obtaina denseestimationof the surfacegeometry
From the computeddatavirtual modelscan be constructedr, inversely virtual modelscanbe
includedin theoriginalimages.

1 INTRODUCTION

In recentyearsthe emphasigor applicationsof 3D modellinghasshiftedfrom measurements
to visualization. New communicationand visualizationtechnologyhave createdan important
demandfor photo-realistic3D content. In mostcasesvirtual modelsof existing scenesare de-
sired. This hascreated lot of interestfor image-basedpproachesApplicationscanbefoundin
e-commercereal estategamespost-productiorandspecialeffects,simulation,etc. For mostof
theseapplicationghereis aneedfor simpleand e xible acquisitionproceduresThereforecalibra-
tion shouldbe absenbr restrictedto a minimum. Many new applicationsalsorequirerobustlow
costacquisitionsystemsThis stimulateghe useof consumephoto-or videocamerasSomeap-
proache$iave beenproposedor extracting3D shapeandtexture from imagesequenceacquired
with afreely moving camerahave beenproposed Theapproactof Tomasi& Kanadeg(1992)used
an afne factorisationmethodto extract 3D from imagesequencesAn importantrestrictionof
this systemis the assumptiorof orthographicgprojection. Anothertype of approachstartsfrom
an approximate3D modelandcameragposesandre nes the modelbasedon images.e.g. Faade
proposedy Debevecetal. (1996). Theadwantages thatfewerimagesarerequired.Ontheother
handa preliminary modelmustbe available andthe geometryshouldnot be too complex. The
approactpresentedn this paperavoids mostof theserestrictions.The approactcapturegphoto-
realisticvirtual modelsfrom images. The useracquiresthe imagesby freely moving a camera
aroundanobjector scene Neitherthe cameramotionnor the camerasettingshave to beknown a
priori. Thereis alsono needfor preliminarymodels. The approacthcanalsobe usedto combine
virtual objectswith realvideo,yieldingaugmentedideo sequences.

2 RELATING IMAGES

Startingfrom a collectionof imagesor a video sequencehe rst stepconsistsn relatingthe
differentimagedo eachother Thisis notaneasyproblem.A restrictechumberof corresponding
pointsis sufcient to determinethe geometricrelationshipor multi-view constraintdbetweernthe



Figurel. The poseestimationof anew view usesinferredstructure-to-imagenatches.

images.Sincenot all pointsare equallysuitedfor matchingor tracking(e.g. a pixel in a homo-
geneousegion), the rst stepconsistof selectingfeaturepoints(Harris& Stephend.988,Shi&
Tomasi,1994). Dependingpnthetype of imagedata(i.e. videoor still pictures)thefeaturepoints
aretracked or matchedanda numberof potentialcorrespondencesre obtained.Fromthesethe
multi-view constraintscan be computed. However, sincethe correspondencproblemis anill-
posedproblem thesetof correspondingointscanbe contaminatedvith animportantnumberof
wrongmatcher outliers. In this caseatraditionalleast-squareapproactwill fail andtherefore
a robust methodis used(Torr 1995, Fischler& Bolles, 1981). Oncethe multi-view constraints
have beenobtainedthey canbe usedto guidethe searchfor additionalcorrespondenceslhese
canthenbeusedto furtherre ne theresultsfor the multi-view constraints.

3 STRUCTUREAND MOTION RECO/ERY

Therelationbetweerthe views andthe correspondencdsetweerthe featuresyetrieved asex-
plainedin the previous section,will be usedto retrieve the structureof the sceneandthe motion
of the camera.The approactthatis usedis relatedto the approachproposedy Beardslg et al.
(1997) but is fully projectve andthereforenot dependenbn the quasi-Euclidearnitialisation.
This is achieved by strictly carryingout all measurements the images,i.e. usingreprojection
errorsinsteadof 3D errors. To supportinitialisation anddeterminatiorof closeviews (indepen-
dently of the actualprojectve frame)an image-basedneasurdo obtaina qualitatve evaluation
of thedistancebetweertwo views hadto beused.The proposedneasuras the minimummedian
residualfor a homographybetweerthetwo views. At rst two imagesareselectecandaninitial
projective reconstructiorframeis set-up(Faugerasl992,Hartley etal. 1992). Thenthe poseof
the camerafor the otherviews is determinedn this frameandfor eachadditionalview the ini-
tial reconstructions re ned andextended. This is illustratedin Figurel. In this way the pose



estimationof views that have no commonfeatureswith the referenceviews alsobecomegossi-
ble. Typically, a view is only matchedwith its predecesson the sequenceln mostcaseghis
works ne, butin somecasege.g.whenthecameramovesbackandforth) it canbeinterestingo
alsorelatea new view to a numberof additionalviews. Candidateviews areidenti ed usingthe
image-basedneasurenentionedabore. Oncethe structureandmotion hasbeendeterminedor
thewholesequenceaheresultscanbere ned througha projectve bundleadjustmen{Triggsetal.
2000). Thentheambiguityis restrictedto metricthroughauto-calibratior(Triggs 1997,Pollefeys
1999b). Finally, a metric bundle adjustments carriedout to obtainan optimal estimationof the
structureandmotion.

4 DENSESURFACEESTIMATION

To obtainamoredetailedmodelof the obsered surfacedensamatchingis used.Thestructure
and motion obtainedin the previous stepscan be usedto constrainthe correspondencsearch.
Sincethe calibrationbetweersuccessie imagepairswascomputedthe epipolarconstraintthat
restrictshecorrespondencegearcho a 1-D searclrangecanbeexploited. Imagepairsarewarped
so that epipolarlines coincidewith the imagescanlines. Dealingwith imagesacquiredwith a
freelymoving hand-helccamerait is importantto usea calibrationschemehatworksfor arbitrary
motions(Pollefeys etal. 1999a).In addition,this approachguaranteeminimal imagesizes.The
correspondencgearchs thenreducedo a matchingof theimagepointsalongeachimagescan-
line. An exampleof arecti ed steregpairis givenin Figure2. It wasrecordedwith a hand-held
digital videocameran the Béguinagéan Leuven. Dueto the narrav streetsonly forward motion
is feasible.This would have causedstandarchomography-baseecti cation approacheso fail.

In additionto the epipolargeometryotherconstraintdik e preservinghe orderof neighbouring
pixels,bi-directionaluniquenessf thematch,anddetectiorof occlusionsanbeexploited. These
constraintsireusedto guidethe correspondenc@wardsthe mostprobablescan-linematchusing
adynamicprogrammingschemgCoxetal. 1996). Thematchersearchest eachpixel in oneim-
agefor maximumnormalizedcrosscorrelationin theotherimageby shiftinga smallmeasurement
window alongthe correspondingcanline. Matchingambiguitiesareresoled by exploiting the
orderingconstraintin the dynamicprogrammingapproach(Koch 1996). The algorithmwasfur-
theradaptedo emplg extendedneighbourhoodelationshipsaanda pyramidalestimationscheme
to reliably dealwith very large disparityrangesof over 50% of imagesize (Falkenhageri997).
Thedisparitysearchrangeis limited basedon the disparitiesthat were obsered for the features
in the structureandmotionrecovery.

The pairwisedisparity estimationallows computingimage-to-imageorrespondencbetween
adjacentrecti ed imagepairsandindependentepthestimatedor eachcameraviewpoint. An
optimaljoint estimateis achieved by fusing all independenéestimatesnto a common3D model
using a Kalman lter. The fusion can be performedin an economicalway throughcontrolled
correspondenclinking. This approachwasdiscussednorein detailin (Kochetal. 1998). This
approachcombinesthe advantagesf small baselineandwide baselinestereo. It canprovide a
very densedepthmap by avoiding mostocclusions. The depthresolutionis increasedhrough
thecombinationof multiple viewpointsandlarge globalbaselinevhile the matchingis simpli ed
throughthe smalllocal baselines.

5 BUILDING VIRTUAL MODELS

In the previous sectionsadensestructureandmotionrecovery approactwasgiven. Thisyields
all the necessarynformationto build photo-realisticvirtual models. The 3D surfaceis approxi-
matedby atriangularmeshto reducegeometriccompleity andto tailor the modelto therequire-
mentsof computergraphicsvisualizationsystemsA simpleapproacltonsistof overlayinga 2D
triangularmeshon top of oneof theimagesandthenbuild a correspondin@D meshby placing
theverticesof thetrianglesin 3D spaceaccordingto the valuesfoundin the correspondinglepth
map. The imageitself is usedastexture map. If no depthvalueis available or the con dence
is too low the correspondindrianglesare not reconstructed.The samehappensvhentriangles



Figure2. BguinagesequenceRecti ed imagepair (left) andsomeviews of thereconstructedtreetmodel
obtainedrom severalimagepairs(right).



are placedover discontinuities. This approachworks well on densedepthmapsobtainedfrom
multiple steregpairsandis illustratedin Figure3. Thetextureitself canalsobeenhancedhrough
themulti-view linking scheme A medianor robustmeanof the correspondingexture valuescan
becomputedo discardimagingartefictslik e sensomnoise,speculare ectionsandhighlights.

Figure 3. Surfacereconstructiorapproach(top): A triangularmeshis overlaid on top of the image. The
verticesareback-projectedéh spaceaccordingo thedepthvalues.Fromthisa 3D surfacemodelis obtained
(bottom)

To reconstructmorecomplex shapest is necessaryo combinemultiple depthmaps.Sinceall
depth-mapsanbelocatedn asinglemetricframe,registrationis notanissue.ln somecasest can
besufcient to loadtheseparatenodelstogetheiin thegraphicssystem.For morecomplex scenes
it canbeinterestingo rst integratethedifferentmeshesdnto a singlemesh.This canfor example
be doneusingthe volumetrictechniqueproposedn (Curless& Levoy 1996). Alternatively, when
the purposés to rendemew views from similar viewpointsimage-basedpproachesanbe used
(Kochetal. 2001). This approachavoidsthedif cult problemof obtainingaconsisten8D model
by using view-dependentexture and geometry This also allows taking more comple visual
effectssuchasre ectionsandhighlightsinto account.

6 EXAMPLESAND APPLICATIONS

The Indiantemplesequencavas shotin Ranakpur(india) usinga standardNikon F50 photo
cameraandthenscanned.The sequenceeenat the left of Figure4 was processedhroughthe
methodpresentedh this paper Theresultscanbe seenon theright of Figure4.

Anotherchallengingapplicationconsistof seamlesslyneiging virtual objectswith realvideo.
In this casethe ultimate goal is to male it impossibleto differentiatebetweenreal and virtual
objects. Several problemsneedto be overcomebeforeachiering this goal. The mostimportant
of themis the rigid registrationof virtual objectsinto the real ervironment. This canbe done
usingthe motioncomputatiorthatwaspresentedh this paper A moredetaileddiscussiorof this
applicationcanbefoundin (Cornelisetal. 2001).



Figure4. The Indian templesequencétop), recoveredsparsestructureand motion (middle) andtextured
anda shadedsiew of thereconstructe@D surfacemodel(bottom).



Thefollowing examplewasrecordecat Sagalassom Turkey, wherefootageof theruinsof an
ancientfountainwastaken. The fountainvideo sequenceonsistsof 250frames.A large partof
theoriginalmonuments missing.Basednresultsof archaeologicadxcavationsandarchitectural
studiesjt waspossibleto generate virtual copy of themissingpart. Usingthe proposedpproach
thevirtual reconstructiorrouldbeplacedbackontheremainsof theoriginalmonumentatleastin
therecordedvideosequenceThetop partof Figure5 shavs atop view of therecoreredstructure
beforeandafterbundle-adjustmentBesideshelargerreconstructiorerrorit canalsobe noticed
thatthenon-re nedstructures slightly bent. This effect mostly comesfrom nottakingtheradial
distortioninto accountin theinitial structurerecorery. In therestof Figure5 someframesof the
augmentedideoareshavn.

7 CONCLUSION

In this paperanapproacHor obtainingvirtual modelswith a hand-heldcameravaspresented.
Theapproactutilizesdifferentcomponentshatgraduallyretrieve all the informationthatis nec-
essarnyto constructvirtual modelsfrom images. Automatically extractedfeaturesaretracked or
matchedbetweenconsecutie views and multi-view relationsare robustly computed. Basedon
thistheprojective structureandmotionis determinedindsubsequentlypgradedo metricthrough
self-calibration Bundle-adjustmens usedto re ne theresults.Then,imagepairsarerecti ed and
matchedusinga stereoalgorithmanddenseandaccuratedepthmapsareobtainedoy combining
measurementsf multiple pairs. Fromtheseresultsvirtual modelscanbe obtainedor, inversely
virtual modelscanbeinsertedn theoriginal video.
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