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Abstract

This papercontainstwo parts. In the rst partanautomaticprocessingipelineis pre-
sentedthatanalysesnimagesequenceandautomaticallyextractscameramaotion, calibra-
tion and scenegeometry The systemcombinesstate-of-the-artlgorithmsdevelopedin
computervision, computergraphicsand photogrammetry The approachconsistsof two
stages.Salientfeaturesare extractedandtracked throughoutthe sequenceéo computethe
cameramotionandcalibrationandthe 3D structureof the obsered features.Thena dense
estimateof the surfacegeometryof the obsered scends computedusingstereomatching.
The secondpart of the paperdiscussesiow this informationcanbe usedfor visualization.
Traditionally a textured3D modelis constructedrom the computednformationandused
to rendernew images.Alternatively, it is alsopossibleto avoid the needfor an explicit 3D
modelandto obtainnew views directly by combiningthe appropriateixels from recorded
views. It is interestingto note that even whenthereis an ambiguity on the reconstructed

geometrycorrectnew imagescanoftenstill begenerated.
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Intr oduction

Nowadayscomputergraphicsallow to rendercomplex 3D scenesn real-time. Therefore more
and more demandexists for detailedrepresentationsf the 3D world. Producingthis content
usinginteractve 3D modelingpackagesiasbecomevery expensve andtime consumingln ad-
dition, in mary casesealworld objectsor scenesreconsideredThis hasmotivatedresearchers
to develop techniquedo capturethe 3D visual world directly. One of the mostpromisingap-
proachegonsistof usingimagedor this purpose.

In the eld of computevision, researcherbave beenworking for mary yearsto obtain3D
representationsf scenedrom images. Initially this work was targetedtowardsroboticsand
automationg.g. allowing arobotto navigatethroughanunknavn ervironment.In recentyears
the focus hasshifted to visualizationand communication resultingin much moreinteraction
with the computemgraphicscommunity Oneof the mainfocuseshasbeento provide algorithms
thatcanautomaticallyextractthe necessarynformationfrom multiple images.In addition,over
the lasttenyearsimportantnew insightshave beengainedin the geometryof multiple images,
allowing more e xible approache$o be developed(a goodreferenceor thisis the recentbook
by Hartley andZissermar15]).

The rst partof this paperpresentsan automaticprocessingipelinethatwe have beende-
velopingover the lastfew years[25, 27, 31, 33]. Startingfrom animagesequencéhe system

graduallyrecoversa detailed3D reconstructionBoth motion andcalibrationof the cameraare



retrieved automaticallyduringthe processingTo achieve this the systemcombinesstate-of-the-
artalgorithmsdevelopedin computevision, computergraphicsandphotogrammetry

In the secondpart of this paperwe discusshow the computednformationcanbe usedfor
visualization.A rst approactronsistf constructingatextured3D modelsothatnewv images
canbegeneratedisingthe standarccomputergraphics3D renderingpipeline. However, sincea
few yearsalternatve approachesave beenproposedhatgeneratenen imagesby recombining
pixels of recordedimages[22, 11]. Therefore,a secondapproachs presentedhat allows to
generatenew imageswithout the needfor anexplicit 3D model[19, 20]. This approachrenders
new viewsdirectly from therecordedmages Althoughanexplicit 3D modelis notrequired ap-
proximatedepthinformationallows to minimize renderingarteficts. Anotherinterestingaspect
of image-basedisualization-especiallycomparedo obtainingmeasurementsom images-is
thatin mary casesambiguitieson thereconstructiordo not shav up duringvisualization.If the
cameramotion doesnot allow self-calibrationto yield a uniqueresult(dueto the problemof

critical motionsequencef7]) correctimagescanstill berendereduindersomeconditions[34].

Image to 3D processingpipeline

Our processingipelinestartsfrom a sequencef imagesandcomputesall the necessarynfor-

mationto build a 3D modelor to performothertypesof renderingof the obsered scene.The

procesgraduallyretrievesmoreandmoreinformationaboutthe sceneandaboutthe camera.
First, the relative motion betweenconsecutre imagesneedsto be recovered. This process

goeshandin handwith nding correspondingmagefeaturesbetweenheseimages(i.e. image



pointsthatoriginatefrom the same3D feature).The next stepconsistf recoseringthe motion
and calibration of the cameraand the 3D structureof the features. This processis donein
two phases.At rst the reconstructiorcontainsa projectve skew (i.e. parallellines are not
parallel, anglesare not correct, relative distancesare not presered, etc.). This is dueto the
absencef ana priori calibration. Using a self-calibrationalgorithm[30] this distortioncanbe
removed, yielding a reconstructiorequialentto the original sceneup to a global scalefactot
This uncalibratedapproacho 3D reconstructiorallows muchmore e xibility in theacquisition
processsincethefocal lengthandotherintrinsic camergparametersio not have to be measured
—calibrated-beforehanagndareallowedto changeduringtheacquisition.
Thereconstructiombtainedasdescribedn the previousparagraplonly containsa sparseset
of 3D points(only a limited numberof featuresareconsideredat rst). Althoughinterpolation
mightbeasolution,thistypically yieldsmodelswith poorvisualquality. Thereforethenext step
consistsn anattempto matchall imagepixelsof animagewith pixelsin neighboringmagesso
thatthesepointstoo canbereconstructedT his taskis greatlyfacilitatedby the knowledgeof all
the camergparametersvhich we have obtainedn the previous stage.Sincea pixel in theimage
correspondgo a ray in spaceandthe projectionof this ray in otherimagescan be predicted
from the recoreredposeand calibration,the searchof a correspondingpixel in otherimages
canberestrictedto a singleline. Additional constraintssuchasthe assumptiorof a piecavise
continuous3D surfacearealsoemployedto further constrainthe search.It is possibleto warp
the imagesso thatthe searchrangecoincideswith the horizontalscanlines.An algorithmthat
canachieve this for arbitrarycameramotionis describedn [28]. This allowsto useanefcient
stereoalgorithmthat computesan optimal matchfor the whole scanlineat once[43]. Thus,we
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canobtaina depthestimate(i.e. the distancefrom the camerao the objectsurface)for almost
every pixel of animage. By fusing the resultsof all theimagestogethera completedense3D
surfacemodelis obtained. The imagesusedfor the reconstructiorcanalsobe usedfor texture
mappingsothata nal photo-realistiaesultis achieved. The differentstepsof the processare
illustratedin Figurel. In the following paragraphsomeof the critical stepsare describedn

somemoredetail.

Relating images

Startingfrom a collection of imagesor a video sequenceghe rst stepconsistsin relatingthe
differentimagedo eachother Thisis notaneasyproblem.A restrictechumberof corresponding
pointsis sufcient to determinethe geometricrelationshipor multi-view constrints between
the images. Sincenot all pointsare equally suitedfor matchingor tracking (e.g. a pixel in a
homogeneouregion), the rst stepconsistof selectingfeaturepoints[12, 35]. Thesearesuited
for trackingor matching. Dependingon the type of imagedata(i.e. videoor still pictures)the
featurepointsaretracked or matchedanda numberof potentialcorrespondenceare obtained.
From thesethe multi-view constraintscan be computed. However, sincethe correspondence
problemis anill-posedproblem,the setof correspondingoints canbe contaminatedvith an
importantnumberof wrongmatchesr outliers. In this caseatraditionalleast-squareapproach
will fail andthereforea robust methodis used[40, 10]. Oncethe multi-view constraintshave
beenobtainedthey canbe usedto guidethe searchfor additionalcorrespondenceslhesecan

thenbeemployedto re ne theresultsfor the multi-view constraintdurther.
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Structur e and motion recovery

The relationbetweerthe views andthe correspondencdsetweenthe featuresretrieved asex-
plainedin the previoussectionwill beusedto retrieve the structureof the sceneandthe motion
of the camera. The approachthatis usedis relatedto [1] but is fully projectve andtherefore
not dependenbn the quasi-euclideammitialization. This is achiezed by strictly carryingout all
measurements theimagesj.e. usingreprojectionerrorsinsteadof 3D errors.

At rst twoimagesareselectecindaninitial projectvereconstructiorirameis set-upg8, 13].
Thentheposeof thecamerdor theotherviewsis determinedn thisframeandfor eachadditional
view theinitial reconstructions re ned andextended.In this way the poseestimationof views
thathave nocommonfeatureswith thereferenceviews alsobecomepossible Oncethestructure
and motion hasbeendeterminedor the whole sequencethe resultscanbe re ned througha
projectve bundleadjustmen{42]. Thentheambiguityis restrictedto metric(i.e. Euclideanput
with unknown scale)throughself-calibration[9]. Our approachs basedon the conceptof the
absolutequadric[41, 30]. Finally, ametricbundleadjustments carriedoutto obtainanoptimal
estimationof the structureandmotion.

In somecasest canhappenthatif the motionis not sufciently generalan ambiguity per
sistg[37]. However, wewill seefurtheronthatevenif thisproblemoccursit is oftenstill possible

to generateorrectnew views.



Densesurfaceestimation

To obtaina moredetailedmodelof the obsered surfacedensematchingis used. The structure
andmotion obtainedin the previous stepscanbe usedto constrainthe correspondencsearch.
Sincethe calibrationbetweensuccessie imagepairswascomputedthe epipolarconstrainthat
restrictsthe correspondenceearchto a 1-D searchrangecan be exploited. Image pairs are
warpedso that epipolarlines coincidewith the imagescanlines. For this purposethe recti -
cationschemeproposedn [28] is used. This approachcandealwith arbitraryrelatve camera
motion while standarchomography-baseapproachesail whenthe epipoleis containedn the
image. The approachalsoguaranteesninimal imagesizes. The correspondencgearchs then
reducedo a matchingof theimagepointsalongeachimagescan-line.Thisresultsin adramatic
increaseof the computationakf ciency of the algorithmsby enablingseveral optimizationsin
the computations.A rst examplecomesfrom the castlesequenceln Figure2 animagepair
andtheassociatedecti ed imagepairareshovn.

In additionto theepipolargeometryotherconstraintdik e preservingheorderof neighboring
pixelsandbidirectionaluniquenessf the matchcanbe exploited. Theseconstraintsareusedto
guidethe correspondencewardsthe mostprobablescan-linematchusinga dynamicprogram-
ming schemg4]. The matchersearchest eachpixel in oneimagefor maximumnormalized
crosscorrelationin the otherimageby shifting a small measurementindow alongthe corre-
spondingscan-line.Matchingambiguitiesareresohed by exploiting the orderingconstraintin
thedynamicprogrammingapproach.The algorithmwasfurtheradaptedo employ a pyramidal

estimationrschemeo reliably dealwith verylargedisparityrangesof over50%of imagesize[7].



More detailson our sterecalgorithmcanbefoundin [43]. Thedisparitysearchrangeis limited
basednthedisparitieshatwereobsenedfor the featuresn thestructureandmotionrecovery.

The pairwisedisparity estimationallows to computeimageto image correspondencese-
tweenadjacentrecti ed image pairs and independentlepth estimatesor eachcameraview-
point. An optimaljoint estimates achiezed by fusing all independenéstimatesnto acommon
3D modelusinga Kalman Iter. The fusion canbe performedin an economicalway through
controlledcorrespondendénking. This approactwasdiscusseanorein detailin [18].

This approachcombinesthe advantagef small baselineand wide baselinestereo. It can
provide avery densedepthmapby avoiding mostocclusions.The depthresolutionis increased
throughthe combinationof multiple viewpointsandlarge globalbaselinewhile the matchingis

simpli ed throughthe smalllocal baselines.

Constructing visual models

The systemdescribedn the previous sectioncomputesdepthmapsfor every view aswell as
the motion and calibrationof the camera. This yields all the necessarynformationto build

photo-realistiocvisualmodels.

3D surfacereconstruction

The traditional approachconsistsof approximatingthe 3D surfaceby a triangularmeshto re-
ducegeometriccomplity andto tailor the modelto the requirementsof computergraphics

visualizationsystems.A simple approachconsistsof overlayinga regular 2D triangularmesh



on top of oneof theimagesandthenbuild a correspondin@dD meshby placingthe verticesof
the trianglesin 3D spaceaccordingto the valuesfound in the correspondinglepthmap. The
imageitself is usedasa texture map. If no depthvalueis availableor the con denceis too low
the correspondindrianglesarenot reconstructedThe samehappensvhentrianglesareplaced
over discontinuities. This approachworks well on densedepthmapsobtainedfrom multiple
steregpairs. To reducethe numberof polygonswithout signi cantly reducingthe quality of the
modela meshsimpli cation algorithmcanbeused[36]. Thetextureitself canalsobe enhanced
throughthe multi-view linking schemg18]. A medianor robustmeanof the correspondingex-
ture valuescanbe computedo discardimagingartifactslike sensomoise,speculare ections
andhighlights[24].

To reconstrucimorecomplex shapest is necessaryo combinemultiple depthmaps. Since
all depth-mapsan be locatedin a single metric frame, registrationis not anissue. In some
casest canbesufcient to loadthe separatenodelstogetherin the graphicssystem.In general,
however, betterresultsareobtainedby integratingthe differentmeshesnto a singlemesh.This
canfor examplebe doneusingthe volumetrictechniqueproposedn [5]. Notethatin this case
alsothetexture hasto be obtainedby combiningdifferentimages.The approachwe useselects
aview for eachvertex (basedn averagenormalandvisibility) andthengeneratethetextureby

blendingbetweerthe differentviews selectedor eachtriangle.

Examples Wehaverecordedashortvideosequencérom amedusdieaddecoratinganancient
fountainin Sagalasso&@nancientcity in Turkey). The 20 secondvideo sequencevasrecorded

with a hand-heldconsumerideo camera(Sory TRV-900). Eachtwentiestframewasusedas
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a key-frameby our videoto 3D processingipeline. Threeof theseframesareseenon the top

partof Figure3. The computestructureandmotionis alsoseenin this gure (middle-left). The
cameraviewpointsarerepresentetyy smallpyramids. The depthmapusedto constructhe 3D

modelis seenon the middle-rightof the gure. Finally, the model-with andwithout texture-is

seenatthe bottomof the gure. Fromthe shadednodelonecanseethatmostof the geometric
detailis accuratelyrecovered.By usingtheimageitself astexture mapa photorealistianodelis

obtained.Note from the rightmostview thatthe 3D modelallows to renderrealisticviews that
arevery differentfrom theoriginal views.

The secondexamplewasalsorecordedon the archaeologicasite of Sagalassodn this case
theremainsof a Romanvilla wererecordedat differentstagesduring the excavations.Herewe
consideraspeci c layerfor which 26 picturesweretakenwith ahand-heldpohotocamergNikon
F50)andscannedo PhotoCD.Theon siteacquisitionof theimagesonly takesa few minutesso
it doesnot slow down the excavation process. Someof therecordedpicturescanbe seenon the
top partof Figure4. Notethatin this casethe geometryof the obsered scenes too comple
to bereconstructedrom a singledepthmap. Therefore jn this casethe 3D modelwasobtained
by combiningall the depthmapsusinga volumetricapproach.More detailson archaeological

applicationsof our techniqguesanbefoundin [26].

Light eld rendering

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

etry basedconcept. The scenegeometryis reconstructedrom a streamof imagesanda single
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textureis synthesizedvhich is mappedonto this geometry For this approacha limited setof
cameraviews is sufcient, but view-dependeneffectssuchasspecularitiesannot be handled
appropriately This approachwasdiscussedn the previous section. The secondmajor concept
is light eld rendering. This approachmodelsthe sceneasa collectionof views all aroundthe
scenewithout an exactgeometricakrepresentatiof22]. New (virtual) views arerenderedrom
therecordednesby interpolation.Optionallyapproximategeometricalnformationcanbeused
to improve the results[11]. It wasshawn thatthis cangreatly reducethe requiredamountof
images[3]. Thereare also several intermediaterepresentationthat combineview-dependent
texturewith anexplicit 3D surfacemodel,suchasview-dependentexture mapping[6] andsur
facelight elds [44]. The approacltpresentedn this paperallows to renderviews directly from
the calibratedsequenc®f recordedmageswith useof local depthmaps. The original images
aredirectly mappedntooneor moreplanesviewedby avirtual camera.

To obtainahigh-qualityimage-basedcenegepresentatiornwe needmary viewsfromascene
from mary directions.For this, we canrecordan extendedimagesequencenoving the camera
in azigzaglike manner To obtaina goodquality structure-and-motioastimatiorfrom this type
of sequencandreduceerroraccumulationt canbeimportantto alsomatchcloseviewsthatare
not predecessorsr successors theimagestream19].

The simplestapproacttonsistof approximatinghe scenegeometryby asingleplane.The
mappingfrom arecordedmageto a new view or vice-versathencorrespondso a homography
To constructa speci ¢ view it is bestto interpolatebetweemeighboringviews. The color value
for aparticularpixel canthusbestbe obtainedrom thoseviews whoseprojectioncenteris close
to the viewing ray of this pixel or, equialently, projectclosestto the speci ed pixel. For sim-
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plicity thesupports restrictedo the nearesthreecameragseeFigureb). All cameracentersare
projectednto thevirtual imageanda 2D triangulationis performed.Thecameragorresponding
to the cornersof atrianglethencontributeto all pixelsinsidethetriangle. The color valuesare
blendedusingthe baricentriccoordinate®n the triangleasweights. The total imageis built up
asamosaicof thesetriangles.Althoughthis techniqueassumes very sparseapproximatiorof
geometrytherenderingresultsshov only smallghostingartifacts(seeexperiments).

Theresultscanbefurtherimproved. It is possibleto usea differentapproximatingplanefor
eachtriangle. Thisimprovestheaccuray furtherasthe approximatioris not donefor thewhole
scenebut justfor thatpartof theimagewhichis seerthroughtheactualtriangle. The 3D position
of the triangle verticescanbe obtainedby looking up the depthvaluefor the projectionof the
virtual viewpointin thedepthmapcorrespondiongp eachvertex. Thesepointscanbeinterpreted
astheintersection®f thelinesconnectinghevirtual viewpointandtherealviewpointswith the
scenggeometry Knowing the 3D coordinate®f trianglecornerswe cande ne aplanethrough
themandapplythe samerenderingechniqueasdescribedabove.

Finally, if the trianglesexceeda givensize,they canbe subdvided into four sub-triangles.
For eachof thesesub-trianglesa separat@pproximatve planeis calculatedn theabose manner
Of course further subdvision canbe donein the sameway to improve accurayg. Especially if
justafew trianglescontributeto a singlevirtual view, this subdvision is generallynecessaryit
shouldbe donein a resolutionaccordingto performancalemandsndto the compleity of the
geometry Renderingcanbe performedin real-timeusingalphablendingandtexture mapping
facilitiesof todaysgraphicshardware.More detailsonthisapproaclttanbefoundin [21, 19,16].
A similar approactwaspresentedecently[2].
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Example We have testedour approachesvith animagesequencef 187 imagesshoving an
of ce scene.Figure6 (top-left) shavs oneparticularimage. A digital consumewrideo camera
(Sory TRV-900)wassweptfreely overa clutteredsceneon adesk,coveringaviewing surfaceof
about . Figure6 (top-right)shovsthecalibrationresult. Resultof arenderedriew areshavn
in themiddleof the gure. Theimageontheleft is renderedvith a planarapproximationvhile
theimageon the right wasgeneratedvith two levels of subdvision. Note that someghosting
artefactsarevisible for the planarapproximationput notfor the moredetailedapproximationlt
is alsointerestingto notethat mostghostingoccuresn the vertical directionbecausehe inter-
cameralistancds muchlargerin thisdirection.In thelower partof Figure6 a detailof aview is
shown for the differentmethods In the caseof oneglobal plane(left image),thereconstruction
is sharpwherethe approximatingplaneintersectshe actualscenegeometry Thereconstruction
is blurredwherethe scenegeometrydivergesfrom this plane.In the caseof local planegmiddle
image),atthe cornersof thetrianglesthereconstructions almostsharp becaus¢herethescene
geometryis considereddirectly. Within a triangle, ghostingartifacts occur wherethe scene
geometrydivergesfrom the particularlocal plane.If thesetrianglesaresubdvided(rightimage)

theseartifactsarereducedurther

Rendering ambiguousreconstructions

Whentotally uncalibratedcamerasare used,it is only possibleto recover the structureof the
sceneup to anarbitraryprojective transformatior{8, 13]. However, if someconstraintson the

intrinsic camergparameterareavailableit is possibleto reducethis ambiguityto metric. This
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is in generaldonethroughself-calibration. In recentyearsmary differentmethodshave been
proposed.Somearebasedon the assumptionshat the intrinsicsdo not changeduring acquisi-
tion (e.g.[9, 29, 41]). Othermethodsrelax the constraintof constantntrinsicsbut requirethe
knowledgeof one or more intrinsic parameterge.g.[30]). It was proventhat for sufciently
generalmotion the knowledgethat pixels are rectangulaiis sufcient to allow for successful
self-calibration30].

In practice however, the motion of the camerais oftenrestrictedandthereremainsanambi-
guity on thereconstructionThis is known asthe problemof critical motionsequenceéCMS).
It was rst discussedy Sturm[37] andfurther studiedin [17, 23, 38, 32]. Dependingon the
constraintsvailablefor self-calibrationdifferentclasse®f motionscanbeidenti ed ascritical.
For eachof theseclassesa speci ¢ ambiguityremainson the reconstructionFor the constraint
of constantintrinsics cameraparametershe mostimportantCMS classesare puretranslation,
purerotation,orbital motionandplanarmotion[37]. If the constraintsarethatall intrinsicsare
known exceptfor thefocal lengththatcanfreely vary, the mostimportantcasesareforward mo-
tion, purerotation,translationandrotationaboutthe optical axis andhyperbolicand/orelliptic
motion[38].

It dependon the applicationwhethersomeambiguityis acceptabler not. Therearetwo
mainclasse®f applicationgor 3D reconstructionffomimages.The rst oneconsistof metrol-
ogy applicationsandin mostcasesno ambiguitycanbetolerated.The secondclassof applica-
tions consistsof visualization.In this casethe goalis to generatenovel views basedon original
images.Consideringhis applicationtheimportantpointis notthecorrectnessf thereconstruc-
tion, but the correctnessf thenovel views thataregeneratedrom it.
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Thisproblemwasaddresseth [34] andalsopartiallyin [23]. Herewewill discusgheresults
we have obtainedin [34]. In that paperwe have derived a theoremthat allows usto conclude
thatit is possibleto generateorrectnew views (i.e. with no obsenabledistortion),evenstarting
from anambiguougeconstructionn this case we should,however, restrictthe motion of the
virtual camerato the type of the CMS recoveredin the reconstructionFor example,if a model
wasacquiredby a camerawith constanintrinsic parameterperforminga planarmotionon the
groundplaneandthusrotatingaroundverticalaxes,thenwe shouldnot move thevirtual camera
outsidethis planenor rotate aroundnon-\ertical axes. But, if we restrictour virtual camera
to this critical motionin the virtual world, thenall thesemotionswill correspondo Euclidean
motionsof the original cameran therealworld andno distortionwill be presenin theimages.
Note that the recovered cameraparametershouldbe used(i.e. the onesobtainedduring the
self-calibrationprocess). This constraintcan be relaxed when varying cameraparametersre
consideredIn fact, this resultis relatedto the moregeneralrule thatfor the generatiorof new
views interpolationis moredesirableéhanextrapolation.

In fact, it is alsopossibleto derive a practicalapproachthat cancharacterizeéhe expected
ambiguitythatcouldbe obsenedin a particularnovel view. For this purposehe self-calibration
algorithmhasto be run twice, oncewith the original sequenceind oncewith the original se-
guenceextendedwith the virtual camera.By comparingthe uncertaintyellipsoidsaroundthe
solutiononecanobtainanideaof theobserableambiguity If thefactof addingthevirtual cam-
eralargely reduceghe undertaintyellipsoid, thenan importantambiguity will be obsenable.
If the uncertaintyellipsoidis left unchangedthenthe potentialambiguityis unobserablefrom
thatspeci c viewpoint.
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This approachwasusedto develop a specialviewer that could warn the userif ambiguities
might becomeapparent. In this casethe backgroundcolor would changefrom gree/lightto
red/dark. Using the self-calibrationalgorithm describedn [29] on the castlesequenceused
in the rst partof this paperfor illustration, a large uncertaintyremainedhat correspondedo
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 views areshown in Figure?. It shouldbeclearthatevensomeviews very far away from the
originally recordedmagescanbe renderedvithout risk of ambiguity(green/lightviews), while

someothersthatarelessfar away areshaving alot of ambiguity(red/darkviews).

Conclusion

In this paperwe have presentedan image processingipeline that takes a video or imagese-
guenceasinput andautomaticallyjcomputesameramotionandcalibration,scenestructureand
depthmapsfrom it. Theseresultscanthenbe usedto generatalifferenttypesof visualmodels.
Explicit 3D modelsaswell aslight eld representationsanbe computedandusedfor render
ing. This approachintegratesstate-of-the-aralgorithmsin computervision, computergraphics
and photogrammetry The approachwas illustratedwith a numberof real examples. Finally,
we discussedhe possiblityof renderingnovel views in the presencef anambiguityon the 3D
structureof the model. Our approachcould for examplebe usedto automaticallyoptimize a

y-through in avirtual ervironmentcontaining3D modelsobtainedrom imagesequences.
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Figure2: Originalimagepair (left) andrecti ed imagepair (right).
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Loy vy

Figure 3: 3D model of a decoratve Medusaheadrecordedat the ancientsite of Sagalassos
in Turkey. Top: 3 views of the original video, middle: reconstructiorof 3D featurepoints
with computedcameramotionfor the keyframesandoneof the computeddepth/rangemages,

bottom: shadedhndtexturedviews of therecosered3D model.
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Figure4: Integrated3D representationf theexcavationsof anancientromanvilla in Sagalassos.

Top: two side-viavs of the 3D model,bottom: textureandshadedop-view of the3D model.
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virtual view point

virtual image plane

approximated scene geometry L

Figure5: Drawing trianglesof neighboringprojectedcameracentersandapproximatinggeom-
etry by oneplanefor thewhole scenefor onecamerdriple or by severalplanesfor onecamera

triple.
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Figure6: Unstructuredight eld rendering:imagefrom the original sequencétop-left), recor-
eredstructureand motion (top-right), novel views generatedor planar(middle-left) andview-
dependen{middle-right)geometricapproximationdetailsfor differentlevels of geometricap-

proximation(bottom).
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Figure7: Differentviews of thecastlewith estimatedelatve ambiguitiesof 0.5,1.5, 3 (top) and

0.1,1, 8 (bottom).
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