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Abstract

This papercontainstwo parts. In the �rst partanautomaticprocessingpipelineis pre-

sentedthatanalysesan imagesequenceandautomaticallyextractscameramotion,calibra-

tion and scenegeometry. The systemcombinesstate-of-the-artalgorithmsdevelopedin

computervision, computergraphicsand photogrammetry. The approachconsistsof two

stages.Salientfeaturesareextractedandtracked throughoutthe sequenceto computethe

cameramotionandcalibrationandthe3D structureof theobserved features.Thena dense

estimateof thesurfacegeometryof theobservedsceneis computedusingstereomatching.

Thesecondpartof thepaperdiscusseshow this informationcanbe usedfor visualization.

Traditionally, a textured3D modelis constructedfrom thecomputedinformationandused

to rendernew images.Alternatively, it is alsopossibleto avoid theneedfor anexplicit 3D

modelandto obtainnew views directly by combiningtheappropriatepixels from recorded

views. It is interestingto note that even whenthereis an ambiguityon the reconstructed

geometry, correctnew imagescanoftenstill begenerated.
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Intr oduction

Nowadayscomputergraphicsallow to rendercomplex 3D scenesin real-time.Therefore,more

andmoredemandexists for detailedrepresentationsof the 3D world. Producingthis content

usinginteractive3D modelingpackageshasbecomeveryexpensiveandtimeconsuming.In ad-

dition, in many casesrealworld objectsor scenesareconsidered.Thishasmotivatedresearchers

to develop techniquesto capturethe 3D visual world directly. Oneof the mostpromisingap-

proachesconsistsof usingimagesfor thispurpose.

In the �eld of computervision, researchershave beenworking for many yearsto obtain3D

representationsof scenesfrom images. Initially this work was targetedtowardsroboticsand

automation,e.g.allowing a robotto navigatethroughanunknown environment.In recentyears

the focushasshifted to visualizationandcommunication,resultingin muchmore interaction

with thecomputergraphicscommunity. Oneof themainfocuseshasbeento providealgorithms

thatcanautomaticallyextractthenecessaryinformationfrom multiple images.In addition,over

the last tenyearsimportantnew insightshave beengainedin thegeometryof multiple images,

allowing more�e xible approachesto bedeveloped(a goodreferencefor this is therecentbook

by Hartley andZisserman[15]).

The �rst partof this paperpresentsanautomaticprocessingpipelinethatwe have beende-

velopingover the last few years[25, 27, 31, 33]. Startingfrom an imagesequencethesystem

graduallyrecoversa detailed3D reconstruction.Both motionandcalibrationof thecameraare
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retrievedautomaticallyduringtheprocessing.To achieve this thesystemcombinesstate-of-the-

art algorithmsdevelopedin computervision,computergraphicsandphotogrammetry.

In the secondpart of this paperwe discusshow the computedinformationcanbe usedfor

visualization.A �rst approachconsistsof constructinga textured3D modelsothatnew images

canbegeneratedusingthestandardcomputergraphics3D renderingpipeline.However, sincea

few yearsalternative approacheshave beenproposedthatgeneratenew imagesby recombining

pixels of recordedimages[22, 11]. Therefore,a secondapproachis presentedthat allows to

generatenew imageswithout theneedfor anexplicit 3D model[19, 20]. This approachrenders

new viewsdirectly from therecordedimages.Althoughanexplicit 3D modelis notrequired,ap-

proximatedepthinformationallows to minimizerenderingartefacts.Anotherinterestingaspect

of image-basedvisualization-especiallycomparedto obtainingmeasurementsfrom images-is

thatin many casesambiguitieson thereconstructiondo not show up duringvisualization.If the

cameramotion doesnot allow self-calibrationto yield a uniqueresult (due to the problemof

critical motionsequences[37]) correctimagescanstill berenderedundersomeconditions[34].

Image to 3D processingpipeline

Our processingpipelinestartsfrom a sequenceof imagesandcomputesall thenecessaryinfor-

mationto build a 3D modelor to performothertypesof renderingof theobservedscene.The

processgraduallyretrievesmoreandmoreinformationaboutthesceneandaboutthecamera.

First, the relative motion betweenconsecutive imagesneedsto be recovered. This process

goeshandin handwith �nding correspondingimagefeaturesbetweentheseimages(i.e. image
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pointsthatoriginatefrom thesame3D feature).Thenext stepconsistsof recoveringthemotion

and calibrationof the cameraand the 3D structureof the features. This processis donein

two phases.At �rst the reconstructioncontainsa projective skew (i.e. parallel lines are not

parallel, anglesare not correct,relative distancesare not preserved, etc.). This is due to the

absenceof ana priori calibration.Usinga self-calibrationalgorithm[30] this distortioncanbe

removed,yielding a reconstructionequivalentto the original sceneup to a global scalefactor.

Thisuncalibratedapproachto 3D reconstructionallowsmuchmore�e xibility in theacquisition

processsincethefocal lengthandotherintrinsic cameraparametersdo not have to bemeasured

–calibrated–beforehandandareallowedto changeduringtheacquisition.

Thereconstructionobtainedasdescribedin thepreviousparagraphonly containsasparseset

of 3D points(only a limited numberof featuresareconsideredat �rst). Althoughinterpolation

mightbeasolution,thistypically yieldsmodelswith poorvisualquality. Therefore,thenext step

consistsin anattemptto matchall imagepixelsof animagewith pixelsin neighboringimages,so

thatthesepointstoocanbereconstructed.This taskis greatlyfacilitatedby theknowledgeof all

thecameraparameterswhich we haveobtainedin thepreviousstage.Sincea pixel in theimage

correspondsto a ray in spaceand the projectionof this ray in other imagescanbe predicted

from the recoveredposeandcalibration,the searchof a correspondingpixel in other images

canberestrictedto a singleline. Additional constraintssuchastheassumptionof a piecewise

continuous3D surfacearealsoemployedto furtherconstrainthesearch.It is possibleto warp

the imagesso that the searchrangecoincideswith the horizontalscanlines.An algorithmthat

canachieve this for arbitrarycameramotionis describedin [28]. This allows to useanef�cient

stereoalgorithmthatcomputesanoptimalmatchfor thewholescanlineat once[43]. Thus,we
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canobtaina depthestimate(i.e. thedistancefrom thecamerato theobjectsurface)for almost

every pixel of an image. By fusing the resultsof all the imagestogethera completedense3D

surfacemodelis obtained.The imagesusedfor thereconstructioncanalsobeusedfor texture

mappingso thata �nal photo-realisticresultis achieved. Thedifferentstepsof theprocessare

illustratedin Figure1. In the following paragraphssomeof the critical stepsaredescribedin

somemoredetail.

Relating images

Startingfrom a collectionof imagesor a video sequencethe �rst stepconsistsin relatingthe

differentimagestoeachother. Thisis notaneasyproblem.A restrictednumberof corresponding

points is suf�cient to determinethe geometricrelationshipor multi-view constraints between

the images. Sincenot all pointsareequallysuitedfor matchingor tracking(e.g. a pixel in a

homogeneousregion), the�rst stepconsistof selectingfeaturepoints[12, 35]. Thesearesuited

for trackingor matching.Dependingon the typeof imagedata(i.e. videoor still pictures)the

featurepointsaretracked or matchedanda numberof potentialcorrespondencesareobtained.

From thesethe multi-view constraintscan be computed. However, sincethe correspondence

problemis an ill-posedproblem,the setof correspondingpointscanbe contaminatedwith an

importantnumberof wrongmatchesor outliers. In thiscase,a traditionalleast-squaresapproach

will fail andthereforea robust methodis used[40, 10]. Oncethe multi-view constraintshave

beenobtainedthey canbe usedto guidethe searchfor additionalcorrespondences.Thesecan

thenbeemployedto re�ne theresultsfor themulti-view constraintsfurther.
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Figure1: Overview of our3D recordingpipeline.
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Structure and motion recovery

The relationbetweenthe views andthecorrespondencesbetweenthe features,retrievedasex-

plainedin theprevioussection,will beusedto retrieve thestructureof thesceneandthemotion

of the camera.The approachthat is usedis relatedto [1] but is fully projective andtherefore

not dependenton thequasi-euclideaninitialization. This is achievedby strictly carryingout all

measurementsin theimages,i.e. usingreprojectionerrorsinsteadof 3D errors.

At �rst two imagesareselectedandaninitial projectivereconstructionframeis set-up[8, 13].

Thentheposeof thecamerafor theotherviewsisdeterminedin thisframeandfor eachadditional

view theinitial reconstructionis re�ned andextended.In this way theposeestimationof views

thathavenocommonfeatureswith thereferenceviewsalsobecomespossible.Oncethestructure

andmotion hasbeendeterminedfor the whole sequence,the resultscanbe re�ned througha

projectivebundleadjustment[42]. Thentheambiguityis restrictedto metric(i.e. Euclidean,but

with unknown scale)throughself-calibration[9]. Our approachis basedon theconceptof the

absolutequadric[41, 30]. Finally, ametricbundleadjustmentis carriedout to obtainanoptimal

estimationof thestructureandmotion.

In somecasesit canhappenthat if themotion is not suf�ciently generalan ambiguityper-

sists[37]. However, wewill seefurtheronthatevenif thisproblemoccursit is oftenstill possible

to generatecorrectnew views.
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Densesurfaceestimation

To obtaina moredetailedmodelof theobservedsurfacedensematchingis used.Thestructure

andmotionobtainedin the previous stepscanbe usedto constrainthe correspondencesearch.

Sincethecalibrationbetweensuccessive imagepairswascomputed,theepipolarconstraintthat

restrictsthe correspondencesearchto a 1-D searchrangecan be exploited. Imagepairs are

warpedso that epipolarlines coincidewith the imagescanlines. For this purposethe recti�-

cationschemeproposedin [28] is used.This approachcandealwith arbitraryrelative camera

motionwhile standardhomography-basedapproachesfail whentheepipoleis containedin the

image.Theapproachalsoguaranteesminimal imagesizes.Thecorrespondencesearchis then

reducedto amatchingof theimagepointsalongeachimagescan-line.This resultsin adramatic

increaseof thecomputationalef�ciency of thealgorithmsby enablingseveraloptimizationsin

the computations.A �rst examplecomesfrom thecastlesequence.In Figure2 an imagepair

andtheassociatedrecti�ed imagepairareshown.

In additionto theepipolargeometryotherconstraintslikepreservingtheorderof neighboring

pixelsandbidirectionaluniquenessof thematchcanbeexploited. Theseconstraintsareusedto

guidethecorrespondencetowardsthemostprobablescan-linematchusinga dynamicprogram-

ming scheme[4]. The matchersearchesat eachpixel in oneimagefor maximumnormalized

crosscorrelationin the other imageby shifting a small measurementwindow alongthe corre-

spondingscan-line.Matchingambiguitiesareresolvedby exploiting theorderingconstraintin

thedynamicprogrammingapproach.Thealgorithmwasfurtheradaptedto employ a pyramidal

estimationschemeto reliablydealwith verylargedisparityrangesof over50%of imagesize[7].
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More detailson our stereoalgorithmcanbefoundin [43]. Thedisparitysearchrangeis limited

basedon thedisparitiesthatwereobservedfor thefeaturesin thestructureandmotionrecovery.

The pairwisedisparityestimationallows to computeimageto imagecorrespondencesbe-

tweenadjacentrecti�ed imagepairs and independentdepthestimatesfor eachcameraview-

point. An optimal joint estimateis achievedby fusingall independentestimatesinto a common

3D modelusinga Kalman�lter . The fusion canbe performedin an economicalway through

controlledcorrespondencelinking. Thisapproachwasdiscussedmorein detail in [18].

This approachcombinesthe advantagesof small baselineandwide baselinestereo. It can

provide a very densedepthmapby avoiding mostocclusions.Thedepthresolutionis increased

throughthecombinationof multiple viewpointsandlargeglobalbaselinewhile thematchingis

simpli�ed throughthesmall localbaselines.

Constructing visual models

The systemdescribedin the previous sectioncomputesdepthmapsfor every view aswell as

the motion and calibrationof the camera. This yields all the necessaryinformation to build

photo-realisticvisualmodels.

3D surfacereconstruction

The traditionalapproachconsistsof approximatingthe 3D surfaceby a triangularmeshto re-

ducegeometriccomplexity and to tailor the model to the requirementsof computergraphics

visualizationsystems.A simpleapproachconsistsof overlayinga regular 2D triangularmesh
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on top of oneof the imagesandthenbuild a corresponding3D meshby placingtheverticesof

the trianglesin 3D spaceaccordingto the valuesfound in the correspondingdepthmap. The

imageitself is usedasa texturemap. If no depthvalueis availableor thecon�denceis too low

thecorrespondingtrianglesarenot reconstructed.Thesamehappenswhentrianglesareplaced

over discontinuities. This approachworks well on densedepthmapsobtainedfrom multiple

stereopairs.To reducethenumberof polygonswithout signi�cantly reducingthequality of the

modelameshsimpli�cation algorithmcanbeused[36]. Thetextureitself canalsobeenhanced

throughthemulti-view linking scheme[18]. A medianor robustmeanof thecorrespondingtex-

turevaluescanbe computedto discardimagingartifactslike sensornoise,specularre�ections

andhighlights[24].

To reconstructmorecomplex shapesit is necessaryto combinemultiple depthmaps.Since

all depth-mapscanbe locatedin a singlemetric frame, registrationis not an issue. In some

casesit canbesuf�cient to loadtheseparatemodelstogetherin thegraphicssystem.In general,

however, betterresultsareobtainedby integratingthedifferentmeshesinto a singlemesh.This

canfor examplebedoneusingthevolumetrictechniqueproposedin [5]. Note that in this case

alsothetexturehasto beobtainedby combiningdifferentimages.Theapproachwe useselects

aview for eachvertex (basedonaveragenormalandvisibility) andthengeneratesthetextureby

blendingbetweenthedifferentviewsselectedfor eachtriangle.

Examples Wehaverecordedashortvideosequencefrom amedusaheaddecoratinganancient

fountainin Sagalassos(anancientcity in Turkey). The20 secondvideosequencewasrecorded

with a hand-heldconsumervideo camera(Sony TRV-900). Eachtwentiestframewasusedas
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a key-frameby our video to 3D processingpipeline. Threeof theseframesareseenon the top

partof Figure3. Thecomputestructureandmotionis alsoseenin this �gure (middle-left). The

cameraviewpointsarerepresentedby smallpyramids.Thedepthmapusedto constructthe3D

modelis seenon themiddle-rightof the�gure. Finally, themodel-with andwithout texture- is

seenat thebottomof the�gure. Fromtheshadedmodelonecanseethatmostof thegeometric

detail is accuratelyrecovered.By usingtheimageitself astexturemapa photorealisticmodelis

obtained.Note from therightmostview that the3D modelallows to renderrealisticviews that

areverydifferentfrom theoriginalviews.

Thesecondexamplewasalsorecordedon thearchaeologicalsiteof Sagalassos.In this case

theremainsof a Romanvilla wererecordedat differentstagesduringtheexcavations.Herewe

consideraspeci�c layerfor which26picturesweretakenwith ahand-heldphotocamera(Nikon

F50)andscannedto PhotoCD.Theonsiteacquisitionof theimagesonly takesa few minutesso

it doesnot slow down theexcavationprocess.Someof therecordedpicturescanbeseenon the

top part of Figure4. Note that in this casethe geometryof theobservedsceneis too complex

to bereconstructedfrom a singledepthmap.Therefore,in this casethe3D modelwasobtained

by combiningall thedepthmapsusinga volumetricapproach.More detailson archaeological

applicationsof our techniquescanbefoundin [26].

Light�eld rendering

For renderingnew views two majorconceptsareknown in literature.The�rst oneis thegeom-

etry basedconcept.Thescenegeometryis reconstructedfrom a streamof imagesanda single
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texture is synthesizedwhich is mappedonto this geometry. For this approach,a limited setof

cameraviews is suf�cient, but view-dependenteffectssuchasspecularitiescannot behandled

appropriately. This approachwasdiscussedin theprevioussection.Thesecondmajorconcept

is light�eld rendering.This approachmodelsthe sceneasa collectionof views all aroundthe

scenewithout anexactgeometricalrepresentation[22]. New (virtual) views arerenderedfrom

therecordedonesby interpolation.Optionallyapproximategeometricalinformationcanbeused

to improve the results[11]. It wasshown that this cangreatly reducethe requiredamountof

images[3]. Therearealsoseveral intermediaterepresentationsthat combineview-dependent

texturewith anexplicit 3D surfacemodel,suchasview-dependenttexturemapping[6] andsur-

facelight�elds [44]. Theapproachpresentedin this paperallows to renderviews directly from

thecalibratedsequenceof recordedimageswith useof local depthmaps.The original images

aredirectlymappedontooneor moreplanesviewedby avirtual camera.

To obtainahigh-qualityimage-basedscenerepresentation,weneedmany viewsfrom ascene

from many directions.For this, we canrecordanextendedimagesequencemoving thecamera

in azigzaglikemanner. To obtainagoodqualitystructure-and-motionestimationfrom this type

of sequenceandreduceerroraccumulationit canbeimportantto alsomatchcloseviewsthatare

notpredecessorsor successorsin theimagestream[19].

Thesimplestapproachconsistsof approximatingthescenegeometryby a singleplane.The

mappingfrom a recordedimageto a new view or vice-versathencorrespondsto ahomography.

To constructa speci�c view it is bestto interpolatebetweenneighboringviews. Thecolor value

for aparticularpixel canthusbestbeobtainedfrom thoseviewswhoseprojectioncenteris close

to theviewing ray of this pixel or, equivalently, projectclosestto the speci�ed pixel. For sim-
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plicity thesupportis restrictedto thenearestthreecameras(seeFigure5). All cameracentersare

projectedinto thevirtual imageanda2D triangulationis performed.Thecamerascorresponding

to thecornersof a trianglethencontributeto all pixels insidethetriangle. Thecolor valuesare

blendedusingthebaricentriccoordinateson thetriangleasweights.Thetotal imageis built up

asa mosaicof thesetriangles.Althoughthis techniqueassumesa very sparseapproximationof

geometry, therenderingresultsshow only smallghostingartifacts(seeexperiments).

Theresultscanbefurtherimproved. It is possibleto usea differentapproximatingplanefor

eachtriangle.This improvestheaccuracy furtherastheapproximationis notdonefor thewhole

scenebut just for thatpartof theimagewhichis seenthroughtheactualtriangle.The3D position

of the triangleverticescanbe obtainedby looking up thedepthvaluefor theprojectionof the

virtual viewpointin thedepthmapcorrespondiongtoeachvertex. Thesepointscanbeinterpreted

astheintersectionsof thelinesconnectingthevirtual viewpointandtherealviewpointswith the

scenegeometry. Knowing the3D coordinatesof trianglecorners,wecande�ne a planethrough

themandapplythesamerenderingtechniqueasdescribedabove.

Finally, if the trianglesexceeda givensize,they canbe subdivided into four sub-triangles.

For eachof thesesub-triangles,aseparateapproximativeplaneis calculatedin theabovemanner.

Of course,furthersubdivision canbedonein thesameway to improve accuracy. Especially, if

just a few trianglescontributeto a singlevirtual view, this subdivision is generallynecessary. It

shouldbedonein a resolutionaccordingto performancedemandsandto thecomplexity of the

geometry. Renderingcanbeperformedin real-timeusingalphablendingandtexturemapping

facilitiesof todaysgraphicshardware.Moredetailsonthisapproachcanbefoundin [21, 19,16].

A similarapproachwaspresentedrecently[2].
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Example We have testedour approacheswith an imagesequenceof 187 imagesshowing an

of�ce scene.Figure6 (top-left) shows oneparticularimage. A digital consumervideocamera

(Sony TRV-900)wassweptfreelyoveraclutteredsceneonadesk,coveringaviewing surfaceof

about
�����

. Figure6 (top-right)showsthecalibrationresult.Resultof arenderedview areshown

in themiddleof the�gure. Theimageon theleft is renderedwith a planarapproximationwhile

the imageon the right wasgeneratedwith two levelsof subdivision. Note that someghosting

artefactsarevisible for theplanarapproximation,but not for themoredetailedapproximation.It

is alsointerestingto notethatmostghostingoccuresin theverticaldirectionbecausethe inter-

cameradistanceis muchlargerin thisdirection.In thelowerpartof Figure6 adetailof aview is

shown for thedifferentmethods.In thecaseof oneglobalplane(left image),thereconstruction

is sharpwheretheapproximatingplaneintersectstheactualscenegeometry. Thereconstruction

is blurredwherethescenegeometrydivergesfrom thisplane.In thecaseof localplanes(middle

image),at thecornersof thetrianglesthereconstructionis almostsharp,becausetherethescene

geometryis considereddirectly. Within a triangle, ghostingartifactsoccur wherethe scene

geometrydivergesfrom theparticularlocalplane.If thesetrianglesaresubdivided(right image)

theseartifactsarereducedfurther.

Renderingambiguousreconstructions

Whentotally uncalibratedcamerasareused,it is only possibleto recover the structureof the

sceneup to anarbitraryprojective transformation[8, 13]. However, if someconstraintson the

intrinsic cameraparametersareavailableit is possibleto reducethis ambiguityto metric. This

14



is in generaldonethroughself-calibration. In recentyearsmany differentmethodshave been

proposed.Somearebasedon theassumptionsthat the intrinsicsdo not changeduringacquisi-

tion (e.g.[9, 29, 41]). Othermethodsrelax the constraintof constantintrinsicsbut requirethe

knowledgeof oneor more intrinsic parameters(e.g. [30]). It wasproven that for suf�ciently

generalmotion the knowledgethat pixels are rectangularis suf�cient to allow for successful

self-calibration[30].

In practice,however, themotionof thecamerais oftenrestrictedandthereremainsanambi-

guity on thereconstruction.This is known astheproblemof critical motionsequences(CMS).

It was�rst discussedby Sturm[37] andfurther studiedin [17, 23, 38, 32]. Dependingon the

constraintsavailablefor self-calibrationdifferentclassesof motionscanbeidenti�ed ascritical.

For eachof theseclassesa speci�c ambiguityremainson thereconstruction.For theconstraint

of constantintrinsicscameraparametersthe most importantCMS classesarepuretranslation,

purerotation,orbital motionandplanarmotion[37]. If theconstraintsarethatall intrinsicsare

known exceptfor thefocal lengththatcanfreelyvary, themostimportantcasesareforwardmo-

tion, purerotation,translationandrotationabouttheopticalaxisandhyperbolicand/orelliptic

motion[38].

It dependson the applicationwhethersomeambiguityis acceptableor not. Therearetwo

mainclassesof applicationsfor 3D reconstructionsfrom images.The�rst oneconsistsof metrol-

ogy applicationsandin mostcasesno ambiguitycanbetolerated.Thesecondclassof applica-

tionsconsistsof visualization.In this casethegoal is to generatenovel views basedon original

images.Consideringthisapplication,theimportantpoint is not thecorrectnessof thereconstruc-

tion, but thecorrectnessof thenovel viewsthataregeneratedfrom it.
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Thisproblemwasaddressedin [34] andalsopartiallyin [23]. Herewewill discusstheresults

we have obtainedin [34]. In that paperwe have derived a theoremthat allows us to conclude

thatit is possibleto generatecorrectnew views(i.e. with noobservabledistortion),evenstarting

from anambiguousreconstruction.In this case,we should,however, restrictthemotionof the

virtual camerato thetypeof theCMS recoveredin thereconstruction.For example,if a model

wasacquiredby a camerawith constantintrinsic parametersperforminga planarmotionon the

groundplaneandthusrotatingaroundverticalaxes,thenweshouldnotmovethevirtual camera

outsidethis planenor rotatearoundnon-vertical axes. But, if we restrict our virtual camera

to this critical motion in thevirtual world, thenall thesemotionswill correspondto Euclidean

motionsof theoriginal camerain therealworld andno distortionwill bepresentin theimages.

Note that the recovered cameraparametersshouldbe used(i.e. the onesobtainedduring the

self-calibrationprocess).This constraintcanbe relaxed whenvarying cameraparametersare

considered.In fact, this resultis relatedto themoregeneralrule that for thegenerationof new

views interpolationis moredesirablethanextrapolation.

In fact, it is alsopossibleto derive a practicalapproachthat cancharacterizethe expected

ambiguitythatcouldbeobservedin aparticularnovel view. For thispurposetheself-calibration

algorithmhasto be run twice, oncewith the original sequenceandoncewith the original se-

quenceextendedwith the virtual camera.By comparingthe uncertaintyellipsoidsaroundthe

solutiononecanobtainanideaof theobservableambiguity. If thefactof addingthevirtual cam-

era largely reducesthe undertaintyellipsoid, thenan importantambiguitywill be observable.

If theuncertaintyellipsoid is left unchanged,thenthepotentialambiguityis unobservablefrom

thatspeci�c viewpoint.
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This approachwasusedto developa specialviewer thatcouldwarn theuserif ambiguities

might becomeapparent. In this casethe backgroundcolor would changefrom gree/lightto

red/dark. Using the self-calibrationalgorithm describedin [29] on the castlesequence,used

in the �rst part of this paperfor illustration,a large uncertaintyremainedthat correspondedto

a scalingalong the averageoptical axis. For purposeof illustration we distortedour model

accordingto this uncertaintyso that we could visually verify the predictionsof the viewer. A

few viewsareshown in Figure7. It shouldbeclearthatevensomeviewsvery faraway from the

originally recordedimagescanberenderedwithout risk of ambiguity(green/lightviews),while

someothersthatarelessfarawayareshowing a lot of ambiguity(red/darkviews).

Conclusion

In this paperwe have presentedan imageprocessingpipelinethat takesa video or imagese-

quenceasinput andautomaticallycomputescameramotionandcalibration,scenestructureand

depthmapsfrom it. Theseresultscanthenbeusedto generatedifferenttypesof visualmodels.

Explicit 3D modelsaswell aslight�eld representationscanbe computedandusedfor render-

ing. This approachintegratesstate-of-the-artalgorithmsin computervision, computergraphics

andphotogrammetry. The approachwas illustratedwith a numberof real examples. Finally,

we discussedthepossiblityof renderingnovel views in thepresenceof anambiguityon the3D

structureof the model. Our approachcould for examplebe usedto automaticallyoptimizea

�y-through in avirtual environmentcontaining3D modelsobtainedfrom imagesequences.
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Figure2: Original imagepair (left) andrecti�ed imagepair (right).
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Figure 3: 3D model of a decorative Medusaheadrecordedat the ancientsite of Sagalassos

in Turkey. Top: 3 views of the original video, middle: reconstructionof 3D featurepoints

with computedcameramotion for thekeyframesandoneof thecomputeddepth/rangeimages,

bottom:shadedandtexturedviewsof therecovered3D model.
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Figure4: Integrated3D representationof theexcavationsof anancientromanvilla in Sagalassos.

Top: two side-viewsof the3D model,bottom:textureandshadedtop-view of the3D model.
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Figure5: Drawing trianglesof neighboringprojectedcameracentersandapproximatinggeom-

etry by oneplanefor thewholescene,for onecameratriple or by severalplanesfor onecamera

triple.
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Figure6: Unstructuredlight�eld rendering:imagefrom theoriginal sequence(top-left), recov-

eredstructureandmotion (top-right),novel views generatedfor planar(middle-left)andview-

dependent(middle-right)geometricapproximation,detailsfor differentlevelsof geometricap-

proximation(bottom).
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Figure7: Differentviewsof thecastlewith estimatedrelativeambiguitiesof 0.5,1.5,3 (top)and

0.1,1, 8 (bottom).
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