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UniversiẗatErlangen–N̈urnberg

zurErlangungdesGrades

DOKTOR–INGENIEUR

vorgelegt von

IngoScholz

Erlangen— 2008



Als Dissertationgenehmigtvonder

TechnischenFakulẗat der
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B.2.4 Überblick . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 215

B.3 ZusammenfassungundAusblick . . . . . . . . . . . . . . . . . . . . . . . . . . 216

B.3.1 Zusammenfassung . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 216

B.3.2 ZukünftigeArbeit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 221

Bibliography 225

Index 247

Curriculum Vitae 251

iv



List of Figures

1.1 Light �elds in endoscopicsurgery . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Imageacquisitionusingrobotarm,opticaltrackingor ahand-heldcamera. . . . 3

1.3 Exampleof animagesequencefor adynamiclight �eld . . . . . . . . . . . . . . 4

1.4 Theplenopticfunction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.5 Two-planeparameterizationof thelight �eld anddepthinformation . . . . . . . 7

2.1 Mappingfrom world to cameracoordinates . . . . . . . . . . . . . . . . . . . . 22

2.2 Thepinholecameramodel . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.3 Sensorcoordinates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.4 Projectionmodels . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.5 Epipolargeometry . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

2.6 Theiterative factorizationalgorithmby ChristyandHoraud. . . . . . . . . . . . 40

3.1 Systemoverview: thelinearprocessingchain . . . . . . . . . . . . . . . . . . . 50

3.2 Themodulesof theLGF3 framework . . . . . . . . . . . . . . . . . . . . . . . 51

3.3 Non-sequentialtrackingin animagesequence. . . . . . . . . . . . . . . . . . . 59

3.4 Alternativeprocessingchainsfor factorizationmethodselection . . . . . . . . . 65

3.5 Extensionof thereconstructionfrom aninitial subsequenceto therestof theimages 68

3.6 Consideringtheangleto themotiondirectionof thecamera. . . . . . . . . . . . 71

3.7 Outlineandreal-world examplefor weightingbasedon structurematrix . . . . . 73

3.8 Truncatedquadratic,Huber's minimax,andLorentzianestimators . . . . . . . . 75

3.9 Differentdepthrepresentationsof animage . . . . . . . . . . . . . . . . . . . . 76

3.10 Generatingaproxy for initial sequences. . . . . . . . . . . . . . . . . . . . . . 80

3.11 Addingnew featuresto theoutsideof aproxymesh . . . . . . . . . . . . . . . . 82

3.12 Projectionof proxyborderto imageplaneandspecialcase . . . . . . . . . . . . 83

3.13 Lineartrackingandcalibrationin asinglepass. . . . . . . . . . . . . . . . . . . 85

3.14 Examplereconstructionof a camerapatharoundanobject . . . . . . . . . . . . 87

v



3.15 Depthmapgeneratedfrom �at initial map . . . . . . . . . . . . . . . . . . . . . 91

3.16 Globalproxygeneratedfrom �at initial proxy . . . . . . . . . . . . . . . . . . . 92

4.1 Registrationof two imagesequences. . . . . . . . . . . . . . . . . . . . . . . . 101

4.2 Creatingameshbetweenimagesequences. . . . . . . . . . . . . . . . . . . . . 103

4.3 Two imagesof theCrawlerexamplesequence. . . . . . . . . . . . . . . . . . . 105

4.4 Shapeinteractionmatrix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

4.5 Featurestrackedon theCrawlerobject . . . . . . . . . . . . . . . . . . . . . . . 109

4.6 Cameramotionrelative to amoving object . . . . . . . . . . . . . . . . . . . . . 110

4.7 Partitioningof theCrawler sequence. . . . . . . . . . . . . . . . . . . . . . . . 112

4.8 Renderingtimestepsfor step-wisestaticlight �elds . . . . . . . . . . . . . . . . 114

4.9 Examplecon�dencemapsandtheir construction . . . . . . . . . . . . . . . . . 115

4.10 Visualizingdynamiclight �elds usingcon�dencemaps . . . . . . . . . . . . . . 117

5.1 Back-projectionerrorandPSNRfor a100imagessubsequence. . . . . . . . . . 121

5.2 Back-projectionerrorandPSNRfor an8 imagesexamplesequence . . . . . . . 121

5.3 Sony DV cameraequippedwith targetandARTtrack2cameras. . . . . . . . . . 122

5.4 Testimagecollections. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

5.5 Testsequencestakenwith ahand-heldcamera. . . . . . . . . . . . . . . . . . . 128

5.6 Testsequencesof objectsona turntable . . . . . . . . . . . . . . . . . . . . . . 129

5.7 Testsequenceswith posedatafrom opticaltracking . . . . . . . . . . . . . . . . 130

5.8 Imagesrenderedfrom theGlobeSET-17andFountainSET-35 light �elds . . . . . 131

5.9 Processingstepsfor linearandnon-sequentialreconstruction. . . . . . . . . . . 133

5.10 Camerameshesfor two examplesequences. . . . . . . . . . . . . . . . . . . . 135

5.11 Localandglobalerrorin non-sequentialreconstruction. . . . . . . . . . . . . . 136

5.12 Processingstepsfor thecomparisonof robustreconstructionmethods . . . . . . 139

5.13 Comparisonof differentrobustreconstructionmethods . . . . . . . . . . . . . . 140

5.14 Examplesfor differenttypesof geometry . . . . . . . . . . . . . . . . . . . . . 142

5.15 Problemsoccurringfor differentkindsof geometry . . . . . . . . . . . . . . . . 143

5.16 Theintegratedprocessof trackingandreconstructinganimagesequence. . . . . 144

5.17 Localandglobalerrorfor linearreconstructionandfeatureprediction . . . . . . 146

5.18 Stepsof theclosingalgorithmfor theColaTT-40sequence . . . . . . . . . . . . 147

5.19 Processingstepsfor addingnew imagesto anexisting light �eld . . . . . . . . . 149

5.20 Extendedreconstructionof theSantaHH-207imagesequence . . . . . . . . . . 151

5.21 Testsequencesfor step-wisestaticlight �elds . . . . . . . . . . . . . . . . . . . 153

vi



5.22 Testsequencesfor light �elds of rigid, moving objects . . . . . . . . . . . . . . 154

5.23 Processingstepsfor generatingastep-wisestaticlight �eld . . . . . . . . . . . . 155

5.24 Back-projectionerrorbeforeandafterre�nementstep. . . . . . . . . . . . . . . 156

5.25 Differenceimagesbeforeandafterre�nement . . . . . . . . . . . . . . . . . . . 157

5.26 Renderedexampleimages . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

5.27 Processingstepsfor generatingadynamiclight �eld with rigid, moving objects . 158

5.28 Reconstructionandquantizationof thethreeobjects. . . . . . . . . . . . . . . . 159

5.29 Renderedimagesfor four differenttimesteps . . . . . . . . . . . . . . . . . . . 160

5.30 Examplerenderingof anobjectlight �eld . . . . . . . . . . . . . . . . . . . . . 161

6.1 Augmentedreality usingacolorcube . . . . . . . . . . . . . . . . . . . . . . . 164

6.2 Replacinga person's facewith a view from a light �eld . . . . . . . . . . . . . . 165

6.3 Objectmotionpathsandestimatedmotion . . . . . . . . . . . . . . . . . . . . . 168

6.4 Comparisonbetweenoriginalandrenderedimageaccordingto theestimatedstate168

6.5 Objectclassesusedfor recognition. . . . . . . . . . . . . . . . . . . . . . . . . 169

6.6 Highlight substitutionon light �eld imagesof agall bladder . . . . . . . . . . . 171

6.7 Dynamiclight �eld reconstructionin endoscopicsurgery . . . . . . . . . . . . . 172

6.8 Imagesacquiredwith a �berscope,spectral�ltering andreconstructionof abore. 173

B.1 Lichtfelderin derendoskopischenChirurgie . . . . . . . . . . . . . . . . . . . . 196

B.2 Bildaufnahmemit Hilfe einesRoboterarms,optischerPositionsverfolgungoder

einerhandgef̈uhrtenKamera . . . . . . . . . . . . . . . . . . . . . . . . . . . . 197

B.3 BeispieleinerBildsequenzfür dynamischeLichtfelder . . . . . . . . . . . . . . 198

B.4 Die plenoptischeFunktion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 200

B.5 Zwei-Ebenen-ParametrisierungdesLichtfeldesundTiefeninformation . . . . . . 201

vii



viii



List of Tables

2.1 Typesof transformationsin 3-D reconstruction . . . . . . . . . . . . . . . . . . 41

5.1 Comparisonof back-projectionerrorandPSNR . . . . . . . . . . . . . . . . . . 120

5.2 Reconstructionresultsfor two setsof photographsusingSIFT features. . . . . . 131

5.3 Comparisonof reconstructionsusingSIFT featuresandKLT tracking . . . . . . 132

5.4 Featurestrackedwith sequentialandnon-sequentialtracking . . . . . . . . . . . 134

5.5 Comparisonof sequentialandnon-sequentialreconstruction . . . . . . . . . . . 134

5.6 Automaticselectionof theinitial factorizationmethod . . . . . . . . . . . . . . 137

5.7 Comparisonof differenttypesof geometry. . . . . . . . . . . . . . . . . . . . . 142

5.8 Featurestrackedwithoutandwith prediction. . . . . . . . . . . . . . . . . . . . 145

5.9 Comparisonof featurepredictionwith linearreconstruction. . . . . . . . . . . . 145

5.10 Comparisonof linearreconstruction,bundleadjustment,andclosingof loops . . 148

5.11 Correctnessof estimationof closestimage . . . . . . . . . . . . . . . . . . . . . 149

5.12 Trackingaccuracy of SIFT features. . . . . . . . . . . . . . . . . . . . . . . . . 150

5.13 Trackingaccuracy of adaptiverandomsearchandparticle�lter . . . . . . . . . . 150

5.14 Comparisonof back-projectionerrorandbackgroundshiftsin theexamplescenes156

5.15 Statisticson theexamplesequencesfor rigid objectmotion . . . . . . . . . . . . 159

ix



x



Chapter 1

Intr oduction

Modeling of virtual environmentshasfound its way into many applications,not only in enter-

tainment,but alsoin engineering,medicine,economics,andeducation.In entertainment,these

virtual environmentsaremostcommonlyusedin movie productionsandvideogames,but while

heretheacceptanceof non-realisticor arti�cial scenesis inherent,medicalapplicationsin par-

ticular requirea very high amountof realism.Moderntechniquesin geometricmodelingallow

for averyrealisticreconstructionof dif�cult features,but they alsorequiresomeartisticabilities

to obtaintheseresults.

An alternative to traditionalgeometricmodelingwasintroducedwith theconceptof image-

basedrendering(IBR), its mostprevalentrepresentationsbeingthe lumigraph[Gor96] andthe

light �eld [Lev96]. By usingimagesof a real environmentthey allow to createmodelsof real

scenesandobjectsandto visualizethemin photo-realisticquality. Nevertheless,reconstruction

of suchanimage-basedmodelfrom collectionsof imagesor imagestreamsis achallengingtask

for staticscenes,but even moreso for dynamicallychangingenvironments.Approachesto its

robustsolutionarethetopicof thiswork.

1.1 Light Fields fr om ImageSequences

Simplyspeaking,animage-basedmodelsuchasalight �eld requiresonly asetof imagesandthe

knowledgeof the camera's pose(i. e., positionandorientation)andinternalparametersduring

recordingof eachimageas input data. From this data,it is possibleto generatean imageof

therecordedarea,beit a singleobjector a largescene,from any viewpointwhich is reasonably

closeto theoriginalcamerapositions.As anexample,imagineanInternetvendorwhowishesto

presenta 3-D modelof his merchandisein his onlineshop.Usinga light �eld, heonly needsto

1
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(a) (b) (c)

(d) (e)

Figure1.1: Light �elds in endoscopicsurgery: (a) view of thesurgeonthroughanendoscope,(b) surface
reconstructionand (c) imagerenderedfrom the resultinglight �eld showing the scenefrom a greater
distance. (d) Light �eld of a liver/gall bladdermodel with (e) a superimposedCT scan. Imagesby
courtesyof F. Vogt [Vog06].

takea few dozenimagesof aproductandthusenableshiscustomersto inspecttheproductfrom

any viewpoint they desire.

Another, morescienti�c examplefor the useof light �elds is endoscopicsurgery [Vog06].

Here,theimagesof anendoscopearecombinedto givethesurgeona three-dimensionalimpres-

sion of the operationsite wherehe cannavigatein without any restrictiondueto cumbersome

medicalinstruments.This is illustratedby Figure1.1 showing anexamplefrom a laparoscopic

removalof thegall bladder(cholecystectomy).Throughtheendoscopeonly aclose-upview with

limited viewing angleis availableto thesurgeon,suchasin Figure1.1(a).By reconstructingthe

geometryof the operationareafrom several endoscopicimages,asdepictedin Figure1.1(b),

the scenemay be visualizedfrom an overview perspective as in Figure 1.1(c) by combining

the texture informationof several images.Additionally, if 3-D reconstructionandimage-based

modelingweresuccessful,different imagingmodalities,suchascomputedtomography(CT),
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(a) (b) (c)

Figure1.2: Threedifferentwaysof imageacquisitionfor light �elds: (a) Usinga robotarm,which also
yieldsthecamerapose,(b) usinganopticaltrackingsystemwhichtracksthecamerapositionby following
opticalmarkersor (c) usingahand-heldcameraandstructure-from-motionalgorithmsfor poseestimation.
Images(a)and(b) by courtesyof F. Vogt [Vog06].

magneticresonanceimaging(MRI), or ultrasonography, maybesuperimposedandoffer infor-

mationto thesurgeonwhich is otherwiseinvisible. In Figure1.1(e),this wasdonefor thelight

�eld of amodelof liverandgall bladder, shown in Figure1.1(d),combinedwith aCT scanof it.

In bothexamplesthequestionis wherethecameraparametersfor eachimagearetakenfrom.

In [Vog06], two optionsfor gatheringthis dataarea robot arm, like the oneshown in Figure

1.2(a),or anoptical trackingsystemwhich trackstheendoscope's positionandorientationwith

two cameras,shown in Figure1.2(b).While theseareviablesolutionsfor aclinical environment,

they aremuchtoo expensive for the �rst application.For thevendor, a feasiblesolutionwould

be if hecouldusea consumervideocameralike in Figure1.2(c)to take an imagesequenceof

anitemwithouthaving to rely on specializedhardwareto gatherinformationaboutcamerapose

andparameters.

In principle, the imagescontainall information requiredto solve this scenario. The key

is theidenti�cation of point correspondencesbetweenindividual imagesof animagesequence.

Knowledgeof theprojectionsof certainpointsin asceneinto two images—thede�nition of point

correspondences—allows thecomputationof a mappingof pointsfrom oneimageto theother,

sothatthepossiblepositionin thesecondimageis restrictedto a line. If thecorrespondencesare

known in threeimagesthemappingcanbecalculatedexactly, andthethreerelativecameraposes

canbeestimatedincludingevensomeof theinternalparametersof thecamera,aslong assome

assumptionsaremade. Given correspondencesin yet more imagesit is possibleto gradually
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Figure 1.3: Exampleof an imagesequencefor a dynamiclight �eld: a toy vehicle moves in a static
environmentwhile thehand-heldcamerais movedindependently.

reducetheserestrictionson theinternalparameters.

In practice,cameraparameterestimationis complicatedby many factors.The point corre-

spondencesfoundareusuallyslightly shifteddueto noisy images,or they arenot availablefor

thewholesequence,e.g., becauseof occlusion.Therefore,robustmethodsarerequiredwhich

areableto compensatetheresultingerrorsandhandleevenvery long imagesequences.These

methodsusuallyincludetheuseof (much)moredatathanstrictly requiredand�nding thesolu-

tion which best�ts this data.Outlier detectionandprobabilisticmodelingmayfurther improve

theresults.

At this point, all data for modelinga simple light �eld as proposedin the original light

�eld publication[Lev96] is available. However, theparameterizationof this light �eld requires

a “densesampling” of the scenefrom a regular grid of view points. In caseof a hand-held

camera,neithera densesamplingnor a samplingfrom regularview pointsis possible,sincethe

humanhandis ill-suited for sucha task. More recentlight �eld modelsthereforeaccountfor

theseadditionalrequirements[Hei99a,Sch01b,Bue01]. Throughsparsesampling,errorsdueto

unknown surfacegeometryof thescenebecomevisible in imagesrenderedfrom thelight �eld.

Consequently, knowledgeaboutscenegeometryreducestheseerrors. Many methodsexist for

estimatingthe depthof a scenefrom several images. Structure-from-motionaswell asdepth

from stereoor multiple imagescanbeappliedhere.

Finally, going backto the exampleof the online vendor, he might wish to demonstratenot

only astaticmodelof anitem,but alsothefunctioningof any moving parts,or, for instance,the

movementof vehiclesthroughtheenvironmentlike thetoy vehiclein Figure1.3.

In medicalapplications,suchasendoscopicsurgery [Vog06], it may be requiredto model

organsor medicalinstrumentswhicharebeingmoved.Again,suchadynamiclight �eld is most

easilyreconstructedusingspecializedhardwarelikeanarrayof multiplecameras.If theproblem
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is approachedusingonly one(hand-held)camera,a softwaresolutionmustbe found, andthe

problemdomainis usuallynot asgeneralas in the former case.By identifying differenttime

stepsor separatingdifferentlymoving objects,a composedlight �eld maybereconstructedand

visualizedusingadaptedlight �eld renderingtechniques.

This processingchainof reconstructinga staticor dynamiclight �eld model from oneor

several imagesequencestaken by a hand-heldcamerais the main topic of this thesis. The

subsequentstepof correctlyrenderingimagesout of sucha light �eld, with its many different

approaches,will only be coveredshortly as part of the overview over the stateof the art in

light �eld modelingin thefollowing section.It is regardedratherasa meansof monitoringand

evaluatingthesuccessof reconstruction.

1.2 Stateof the Art in Light Field Modeling

Theideaof thelight �eld wasderivedfrom theplenopticfunctionL(� ; �; � L ; � ; t ) introducedin

[Ade91]. It describestheappearanceof a volumein spaceusingsevenparameters,namelythe

viewpoint t of theobserver in world coordinates,thetwo angles� and� of theviewing direction

andthewavelength� L of theobservedlight rayat acertainpoint in time � . Thissetupis shown

for asinglelight ray in Figure1.4.

McMillan andBishop[McM95] werethe�rst to describeanimage-basedrenderingsystem

usingthe plenopticfunction. Here,a plenopticmodelis formedusing imagesof the scene—

whichconstitute“samples”of theplenopticfunction—takenby acamerawhichis rotatedaround

its vertical axis. The model is representedusing a cylindrical parameterizationwhich corre-
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spondsto this two-dimensionalpanoramicimage.Usingadditionaldisparityinformation,arbi-

traryviewsof themodelcanbecomputedfrom theinsideof thecylinder.

The light �eld breaksdown the high dimensionalspaceof the plenopticfunction using a

differentsetof restrictions,which neverthelessallow theplacementof the recordingcameraat

arbitrarypositions.Theobservedsceneis assumedto beconstantover time, andinsteadof the

intensityfor every wavelengthonly onecolor valueis modeled,thusremoving two parameters.

In additionto that,theair betweentheobserverandthescenesurfaceis assumedto betransparent

sothattheintensityof thelight ray emittedfrom a surfacepoint in onedirectionstaysconstant,

no matterwheretheobserver is locatedon this ray. By selectinga suitableparameterizationthe

plenopticfunctionis thusreducedto four parameters.

1.2.1 Light Field Modelsand RenderingTechniques

In the following, a shortsummaryof the differentparameterizationsandrenderingtechniques

for light �elds will begiven.Thetechniquesaresubdividedinto two maincategories,two-plane

and free form parameterizations,while in a third category additionaltypesof light �elds are

subsumed.

Two-planeparameterization

Both theapproachesof Levoy et al. [Lev96] andGortleret al. [Gor96] usea two-planeparam-

eterizationL p(up; vp; sp; tp) to representthe light �eld. Here, eachlight ray of the (reduced)

plenopticfunctionis describedby onepoint on eachof theplanes(up; vp) and(sp; tp). While in

[Lev96] theprojectioncentersof theoriginalcamerasareplacedontheplane(up; vp), calledthe

camera plane, andthe(sp; tp) planeis thecommonfocalplaneof thosecameras,thereis nosuch

restrictionin [Gor96]. In the latter, the two planesaresetparallelto eachotherwith, e.g., one

planethroughthescenesurfaceandtheothercloserto theobserver, asshown in Figure1.5(a).

The two-planeparameterizationsimpli�es the renderingof syntheticviews from the light

�eld considerably. As mentionedbefore,whenusingreal input imagesthe light �eld is only

sparselysampled,whichmeansthatit is unlikely thatany arbitrarylight raywasobservedbefore.

Gortleret al. createanapproximationof the ideal,continuouslight �eld L p by subdividing the

two planesinto grids of M u;v � M u;v andNs;t � Ns;t points,wherex i;j;k ;l denotesthe color

valueof eachpair of grid points.(i; j ) and(k; l) index thegrid pointsin the(up; vp) and(sp; tp)

grids,respectively. A basisfunctionB i;j;k ;l (up; vp; sp; tp) is associatedto eachgrid point, which

is thenusedto reconstructthe so-called�nite dimensionallumigraph ~Lp, an approximationto
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Figure1.5: (a) Two-planeparameterizationof the light �eld: eachlight ray is parameterizedusingthe
four coordinatessp, tp, up andvp. (b) Without depthcorrectionon the (sp; tp) plane,mismatchedlight
raysmaybeinterpolated.

thecontinuouslight �eld, from thediscretevaluesby

~Lp(up; vp; sp; tp) =
M u;vX

i =0

M u;vX

j =0

N s;tX

k=0

N s;tX

l=0

x i;j;k ;lB i;j;k ;l (up; vp; sp; tp) : (1.1)

Variouschoicesfor thebasisfunctionarepossible,suchasa box functionwhich is 1 aroundits

associatedgrid point,and0 otherwise,or a quadrilinearfunctionwhich allows theinterpolation

of neighboringgrid pointsandthusresultsin a continuousfunction ~Lp. Thevaluesx i;j;k ;l at the

grid pointsarecomputedfrom samplesof L p, i. e., theinput images,usingthedualsof thebasis

functions.Thus,aninterpolationof theclosestlight raysin thelight �eld to a requiredraygiven

by (up; vp; sp; tp) is easilycomputedfrom ~Lp. Insteadof doingthis interpolationrayby ray, i. e.,

for eachpixel of a renderedimage,the imagepatchesin eachgrid of the (up; vp) planecanbe

storedastexturesandinterpolationcanbedoneongraphicshardwarefor severalpixelsatatime.

Up to this point, theapproachesof Levoy et al. andGortleret al. arevery similar. However,

if therecordingcamerapositionswerenotclosetogether, depthdiscontinuitiesin thescenemay

leadto seriousblurring of the output images,the so-calledghostingartifacts. The reasonfor

theseerrorsis shown in Figure1.5(b),namelythatevenif light raysintersectthe(sp; tp) planeat

thesamepoint, they maynot show thesamepoint on thescenesurfaceif thedepthdifferenceis

too large. Theapproachof Gortleret al. incorporatesdepthinformationandthusreducesthese

artifacts.

The advantageof the two-planeapproachis its ef�ciency in rendering,which was further
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re�ned in a numberof subsequentpublications.Sloanet al. [Slo97] further increasetherender-

ing speedby an improvedselectionof nodeson the (up; vp) plane,althoughat the expenseof

quality. Thesamegoalis pursuedby Schirmacheretal. [Sch00a],who incorporateso-calledim-

age warping techniquesto speedup rendering.This approachis only applicableif densedepth

informationis availablefor eachimage,but may thenreducethe numberof requiredsamples

considerably. Chaietal. [Cha00]examinedthenumberof samplesneededfor optimalrendering

of views from a light �eld.

However, the major drawback of the two-planeapproachis its in�e xibility regardingthe

samplingimages,sincethey arerequiredto be placedon a regular grid with a commonfocal

plane. [Lev96] solvesthis by usinga specialcameragantry, while in [Gor96] the imagesare

warpedto �t theregulargrid, whichresultsin alossof quality. Therefore,new parameterizations

weredevelopedwhichallow amore�e xible cameraplacement.

Freeform light �elds

The �rst relaxationof the two-planeconstraintwasproposedby Heigl et al. [Hei99a] for light

�elds whichwererecordedusingahand-heldcamera.Here,theimagesof therecordingcameras

aremappedonto the imageplaneof the virtual camera.The contributing camerasareselected

by projectingtheir cameracentersonto the virtual imageplaneandchoosingthe threeclosest

projectionsto the requiredviewing ray. The virtual imageplaneis subdivided into triangles

and correspondingimagepatchesof the original camerasare mappedonto them. Geometry

informationis includedusingdepthmapsfor eachimageandapproximatinga planefor each

triangle.

Thetermfreeformlight �eld wasintroducedby Schirmacheretal. [Sch01b]for asimilar, but

moreef�cient approachasthepreviousone.However, asa trade-off for increasedperformance,

theoriginal camerasarerequiredhereto form a convex hull aroundthesceneor object,where

eachimagehasaview of thefull silhouetteof thescene.

In [Bue01], Buehleret al. de�ne a set of eight requirementsfor light �eld renderinglike

continuityof color values,resolutionsensitivityor unstructuredinput. Earlierparameterizations

andrenderingtechniqueslike thosedescribedaboveareanalyzedthereuponandacomparisonis

given. Accordingly, they proposea renderingalgorithmcalledunstructured lumigraphrender-

ing which considerstheserequirements.The unstructuredlumigraphthusconstitutesthemost

generalizedfreeform light �eld renderercurrentlyavailableandwill beusedfor all continuative

proceduresandexperimentsthroughoutthis thesis.
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Other representations

Analogouslyto the two-planelight �eld several alternative representationswereintroducedas

well, using,e.g., a sphericalparameterizationfor oneor bothof thetwo planes.However, these

approachesnevergainedsuchwide-spreaduseasthetwo-planeparameterization.Therefore,the

readeris referredto thebrief summaryof theseapproachesgivenin [Sch01b].

Anotherapproachto free-formlight �eld renderingis point-basedrendering. Here,thelight

�eld is representedasa setof 3-D pointswith directionalradianceinformation. Theadvantage

is that insteadof storingtrianglemeshesasgeometryinformation,theconnectivity information

betweenthe pointscanbe omitted,which resultsin a smallermodel. The disadvantageis that

for close-upviewsandocclusions,gapsmaybecomevisiblebetweentherenderedpoints.Point-

basedrenderingfor light �elds is describedin [ES03b]and[Vog05].

Thesurfacelight �eld , introducedby Woodetal. [Woo00], is aparameterizationwhichrelies

on a very accurategeometricmodelof the representedobject. Radianceinformation for grid

pointson thesurfaceof themodelis storedin so-calledlumispheres, which representthe light

raysemittedfrom the grid point in any direction. The strengthof this approachis its realistic

modelingof the re�ectancepropertiesof the object,andeven highlightsare reproducedvery

well.

Apart from the above mentionedlight �eld modelsandrenderingtechniquesa numberof

additionalcontributionshave beenpublishedon light �eld representations.A comprehensive

summaryof theseapproachescanbefoundin [Vog05].

1.2.2 ImageAcquisition

As explainedbefore,theminimuminputof alight �eld—apart from depthinformation—consists

of asetof imagesandthecorrespondingcameraparameters.Theseincludeintrinsicparameters,

e.g., focal length,pixel aspectratio andotherparameterswhich describetheinternalproperties

of thecamera,andextrinsicparameters,i. e.,its positionandorientationfor eachimage,usually

referredtoasitspose. Thecameraparametersareintroducedin detailin Section2.1.1.Generally,

therearetwo waysfor acquiringtheseparameters,eitherusingaparticularhardwaresetuplikea

robotarm,or exclusively from theimagesthemselves.This is truefor theintrinsicaswell asthe

extrinsicparameters.

If the intrinsic parametersstayconstantover the whole processof imageacquisition,their

estimationis oftendoneusinga calibrationpatternwith well-known geometricproperties.The

parameterscan then be computedquite accuratelyusing standardcalibrationalgorithmslike
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[Tsa87].Cameracalibrationwithout acalibrationpatternis calledself-calibration, andis useful

if thecameraparametersvary duringimageacquisitionor betweentwo recordings.Thecurrent

stateof technologyin thisareais presentedmorecomprehensively in Section1.2.3.

In orderto acquirethe cameraposefor eachimagein a light �eld, the variousapproaches

summarizedin theprevioussectionuseanumberof differenttechniques.For thetwo-planelight

�eld of [Lev96], thecameraneedsto beatcertaindiscretegrid pointsonaplanefor eachimage.

Therefore,a cameragantryis employedwhich allows moving thecameraon a plane,while the

camerawasequippedwith a panandtilt mountingwhich allows to keeptheobjectin view. In

order to recorda complete�y-around the objectwasplacedon a turntableandrotatedby 90

degrees,generatinglight �elds from four directions. A similar, but muchmoresophisticated

cameragantryis usedin [Mat02] for acquiringimagesof specularandtransparentobjects. A

verticalarrayof six camerasis mountedabove a turntable,while anadditionallyrotatingarray

of light sourcesprovidesvaryingillumination. In additionto that,monitorsbelow andbesidethe

objectprovide so-calledenvironmentmattes[Zon99]. Renderingof theobjectsis doneusinga

point-basedrenderingapproach[Zwi01].

Another, yet more �e xible hardware-basedapproachto imageacquisitionis the useof a

robotarm. Here,the poseof the cameraon the tip of the arm is known via the rotationof the

mechanicaljoints. In medicalenvironments,e.g., robotarmsareusedto acquirelight �elds of

endoscopicsurgeries[Vog04, Vog06].

Insteadof oneor moremovablecameras,the light �eld videocamera [Wil02, Wil05] is a

multi-cameraarrayof up to 100cameraswhicharecapableof recordingimagessimultaneously.

The challengeof this approachis to accuratelysynchronizesucha large numberof cameras.

Althoughthedisadvantageof this setupis that thenumberof imagesin theresultinglight �eld

is restrictedto the numberof physicalcameras,it is very useful for generatingdynamiclight

�elds, andwill thereforebetreatedin moredetail in Section1.2.5. Thesameapproach,but on

a microscopicscale,wasusedfor the plenopticcamera [Ng05]. Here,an arrayof 296� 296

microlenseswas insertedbetweenmain lensandoptical sensorof a hand-heldcamera,which

thenactasmultiple individualcameras.Besidesmoving theobserver in macrophotography, this

techniqueallowsa refocusingof theimageduringpost-processing.

A lessinvolvedapproachto calculatingthecameraposeis theuseof a calibrationpatternor

markerswhich arevisible throughoutthewhole imagesequence.This methodwaschosenfor

imageacquisitionfor the�rst lumigraph[Gor96]. Theobjectswhich werevisualizedherewere

placedin front andon top of a surfacewith specialmarkers,whosepositionsrelative to each

otherwereknown. Again, thealgorithmof Tsai [Tsa87] wasusedto recover thecamerapose.
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Similarly, in [Sha02]thecameraposeis calculatedfrom two planescarryingfour markerseach,

oneplaneis locatedbehindtheobjectanda transparentonein front of it.

Especiallyin medicalapplications,optical trackingsystemsarebeingemployed which are

basedon the sameprinciple of calibrationusingknown markers[Sal01]. For light �elds from

endoscopicimageslike in [Vog06],thecamerais equippedwith a “target”, which is recordedby

a stereocamera.Thus,thepositionof theendoscopecameracanbecalculatedquiteaccurately.

However, this techniquerequiresthecalculationof aso-calledhand-eyetransformationbetween

thetargetandtheendoscopetip [Tsa89, Sch04a].

All imageacquisitiontechniquesintroducedso far includedadditionalhardwareapartfrom

the cameraitself. However, it is possibleto obtain the information requiredsolely from an

imagesequence,sothatno additionalhardwareis required.Thetechniqueswhichareemployed

hereareself-calibrationfor the intrinsic parametersof the camera,andstructure-from-motion

for theextrinsic ones.Approacheswhich generatea light �eld usingthesetechniquesandthus

requireonly a singlehand-heldcameraaredescribedin [Koc99a, Hei99a,Bue01,Hei04]. Since

this work is basedon the sameconcept,namelythe useof only a singlehand-heldcamerafor

light �eld reconstruction,the stateof the art in this areawill be outlined in the next section.

Nevertheless,one�nal light �eld acquisitionsystemintroducedin [Koc02] shouldbenotedhere.

It constitutesanintermediatesolutionbetweenthehardware-basedandsingle-cameramethodsas

it usesahand-heldmulti-camerarig thatconsistsof two or morecameraswhoseposeparameters

arecomputedusingstructure-from-motion.

1.2.3 CameraParameter Estimation

The �rst stepfor estimatingcameraparametersfrom recordedimagesis thedetectionof some

kind of featuresin the images,andthe establishmentof correspondencesbetweenfeaturesin

differentimages.Thesefeaturesmaybeof differentkinds,but themostcommononesarepoints

or lines.Thefollowing sectionsummarizescommonapproachesconcerningpointfeatures,since

they arealsothebasisfor this work. Thesummaryon cameraparameterestimationitself is di-

videdintoapproachesusingdifferentfactorizationmethods,self-calibrationmethodsfor intrinsic

cameraparameterestimation,andcontinuative techniqueshandling,e.g., long imagesequences

whicharenotcoveredby thefactorizationbasedapproaches.
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Point feature detectionand tracking

The featuredetectionalgorithmsconsideredin this thesisaregenerallyintensitybased,which

meansthat they de�ne an interestoperatorthatconsidersthe intensityvaluesinsidea—usually

rectangular—window of theimage.Themostwell-known,andstill commonlyused,interestop-

eratorsarethosebyMoravec[Mor77], Förstner[För87]andHarris[Har88]. All theseapproaches

arebasedon theauto-correlationfunction,but while the �rst oneonly regardsthesimilarity of

a window with its neighborhood,theotheronesde�ne a matrix which indicateswhethera win-

dow containsa homogeneousregion, an edgeor, ideally, a corner. A survey andevaluationof

theseandmany otherinterestoperatorscanbefoundin [Sch00b].In recentyears,theso-called

SIFT features[Low99] have becomequite popular. Theserotationandscaleinvariantfeature

vectorsarecommonlyusedin objectrecognitionor localization,but arealsoapplicablefor fea-

ture tracking. However, the featuresde�ned explicitly for the taskof trackingby Tomasiand

Kanade[Tom91] areby now a well-establishedstandard.Here,thebestfeaturesarethosewith

two signi�cant perpendiculargradientsinsidetheir window, e.g., corners.

Having detectedinterestingpoint featuresby oneof the above algorithms,the next stepis

theredetectionof eachfeaturein anotherimageor thematchingof two setsof featuresfoundin

two images.Thelatter is oftendoneby handif only few imageswith few featuresareregarded,

usually for demonstrationpurposes,as,e.g., in [Men99]. This methodcanbe automatizedif

a distancemeasurebetweenfeaturesis de�ned and the closestonesare matched,as donein

[Deu04] usingSIFT features[Low99]. However, this matchingtechniqueonly works well if

enoughcorrespondingfeaturesaredetectedin bothimages.

The alternative of relocatinga featurein the next imagewhich hasbeendetectedoncehas

becomewidely used,especiallyfor sequencesor setsof many images.Thebasisof mostof these

trackingtechniquesis the so-calledLucas-Kanadetracker [Luc81]. Being originally intended

for imageregistration,it usesa gradientdescentminimizationto �nd the bestmatchfor each

featureindependentlyin thesecondimage.Theerrorto beminimizedis thedifferencebetween

the intensity valuesin a window aroundthe featurein both images. This methodwas taken

up in [Tom91] andextendedby Shi andTomasi[Shi94] to estimatenot only the translational

movement,but alsoanaf�ne deformationmatrix for thefeaturewindow.

Subsequently, the algorithm experiencedmany more improvementsandmodi�cations. A

methodfor illuminationcompensation,whichwasintroducedby HagerandBelhumeur[Hag98]

for object tracking,wasincorporatedin the tracker in [Jin01] alongwith a schemefor outlier

detection.Theproblemof features“drifting away” from theoriginalover long imagesequences

wasaddressedin [Mat03]. A considerablespeed-upwasreachedby theso-calledinversecom-
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positionalapproach to updatingthe motion parameters[Bak01,Bak04]. Theseimprovements

were�nally combinedin the real-timetrackingsystemof Zinßeret al. [Zin04], which is used

throughoutthis thesis.

Factorization-basedstructure-from-motion

The factorization-basedapproachto structure-from-motionwas�rst introducedby Tomasiand

Kanadein [Tom92]. Its basicprinciple is that a so-calledmeasurementmatrix, containingall

pointcorrespondencesin asetof images,is decomposedinto the3-D structureof thescene,i. e.,

the3-D pointsbelongingto theimagefeatures,andthecameramotion. A detailedintroduction

to thesemethodswill begivenin Section2.2.

Following the�rst publication,many improvementsandvariationswereproposed.Depend-

ing on the typeof reconstructionachieved (seeSection2.3.1),thesemethodscanbe classi�ed

asaf�ne or projective factorization. The former includethe original method[Tom92], which

assumesan orthographicprojectionmodel, and the weak- and paraperspective extensionsby

[Poe97],which arealsoappliedin [Chr96] in orderto iteratively obtaina Euclideanreconstruc-

tion from them. Projective reconstructionsareestimatedby the approachof SturmandTriggs

[Stu96],andan alternative algorithmwasgivenby Oliensis[Oli01]. A recursive approachfor

projective reconstructionbasedon factorizationwaspresentedby Heydenet al. [Hey99b]. It is

capableof integratingmoreandmoreimagesasthey becomeavailable. A moredetailedsum-

maryof factorizationmethodswasgivenin [Kan98], including,e.g.,methodsusingline instead

of point features.

More recently, factorizationmethodswerealso regardedin a probabilisticframework, by

eitherweightingeachfeaturedueto its reliability [Aan02,Aan03],or by modelingeachfeature

with a covariancematrix [Ana02]. Especiallyif con�denceinformationfrom featuretrackingis

available,thesemethodsarecapableof improving the robustnessof reconstructionfrom noisy

data.

Self-calibration

A commonrestrictionto thefactorizationmethodssummarizedabove is that they areonly able

to obtain the cameramotion, but not its intrinsic parameterslike, e.g., its focal length. The

techniquesappliedfor thispurposearecalledself-calibrationor auto-calibration.

The�rst solutionto theself-calibrationproblemwasgivenby Faugerasetal. in [Fau92] using

theKruppaequations. Thesequadraticequationsarecomputedfrom thefundamentalmatrix of

only two views. Althoughtheapproachwasre�ned subsequently, e.g., in [Zel96], it is usually
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notappliedasit is generallyconsideredto betoosensitiveto noise,andwasfoundto fail in more

situationsthanotherapproaches[Stu00].

Anotherapproachwhich makeslikewiseuseof propertiesof thefundamentalmatrix of two

views is describedin [Men99] andevaluatedin [Fus01]. Contraryto the Kruppaequations,it

computestheintrinsicparametersof at leastthreeimagesby iterativeminimizationof a residual

function. Since,for noisydata,it is proneto terminatingin a local minimum,several improve-

mentsusingglobaloptimizationwereproposed[Rot02,Ben03].

Basedmainly on a minimization of the back-projectionerror of reconstructed3-D points

and cameraparametersby Levenberg-Marquardtoptimizationis the strati�ed self-calibration

approachof Hartley [Har93]. Theideahereis to updateaprojectivereconstruction�rst to quasi-

af�ne and then to metric, while assumingthat the intrinsic parametersare the samefor each

image.An alternativeupdateconsideringcritical cameramotionsis givenin [Dem98].

Triggs usesthe so-calledabsolutequadric to recover the updatematrix from projective to

metricreconstruction[Tri97]. Theadvantageof thismethodis thattheintrinsicparametersto be

estimatedneednotbeconstantfor all images,asit wasshownby Pollefeys[Pol98,Pol99, Pol04].

In [Gib02], the estimationrobustnessis increasedby a RANSAC-like technique.Theoretical

requirementsfor the numberof known parametersare investigatedby Heydenand 	Aström in

[Hey97, Hey98, Hey99a].

Unfortunately, self-calibrationis still verysensitive to noise.Therefore,many of theauthors

in this �eld proposeto usea techniquecalledbundle adjustmentto re�ne the resultsof self-

calibration.Bundleadjustmentoptimizes3-D pointsandcameraparametersfor a largenumber

of imagessimultaneously, andis thereforea slow but robusttechniqueasit solvesanextremely

over-determinedsystemof equations.It wasoriginally developedin photogrammetry[Sla80],

but introducedin computervisionin [Har93]. An extensioncalledinterleavedbundleadjustment

[Sze98] is mostcommonlyused.

Sinceself-calibrationis an importantbut dif�cult problem,many morecontributionshave

beenpublishedon this topic. More extensive summariesthan the one presentedherecan be

foundin [Pol99, Fus00,Har03].

Reconstructinglong imagesequences

Image-basedmodelingusinglight �elds usuallyrequiresnot only a few images,but often large

setsof several hundredimages. The factorizationmethodsdescribedabove sharethe major

drawbackthatthey requireall featurepointsto bevisible in all images.Althoughmethodsexist

to estimatethepositionof missingfeaturesby consideringconstraintson thesubspacespanned



1.2. Stateof theArt in Light Field Modeling 15

by thefeatures[Tom92, Gue02],thesearelikely to undulyincreasetheerrorin reconstructionif

toomany featuresarereplaced.

An alternativeapproachcommonlyusedis to startoutwith aprojectively skewedreconstruc-

tion of thecameraparametersby successively estimatingthefundamentalmatrix of imagepairs

[Har93] or the trifocal tensorof imagetriplets [Bea96],andmerging theresultingsubsequence

reconstructions.Sincetheerrorsmadefor eachtrifocal tensorestimationaccumulate,Fitzgibbon

andZisserman[Fit98] proposeto evenly distributetheerror to all camerapositionsfor thecase

thatcircularcameramovementsaregiven. Theapproachwasfurther improvedby usinghierar-

chicalmerging to achieve thesamegoalof uniform errordistribution,aswell asdifferentframe

selectionschemes[Nis00, Gib02, Sai03]. Theso-calledviewpointmeshweavingby Kochet al.

[Koc99a]generatesa3-D topologyof camerapositionsandthusallowsmergingof subsequences

in severaldirections.

The restrictionof factorizationmethodsto short imagesequencesis avoidedby Heigl and

Niemannin [Hei99b], asthey combinesuccessive factorizationsby merging thusreconstructed

overlappingsubsequences.Using factorizationas an initialization for estimatingthe camera

parametersfor the remainingimagesby non-linearlyminimizing the back-projectionerror is

describedin [Hei04].

1.2.4 SceneDepth

As explainedbefore,sparselysampledlight �elds, thusespeciallyfree-form light �elds from

hand-heldcamerasequences,requirescenedepthinformationfor accuraterendering.Calculating

depthfrom multiple imageshasbeenaveryactive�eld of researchin computervisionfor almost

30 years.Therefore,only a shortintroductioninto the topic will begivenwith respectto light

�eld modeling.

Apart from the original light �eld of Levoy, all renderingmethodsintroducedso far make

useof additionaldepthinformation.For themostpart,especiallyfor free-formlight �elds, depth

is storedasonedepthmapper input image. In the two-planecase,depthinformationis often

integratedglobally into themodel,like in theoriginal lumigraph,while thelight �eld approach

by Isaksen[Isa00]usesaglobalfocalplanethatcanbeadapteddynamicallyto scenedepth.The

unstructuredlumigraph[Bue01],however, usesa global3-D meshto approximatethecomplete

scenegeometry.

Numerouspossibilitiesexist to calculateper-imagedepthmapsfrom a sequenceof images.

If, asit is doneby Heigl [Hei04], a 3-D reconstructionof the sceneis calculatedfrom feature

correspondences,the resulting3-D information can be usedto infer a sparsedepthmap for
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eachimage. However, if the cameraparametersareknown depthcanalsobe calculatedfrom

optical �o w in stereoimagepairsor multiple images.Being mostly basedon the optical �o w

algorithmby Horn andSchunck[Hor81], many differenttechniquesandimprovementsfor the

stereocasehavebeenproposedin thefollowing years.Comprehensivesummariescanbefound

in [Bar94, Bea95],althoughresearchis still ongoingin this areaascanbeenseen,e.g., in the

scale-spacebasedapproachesby Alvarezet al. [Alv00, Alv02]. Calculatingoptical �o w from

multiple imageshasonly beeninvestigatedmorerecently, e.g., in [Ira99,Kan04].

Similar to Heigl, KangandSzeliski[Kan96b]usea3-D reconstructioncomputedfrom struc-

ture-from-motionto obtain a global 3-D scenemodel for cylindrical panoramaimages. For

arbitrarycamerapositions,severalalgorithmsfor merging stereodepthmapsto a globalmodel

have beenproposed[Hig94, Cur96,Koc99b]. If only a singleobjectis observedwhich canbe

reliably separatedfrom the backgrounda so-calledshapefrom silhouetteapproachcanbe ap-

plied [Pot87,Den98]. Otherwise,the spacecarving [Kut99] techniqueiteratively generatesa

voxel volumeby checkingtheconsistency of thesurfacevoxelswith all images.Thecommon

drawbackof all theseapproachesis that they rely on a very accuratecalibrationof camerapa-

rametersin orderto generateconsistentglobaldepthinformation.Smallerrorsfor singleimages

mayaccumulateenoughwhenall imagesareusedsothatthealgorithmsfail.

1.2.5 Dynamic Light Fields

In contrastto staticlight �elds, only few contributionshave beenpublishedso far on the topic

of dynamiclight �elds. Sincethe problemdomainincreasesdrasticallyby addinganotherdi-

mensionto the parameterspace,only specialcaseshave beenaddressedso far. Regardingthe

renderingof light �elds of moving objects,Li et al. [Li98] werethe �rst to proposea solution,

albeit only for syntheticdatasets. Here,a dynamiclight �eld is assembledfrom a numberof

staticsublight �elds whichmaymoveandrotatefreely in space.

A straightforward approachto renderingdynamiclight �elds of real scenesis to generate

multiple staticlight �elds of differenttime steps.In an examplethis was�rst demonstratedin

[Bue01] for the unstructuredlumigraph. Here,the periodicmovementof an exampleobjectis

dividedby handinto several time steps.Thedynamictexturesapproach[Dor03a]aimsat mod-

eling theappearanceof phenomenasuchaswavesandsmoke. In [Dor03b] theauthorspropose

to useadynamiclumigraphto modeldynamictextures,but thisapproachis not implemented.

The light �eld videocameramentionedearlier(seeSection1.2.2),which combinesseveral

synchronizedcameras,greatly facilitatesthe generationof dynamiclight �elds. A static light

�eld is thus generatedseveral times per second,dependingon the frame rate of the cameras
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used,andthesequenceof light �elds canbeviewedlike a 3-D movie wheretheview point can

bechosenarbitrarily [Gol02]. Similar camerasetupsareintroducedin [Ooi01, Sch01a,Yan02].

In the casethat only a singlecamerais to be usedfor dynamiclight �eld acquisition,one

feasibleapproachis to �rstly identify themoving entitiesor regionsin thescene.For thespecial

caseof rigid, moving objectsin anotherwisestaticscene,severaldifferentapproacheshavebeen

proposed.For restrictedmotiona 3-D reconstructioncanbedeterminedsimultaneouslyfor all

objectsin the scene,i. e., for linear objectmovement[Avi99, Han00,Sha01,Han03]or object

movementalonga conicsection[Sha99].However, 3-D movementcanonly bedeterminedup

to scale.For arbitraryobjectmovement,severalsimilarmethodshavebeenproposedto separate

differentlymoving objectsin thescene[Cos98,Kan01a,Kan03,Vid04]. A 3-D reconstructionis

thenobtainedfor eachobjectseparately. Thedynamiclight �elds introducedin Section4.3are

basedon theseseparationmethods.

1.3 Contrib ution of this Work

Themethodsdevelopedin this thesisarebasedon thework of Heigl [Hei04] andmake useof

the sameimplementationframework. Therefore,the basicassumptionsmadeherearesimilar:

Usingonly onehand-heldcamera,animage-basedmodelof asceneis generatedfrom arecorded

imagesequence.Thecameraparameterreconstructionfor eachimageis doneby point feature

basedstructure-from-motion,which requiresthat thecameramovesratherslowly andthusthe

viewpoint changesonly slightly from imageto image,sothatpoint featuretrackingis possible.

No assumptionis madeon the applicationdomainof the recordedimages,which meansthat

scenesof any kind shouldbeprocessable,beit indooror outdoorscenes,showing singleobjects

or complex environments. The only requirementhereis that the scenesurfacehasa certain

textureor structureto allow for thedetectionof pointfeatures.Lighting is assumedto beconstant

aschangesin illuminationarenotmodeledduringrendering.

Oneimportantrestrictionof Heigl'swork is revokedin this thesis,which is theconstancy of

thescene.Insteadof purelystaticscenes,dynamicscenesarenow consideredaswell, although

no generalmotionwill beallowed,but somerestrictionswill still beapplied:themotionhasto

bestep-wise,repetitive,or rigid.

Thecontributionsof this work canbedividedinto threedifferentaspects.The�rst onecon-

stitutesimprovementsandnew approachesfor reconstructingstaticlight �eld models,whereas

thesecondaspectis thereconstructionandmodelingof dynamicscenesfor light �eld rendering,

includingadaptationsof renderingtechniques.The third aspectis theapplicationof light �eld
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modelsto other�elds of patternrecognitionandimageor videoprocessing.

Static light �elds. Reconstructinga light �eld requiresa largenumberof processingstepsand

thecombinationof many differenttechniques.Theprocessingchainproposedin [Hei04] is thus

extendedby including new approachesfor featuretracking[Zin04], factorization[Chr96] and

depthmapestimation[Alv02]. Additionally, approachesfor probabilistic[Kan01b]androbust

[Ham86] modelingof differentaspectsof thereconstructionprocessarestudied.An important

contributionis thatthelinearprocessingchainwasdecoupledanddifferentpossibilitiesfor feed-

ing back informationfrom later processingstepsto previous onesare investigated.Examples

arethe useof calibrationinformationin orderto re�ne featuretracking,or the useof the �nal

imagesynthesisfor improving the availabledepthmaps.The extensionof existing light �elds

with new imagesis part of this decouplingof the reconstructionprocess.Finally, a methodis

proposedto generateglobalscenegeometryinformationwhich increasesrenderingperformance

signi�cantly.

Consideringthesemodi�cations,awayto evaluatetheresultingimprovementsis required.A

methodis introducedwhichallowsaquantitativemeasurementof thequalityof imagesrendered

from astaticlight �eld, andthusoffersapossibilityto comparedifferentapproachesto light �eld

reconstruction.

Dynamic light �elds. The major contribution of this work regardingdynamiclight �elds is

that, in contrastto the approachesmentionedin Section1.2.5, only one camerais usedfor

capturingimagesof the scene,andthe light �eld is reconstructedusingstructure-from-motion

approaches.The restrictionto onecameranecessitatessomeconstraintson the scenemotion.

Dependingon the reconstructionmethod,theserestrictionsarethat the scenemotion is either

only step-wise,or containsonly rigid, moving objectsandrepetitivemotion. If step-wisemotion

is available,reconstructioncanbe doneusingcommonstructure-from-motionalgorithms. For

rigid, moving objectsadditionalsegmentationmethods[Kan03] areapplied. In additionto the

reconstructionmethods,theavailablerenderingalgorithmsareextendedto enabletherendering

of thedynamiclight �elds.

Applications of light �elds. Sincelight �elds constitutemodelsof scenesor singleobjects,it

is a logicalconsequenceto usethemfor differentmodel-drivenapplicationsin imageprocessing.

Appearance-basedobjectlocalization,recognitionandtrackingaresomeof theareaswherelight

�elds havebeensuccessfullyapplied.Here,approachesareintroducedwhicheitherfacilitatethe

training stepof a recognitionandlocalizationsystemor wherelight �elds areapplieddirectly
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asobjectmodels. Anotherareawherelight �elds areuseful tools is augmentedreality, which

receivedincreasingattentionin recentyears.Light �elds reconstructedfrom realimagesareused

hereto augmentscenesnotonly by syntheticbut realobjects.

1.4 Overview

In thefollowing, ashortoverview over thecontentof this thesiswill begiven.After introducing

theproblemdomainof light �eld reconstructionin Chapter1, Chapter2 describesthetheoretic

foundationsof projectionmodels,cameracalibrationandstructure-from-motionalgorithmssuch

asthefactorizationmethod.

In Chapter3, the reconstructionprocessof static light �elds from imagesequencesis ex-

plainedin detail. After an introductionto the reconstructionsystemlayout, the differentpro-

cessingstepsaredescribed,beginningwith featuretracking,the factorizationof subsequences

andtheextensionto a completeimagesequence.Additionally, thechaptercoversthe topicsof

probabilisticapproachesandthecomputationof scenegeometry. Thedifferentstepsare�nally

combinedin new orderby so-calledinformationfeedbackloops.

The extensionof the approachesfor static light �eld reconstructionto dynamicscenesis

examinedin Chapter4. After de�ning theadditionalrequirementfor dynamiclight �elds, several

differentapproachesto reconstructingthemfrom imagesequencesareintroduced.Thechapter

alsodealswith theadditionalrequirementswhichfollow for therenderingof dynamiclight �elds.

After thetheoreticaldescriptions,Chapter5presentsanexperimentalevaluationof bothstatic

anddynamicapproachesto light �eld reconstruction.A methodfor quantitative assessmentof

therenderingquality is introduced.

Following the experimentsthe next chapterdescribesseveral applicationsof light �elds in

augmentedreality, objectrecognitionandtracking,andmedicalenvironments.The last shows

their usefulnessespeciallyin supportingsurgeonsin minimally invasivemedicine.

The last chapter�nally presentsa summaryof the thesisandan outlook to possiblefuture

additionsandimprovementsto thereconstructionsystem.
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Chapter 2

CameraParameter Estimation

As outlinedin Chapter1, a light �eld is describedby asetof input imagesaswell asknowledge

on the propertiesof the recordingcameraand its posefor eachinput image. The aim in this

work is to estimatethe requiredcameraparametersexclusively from informationderived from

the input images,suchaspoint featurecorrespondences.Theapproachesusedfor this purpose

are structure-from-motionfor cameraposeestimation,and self-calibrationfor estimatingthe

internalcameraparameters.

In thefollowing chapter, thebasicprinciplesof cameracalibration,suchasthemathematical

descriptionof a cameraanddifferentprojectionmodels,will be introduced.In additionto that,

the methodsusedfor poseestimationandself-calibrationthroughoutthis contribution will be

explained, including factorizationmethodsfor simultaneouslyestimatingscenestructureand

cameramotion,andnon-linearoptimizationmethodsfor cameraparameterestimation.

2.1 CameraCalibration

Moderncamerasaresophisticatedoptical deviceswhich include,besidesoneor several CCD

chips, a numberof lensesfor aberrationreduction,zoomingand focusing[Smi00]. In order

to renderthepropertiesof sucha cameramathematicallymanageable,simplifying modelshave

beenintroduced,of whichthepinholecameramodelis mostwidely usedandwill alsobeapplied

in thefollowing.

The projectionpropertiesof a cameraaredescribedby differentparameters,which canbe

separatedinto the extrinsic parameters—i.e., the camerapose—andthe intrinsic ones,which

comprisethe internalpropertiesof the camera,which maybe �x edor adjustable.Thesepara-

meterswill bedescribedin thefollowing. However, themoreparametersaretakeninto consid-

21



22 Chapter2. CameraParameterEstimation
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Figure2.1: Mappingfrom world to cameracoordinatesusinga rotationR anda translationt

eration,themoreunstabletheirestimationwill be.Dif ferentprojectionmodelsmaybeassumed

which allow for a choicein thenumberof parameters.Themostimportantonesof themwill be

introducedaswell.

2.1.1 CameraParameters

Mathematically, a cameradenotesa mappingof pointsin a three-dimensionalworld coordinate

systeminto thetwo-dimensionalimage.Thismappingwill bedescribedin thefollowing for the

perspectiveprojectionmodel.Thesimpli�ed projectionmodelswill beintroducedafterwardsin

Section2.1.2.

Cameraposeparameters

Themappingfrom world to imagecoordinatescanbedecomposedinto anumberof consecutive

mappings,i. e.,mappingsto intermediatecoordinatesystems.In practice,thecameracoordinate

systemis the mostrelevant as it describesthe positionof a 3-D point relative to the camera's

position—thepositionof its optical center—andviewing directionor orientation.Positionand

orientationtogetherareusuallyreferredto astheposeof thecamera.

As shown in Figure2.1, thetransformationbetweenworld andcameracoordinatesystemis

givenby a rotationmatrix R 2 IR3� 3 anda translationvectort 2 IR3. Theaxesof thecamera

coordinatesystemform a right-handedsystem,with theviewing directionalongthez-axisand

theimageplaneof thecameraparallelto thex- andy-axis. In relationto theimage,x c pointsto

theright andyc to thebottom.Finally, thecolumnsof R areformedby thethreeaxesx c, yc and

zc.
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Thus,a3-Dpointp in world coordinateswouldbetransformedtopc in thecameracoordinate

systemby applyingtheequation

pc = R T (p � t ) : (2.1)

This equationis given in Euclideancoordinates,but for reasonsthat will becomeapparent

later on, it is transformedinto so-calledprojective coordinates.Projective geometryincreases

the dimensionalityof vectorsby one,which arethencalledhomogeneousvectors.For a short

summaryonthepropertiesof projectivegeometryreferto [Hei04]. A moredetailedintroduction

is given in [Har03]. In the following, homogeneousvectorswill be indicatedby underlining.

Here,usinghomogeneouscoordinatesfor the point p in world coordinatesandp
c

in camera

coordinatesrespectively, themappingcanberewrittenasamatrixmultiplication

p
c

=

 
R T � R T t

03
T 1

!

p : (2.2)

It shouldbe notedherethat throughoutthe literaturethe rotationmatrix R is constructed

in two differentways. In [Fau01]and[Har03], e.g., R is composedfrom x c, yc andzc asits

row vectors.Theadvantageof this representationis that in equations(2.1)and(2.2)R T canbe

substitutedby R . However, in this representationR would not denotea rotationof thecamera

but of the 3-D sceneinstead.Therefore,the moreintuitive representationwaschosenfor this

work whereR is composedof thecameracoordinateaxesasits columnvectors,thusdenotinga

rotationof thecameraitself.

Intrinsic parameters

From cameracoordinatesa 3-D point is mappedinto the coordinatesystemof the imageby a

perspectiveprojection.Usinghomogeneouscoordinatesagain,this mappingcanbewritten asa

linearprojectionmatrix. Theentriesof this matrix arecalledtheintrinsic cameraparametersas

they denotethephysicalpropertiesof thecameraitself. Theperspectiveprojectionintroducedin

thefollowing is alreadya simpli�cation of thetruebehavior of a realcamera,but it is suf�cient

for mostimageprocessingapplications.However, furthersimpli�ed projectionmodelsareoften

requiredandwill begivenin Section2.1.2.

Thegeometricmodelusuallyassumedfor perspective projectionis thepinholecamera.As

shown in Figure2.2,a 3-D point pc in cameracoordinatesis projectedalonga line throughthe

cameracenterwhichcorrespondsto theorigin of thecameracoordinatesystem.Theintersection

with theimageplaneyieldsthe2-D pointqm in imagecoordinates.Theimageplaneis assumed
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Figure2.2: Thepinholecameramodel.The3-D point pc in cameracoordinatesis projectedalonga line
throughthecameracenterinto theimageplane.

to be parallel to the planespannedby the x- andy-axis of the cameracoordinatesystemat a

distancef , thefocal length.Thez-axisof thecameracoordinatesystemis alsocalledtheoptical

axisandintersectstheimageplaneat theprincipalpoint.

For thepinholemodel,theprojectionof apointpc is givenby

qm =
f

pc3

 
pc1

pc2

!

(2.3)

with pc = (pc1; pc2; pc3)
T . This meansthat the fartherpc is away from the imageplanealong

theopticalaxis,thecloserits projectionwill beto theprincipalpoint in theimage.On theother

hand,thelargerthefocal lengthf , thefarthertheprojectionwill befrom theimagecenter.

As indicatedbefore,homogeneouscoordinatesgetimportantheresincethisnon-linearequa-

tion becomesa linearonewhenthey areused,andcanbewrittenasamatrixequation:

q
m

=

0

B
@

f 0 0 0

0 f 0 0

0 0 1 0

1

C
A p

c
: (2.4)

Theaboveequationsdeterminethemappingof 3-D pointsontotheimageplane,whichis de�ned

by zc = f . In reality, this planeis wherethe CCD sensorof the camerais situated,andthe

mappingto the actualsensorcoordinatesis given by additionalparameters.The elementsof

thesensorareassumedto beplacedon a regulargrid with their positionbeingde�ned by their

centers,asshown in Figure2.3. Theorigin o of thegrid is situatedin its upperleft corner, with

the axesdenotedby u s andvs. The sizeof onegrid element,i. e., onepixel, is given by dx
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horizontallyanddy vertically. Thus,if u s = (dx ; 0)T , vs computesto

vs =

 
tan( �

2 � � )dy

dy

!

; (2.5)

with � beingtheangleenclosedby u s andvs. Theprincipalpoint, denotedby 02 in Figure2.3

cannow beexpressedin sensorcoordinatesby

 
upp

vpp

!

=

 
1

dx

� tan ( �
2 � � )

dx

0 1
dy

!

(� o) : (2.6)

Includingthenew parametersin themappingintroducedin equation(2.4), theprojectionof

a3-D pointp
c

in cameracoordinatesto animagepointq in sensorcoordinatesis now givenby

q =

0

B
@

f
dx

� f tan ( �
2 � � )

dx
upp 0

0 f
dy

vpp 0

0 0 1 0

1

C
A p

c
: (2.7)

For convenience,someof the parametersare combined,i. e., f x = f =dx and f y = f =dy

arethe effective focal lengthin horizontalandverticaldirection,andthe skew � of the sensor
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coordinateaxesis de�ned as

� =
� f tan( �

2 � � )
dx

: (2.8)

For thecamerasusuallyusedin computervision, theaxesof thesensorgrid canbeassumedto

beorthogonal,thus� would become0. In fact,for theself-calibrationalgorithmsintroducedin

Section2.3this is evena requirement.

In additionto the intrinsic parametersintroducedup to now, a real projectionsystemmay

containmany moredistortionswhich canbe modeledaswell. The parametersfor correcting

radialor tangentialdistortionsareobtainedby usinga calibrationpatternwith known world co-

ordinatesof its features.A standardalgorithmfor this problemwasgivenby Tsai in [Tsa87].

However, the goal of this work is to estimatethe cameraparameterswithout sucha calibra-

tion pattern.Self-calibrationalgorithmsaresofar unableto obtainthesedistortioncoef�cients,

thereforethey will not beintroducedherein moredetail.

The projection matrix

Theleft 3 � 3 submatrixof theprojectionof equation(2.7) is calledthecalibration matrix and

is de�ned as

K =

0

B
@

f x � upp

0 f y vpp

0 0 1

1

C
A : (2.9)

It mapsanon-homogeneouspointpc in cameracoordinatesto a homogeneouspoint q in sensor

coordinates.Usingequation(2.1), thecompleteprojectionof a 3-D world point to an imageis

thusgiven:

q = K R T (p � t ) : (2.10)

Finally, by usinghomogeneouscoordinatesagain,themappingfrom world to sensorcoordi-

natesis rewrittenas

q = K R T (I 3� 3j � t ) p = P p : (2.11)

Extrinsic andintrinsic parametersarethuscombinedin a singlematrix P which is calledthe

projectionmatrix.

2.1.2 Projection Models

Thepinholecameramodelintroducedin theprevioussectionis anapproximationof theprojec-

tion propertiesof a realcamera.Nevertheless,theestimationof its parametersis still complex,
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andfurther simpli�cations likewisesimplify theparameterestimation,althoughat the expense

of decreasedaccuracy.

Theprojectionof a point from camerato imagecoordinatesdoneby equation(2.4) is called

perspectiveprojection.Otherprojectionmodelsareorthographic,weak-perspectiveandparaper-

spectiveprojection,althoughmany moremodelsexist. They areof importancein this work and

will bediscussedin thefollowing. A comparisonof theseprojectionmodelsis shown in Figure

2.4.

Orthographic projection

Orthographicprojection—alsocalledparallelprojection—isthe mostbasictype of projection.

It transformsequation(2.3),theprojectionof a point pc in cameracoordinatesto imagecoordi-

nates,to thesimpleform

qm =

 
pc1

pc2

!

: (2.12)

In other words, the z-coordinate,or depth,of the 3-D point is ignoredand the point is thus

projectedparallelto thecamera'sopticalaxisontotheimageplane.Orthographicprojectionis a

specialcaseof perspective projectionasit assumesthat f ! 1 andpc3 ! 1 . Theprojection
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matrixof equation(2.4) thuschangesto

q
m

=

0

B
@

1 0 0 0

0 1 0 0

0 0 0 1

1

C
A p

c
: (2.13)

Weak-perspective projection

Weak-perspectiveprojectionis essentiallyacombinationof theorthographicandtheperspective

projectionmodel. As shown in Figure2.4, a 3-D point is �rst projectedorthographicallyonto

a planeparallelto the imageplanethroughthecenterof gravity of all 3-D points,followedby

a perspective projectiononto the imageplane. This perspective projectioncorrespondsto an

isotropicscaling,therefore,thisprojectionis alsocalledscaled-orthographic.

For theweak-perspectivecase,equation(2.3) for projectinga point in cameracoordinatesis

modi�ed to

qm =
f

pg3

 
pc1

pc2

!

: (2.14)

Using thez-componentpg3 of thecenterof gravity pg, i. e., its distancefrom thecenterof pro-

jectionalongtheopticalaxis,insteadof thetruedepthof the3-D point pc, treatsevery point as

having thesamedepthandthusbeingprojectedontothesameplaneperpendicularto theoptical

axis. In matrixnotation,theprojectionis written as

q
m

=

0

B
@

f 0 0 0

0 f 0 0

0 0 0 pg3

1

C
A p

c
: (2.15)

Sincethisprojectionis only anapproximationto therealprojection,it is only valid undercer-

tainconditions.In thiscase,it is requiredthattherelativedepthdifferencebetweenthe3-Dpoints

in thesceneis at least20 timessmallerthantheir averagedistancefrom thecamera[Tru98]. A

survey of theerrorsmadeby weak-perspectiveapproximationcanbefoundin [Hei04].

Again,theliteraturedoesnotagreeaboutthedistinctionof projectionmodels.While [Tru98]

and[Fau01]describeweak-perspectiveandscaled-orthographicprojectionasbeingthesame,in

[Har03] they arenot. There,for weak-perspectiveprojectionthefocal lengthis differentin x and

y direction,while for scaled-orthographicprojectionthereis only onefocal lengthf .
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Paraperspective projection

Thelastprojectionmodelintroducedhereis theparaperspectiveprojection,which is evenmore

accuratethantheprecedingone. It was�rst proposedin [Oht81] and�nally namedin [Alo90].

Thedifferenceto weak-perspectiveprojectionis that3-D pointsarenot projectedparallelto the

optical axis onto the planethroughpg, but parallel to the line connectingpg and the camera

center. Theeffect is againdepictedin Figure2.4.

Theprojectionp0
c of a pointpc ontotheplanethroughpg is givenby

p0
c = pc �

pc3 � pg3

pg3
pg = pc � bpg ; (2.16)

with b = (pc3 � pg3)=pg3. Modifying equation(2.14)accordingly, pc is projectedto the image

planeby

qm =
f

pg3

 
pc1 � bpg1

pc2 � bpg2

!

: (2.17)

Again, thisprojectioncanbegivenin matrixnotationaswell, i. e.,

q
m

=

0

B
@

f 0 0 f � bpg1

0 f 0 f � bpg2

0 0 0 pg3

1

C
A p

c
: (2.18)

The advantageof paraperspective projectionover theweak-perspective oneis thatnow ob-

jectsin thescenewith a largedepthdifferencecanbemodeledaswell, i. e.,theerrorinducedby

suchacon�gurationis less.

The simpli�ed projectionmodelsintroducedso far are summarizedunderthe term af�ne

projectionmodels,sincetheprojectionmatrices,whichcanbescaledarbitrarily, aregenerallyof

theform

P =

 
A t

03
T 1

!

; (2.19)

whereA is anarbitrary2 � 3 matrixandt a translationvector.

Perspective projection

As statedbefore,theprojectionmodelsintroducedaboveareapproximationsof perspectivepro-

jection,whichis thecorrectprojectionfor thepinholecameramodel.Oneof theirmostimportant

advantagesis thatthey aredescribedby linearprojectionequations,asseenin equations(2.12),
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PSfragreplacements

t t 0e e0

l 0

p

q q0

Figure2.5: Epipolargeometry:given a point q in the left image,its correspondingpoint q0 in theright
imageis locatedsomewherealongtheepipolarline l 0, sincethepositionof thecorrespondingworld point
p is undetermined.

(2.14),and(2.17).Equation(2.3)for perspectiveprojectionontheotherhandis non-linearsince

pc3 is foundin thedenominator. Parameterestimationis thusmuchmoredif�cult for perspective

projection,aswill becomeapparentin Section2.2.

2.1.3 Epipolar Geometry

An important�rst stepto 3-D reconstructionfor many applicationsis to obtaininformationabout

therelationshipbetweentwo images,or therecordingcamerasrespectively. This relationshipis

describedby theso-calledepipolargeometry, which offersananswerto thefollowing question:

Giventwo images,their projectionmatrices,anda point q in the �rst image,whatcanbe said

aboutits correspondingpointq0 in thesecondimage?

The problemis illustrated in Figure 2.5. A point q in one imageand its cameracenter

de�ne a ray on which theobserved3-D point p is located.Thedepthof this 3-D point cannot

bedeterminedfrom oneimagealone,therefore,its projectioninto theotherimage,q0, maybe

anywherealonga line l 0. This line, calledtheepipolar line, is de�ned by theintersectionof the

imageplanewith aplanewhichisspannedby thetwocameracentersandtheimagepointq. Such

a planeis calledanepipolarplane. All possibleepipolarplanesform a pencilof planesaround

theline betweenthetwo cameracenters,thebaselineof thestereosystem.Theintersectionsof

this line with the two imageplanesarecalledthe two epipolese ande0 of the stereosystem.

Everyepipolarline passesthroughtheepipolein its respective image.

Therelationshipbetweenanimagepoint in oneimageandthecorrespondingepipolarline in

theotherimageis describedby thefundamentalmatrixF , which is valid for any suchpoint-line
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pair. F is a 3 � 3 matrix with arbitraryscalingandrank2, which meansthatit has7 degreesof

freedom.For ahomogeneouspointq, theepipolarline l 0 is thuscalculatedas

l 0 = F q : (2.20)

Consequently, for correspondingpointsin two images,thefollowing equationis valid:

q0T F q = 0 : (2.21)

Consideringequation(2.21)andthefactthatF hasonly sevendegreesof freedom,it canbe

shown thatF canbecomputedwith a minimumof sevenpoint correspondences.However, the

mostcommonway to estimateF is to solveanoverdeterminedsystemof equationswith at least

eightpoint correspondencesusingthenormalized8-point-algorithm[Har97]. It is describedin

detailin [Har03],alongwith severalmoresophisticatedmethods,aswell asits computationfrom

two projectionmatrices.

2.2 Factorization Methods

As pointedout before,it is not the goal of this work to computethe parametersof a camera

usingcalibrationpatternsor mechanicaldevices. In fact,theintrinsic andmotionparametersof

a cameraareto beestimatedfrom thecontentof therecordedimagesthemselves.A usefultool

to achieve this arethe so-calledfactorizationmethods, which were�rst proposedin [Tom92],

assumingorthographicprojection.Overtime,thesemethodswereadaptedto evermoreaccurate

projectionmodels.A descriptionof themethod,aswell assomeof its variations,will begiven

in thefollowing. An extensivesummaryof factorizationmethodscanbefoundin [Kan98].

Factorizationmethodsrequire that point correspondencesare available for the imagese-

quencein consideration.The detectionof point featuresandtheir trackingover an imagese-

quencewill be addressedin Section3.2. GivenN point featuresq f n observed in all F frames

of an imagesequence,all factorizationmethodsmake useof a measurementmatrix W , which

containsall qf n stackedoneaboveanother. For all af�ne projectionmodels,W is givenas

W =

0

B
B
B
B
@

q11 q12 � � � q1N

q21 q22 � � � q2N
...

...
...

...

qF 1 qF 2 � � � qF N

1

C
C
C
C
A

2 IR2F � N : (2.22)
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In caseof theperspective factorizationmethodhomogeneouscoordinatesareusedinstead.The

following detailsapplyfor af�ne projectionsonly, i. e.,orthographic,weak-andparaperspective.

The perspective factorizationmethodconstitutesa specialcasewherethe approachis slightly

different.Thedifferenceswill beexplainedin Section2.2.3.

For the af�ne cases,W is preprocessedfurther. The origin of the world referenceframe

is shiftedto the centroidof the scenepointspn of eachimagef , correspondingto the feature

pointsqf n . In af�ne projection,thecentroidof theworld pointsis projectedto thecentroidof

thefeaturepointsin eachimage.Therefore,it is computedfor eachimageas

qf =
1
N

NX

n=1

qf n : (2.23)

Eachfeaturepoint is thusshiftedto

eqf n = qf n � qf : (2.24)

eqf n is calleda registeredimagepoint,andtheregisteredmeasurementmatrix fW is constructed

from themanalogouslyto W in (2.22).

After this transformation,theentrieseqf n in fW aregeneratedby asimpleprojection

eqf n = R f epn ; (2.25)

whereR f is a 2 � 3 rotationandprojectionmatrix. Thus,if all matricesR f arestackedupon

eachotherin a matrix 	 , andall 3-D pointsconcatenatedin a matrix � , all entriesin fW are

computedtogetheras
fW = 	 � : (2.26)

Matrix � is calledthe shapeof the scene,while 	 describesthe motionof the camerafor the

imagesequence.

Themainideaof all factorizationmethodsis that fW canbedecomposedinto its components

� and	 asit is highly rank-de�cientby construction.For all af�ne modelssuchasorthographic,

weak-andparaperspectiveprojection,	 2 IR2F � 3 and� 2 IR3� N . Therefore,fW canbeatmost

of rank3.

In reality, fW is constructedfrom pointswhich wereextractedfrom the imagesequenceby

featuretrackingandarethusnoisy. Dueto thisnoise,its rankwill notbethreeexactly. A decom-

positionis thereforecomputedusingsingularvaluedecomposition(SVD). For an introduction
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to singularvaluedecompositionseetheappendixof [Hei04] or referto [Pre93].It yields

fW = U diag(s1; s2; : : : sN )V T ; (2.27)

wherethesingularvaluessn aresortedin decreasingorder. If fW wereof rankthree,thesingular

valuessi would bezerofor i > 3. Sincethis is usuallynot thecase,only the�rst threesingular

valuesare consideredand the rest are discarded. Estimatesof 	 and � , b	 and b� , are thus

computedby

b	 = U 0diag(s1; s2; s3)1=2 ;

b� = diag(s1; s2; s3)1=2V 0T ; (2.28)

whereU 0 andV 0 arethe�rst threecolumnsof U andV respectively.

Thisfactorizationof fW is notunique,sincefor any invertible3� 3matrixQ, thefactorization

fW = ( b	 Q)(Q � 1 b� ) (2.29)

is alsovalid. Therefore,Q hasto beestimatedaswell in orderto geta uniquedecomposition.

Theadditionalconstraintsrequiredfor thecomputationof Q differ for eachprojectionmodeland

will be introducedin the respective subsection.Note that the correctfactorizationcanonly be

obtainedup to anunknown similarity transformation,which meansthattheposesof thecamera

in theworld referenceframearealwaysunknown.

Thefactorizationmethodfor perspectiveprojectionis substantiallymoredif�cult thanfor the

af�ne cases.It will bediscussedin Section2.2.3.

2.2.1 Orthographic Factorization

For orthographicprojection,additionalconstraintsfor estimatinga uniquesolutionfor b	 and b�

canbederivedfrom therotationmatrix estimatesbR f , which form b	 . If br f ;1 andbr f ;2 denotethe

two rows of bR f , Q hasto ful�ll the following conditionssothatR f formstheuppertwo rows

of a rotationmatrix:

br f ;1QQ T br T
f ;1 = 1 ;

br f ;2QQ T br T
f ;2 = 1 ; (2.30)

br f ;1QQ T br T
f ;2 = 0 :
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Thismeansthattherowsof R f haveto haveunit normandthatthey areorthogonalto eachother.

Theseconstraintsarecalledmetricconstraintssincetheresultingreconstructionis thenunique

upto arotation,a translation,andscaling(cf. Section2.3.1).They yield 3F equationswhichcan

besolvedfor theentriesof Q. Theresultis usedto compute	 = b	 Q and� = Q � 1 b� , which

yieldsa solutionthat is uniqueup to anarbitraryrotation. Usually, this ambiguityis solvedby

settingtherotationof the�rst cameraequalto therotationof theworld coordinatesystem.

	 only containsthe rotationalelementof cameramotion. The translationfor eachframe

parallelto theimageplaneis givenby themotionof thepoint centroidq f . Notethatthemotion

along the optical axis of the cameracannotbe recovereddue to the orthographicprojection

model.

2.2.2 Weak-and ParaperspectiveFactorization

The weak-perspective andparaperspective extensionsof the original factorizationmethodare

both introducedin [Poe97]. In the weak-perspectivecase,the projectionof a registeredscene

point to animagefeatureof equation(2.25)is extendedto

eqf n =

 
f

pf ;3
0

0 f
pf ;3

!

R f epn = R 0
f epn : (2.31)

Constraintsfor estimatingQ and thus a uniquesolution are similar to thosein equations

(2.30).For therowsof R 0
f , r 0

f ;1 andr 0
f ;2, it is known that

r 0
f ;1r

0
f ;1

T =
f 2

pf ;3
2

; r 0
f ;2r

0
f ;2

T =
f 2

pf ;3
2

: (2.32)

Sincetheratioof focal lengthanddistanceof theobjectcentroidto theopticalcenter, f 2=pf ;3
2, is

unknown, theequationsaresetequalto form the�rst constraint.Thesecondconstraintis again

derived from the requirementthat the rows of R 0
f be orthogonal. In order to prevent that the

trivial solutionQ = 0 is chosen,thelastconstraintis that,without lossof generality, kr 0
1;1k = 1.

Thus,themetricconstraintsfor weak-perspective factorizationcanbesummarizedasfollows:

br 0
f ;1QQ T br 0

f ;1
T = br 0

f ;2QQ T br 0
f ;2

T ;

br 0
f ;1QQ T br 0

f ;2
T = 0 ; (2.33)

br 0
1;1QQ T br 0

1;1
T = 1 :
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After updating	 and� usingQ, therotationfor eachframeis computedas

br 0
f ;1 =

r 0
f ;1

kr 0
f ;1k

; br 0
f ;2 =

r 0
f ;2

kr 0
f ;2k

: (2.34)

Unlike in theorthographiccase,thedistanceof theobjectalongtheopticalaxis,pf ;3, cannow

becomputedfrom equations(2.32). Sincetheresultingvaluemaydiffer for thetwo equations,

theaverageof thetwo is usedto calculatepf ;3 as

pf ;3 =
1

2f

 
1

kr 0
f ;1k

+
1

kr 0
f ;2k

!

: (2.35)

If thefocal lengthof thecamerais unknown it is oftensetto 1. However, this resultsin a severe

distortionof the�nal reconstruction.Therefore,it is advisableto eitherestimatethefocal length

using the self-calibrationalgorithm basedon the essentialmatrix introducedlater in Section

2.3.2,or to useanapproximatevaluewhich is closeto thecorrectoneandto optionallyperform

theself-calibrationbasedon theabsolutequadricafterwards.

For theparaperspectivecasethemetricconstraintsaremoresophisticated.As describedin

Section2.1.2,pointsarenow projectedontoaplaneparallelto theimageplanethroughpg along

theline connectingpg andthecameracenter. Of pg, theprojectioninto eachimageqf is known.

Accordingly, equation(2.32)is extendedto

r 00
f ;1r

00
f ;1

T =
f 2 + f 2p2

f ;1

pf ;3
2

; r 00
f ;2r

00
f ;2

T =
f 2 + f 2p2

f ;2

pf ;3
2

: (2.36)

Again, thesetwo equationsaresetto equalityto form the�rst constraint,i. e.

r 00
f ;1r

00
f ;1

T

1 + p2
f ;1

=
r 00

f ;2r
00
f ;2

T

1 + p2
f ;2

=
�

f 2

pf ;3
2

�
: (2.37)

Thesecondconstraintis formedby ananglerelationshipof r 00
f ;1 andr 00

f ;2, which is

r 00
f ;1r

00
f ;2

T =
f 2pf ;1pf ;2

pf ;3
2

: (2.38)

Sincef 2=pf ;3
2 is still unknown, it is substitutedby the meanof the two possiblevaluesgiven

in equation(2.37)—analogouslyto equation(2.35). The third constraintis the sameasin the

weak-perspective case,i. e. kr 00
1;1k = 1. In orderto calculateQ, equations(2.37)and(2.38)are
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againreformulatedto

br 00
f ;1QQ T br 00

f ;1
T

1 + p2
f ;1

�
br 00

f ;2QQ T br 00
f ;2

T

1 + p2
f ;2

= 0 ; (2.39)

br 00
f ;1QQ T br 00

f ;2
T =

pf ;1pf ;2

2

 
br 00

f ;1QQ T br 00
f ;1

T

1 + p2
f ;1

+
br 00

f ;2QQ T br 00
f ;2

T

1 + p2
f ;2

!

: (2.40)

Thethird constraintis thesameasin equation(2.33).

Computingthe camerarotationsafter correcting	 with Q is similar, but somewhat more

complicatedasin theweak-perspective case.For a detaileddescriptionthereaderis referredto

[Poe97].

2.2.3 PerspectiveFactorization Methods

Thefactorizationmethodsexplainedin Sections2.2.1and2.2.2areall basedon theassumption

of an af�ne projectionmechanism,namelyorthographic,weak-or paraperspective projection.

While they aremathematicallyeasyto handle,their commondrawbackis thataf�ne projection

is only an approximationto the more accurateperspective projectionof the pinhole camera.

Therefore,two factorizationmethodsbasedon theassumptionof perspective projectionwill be

introducedin thefollowing.

Perspective factorization by Sturm and Triggs

Thefactorizationmethodby SturmandTriggs[Stu96]is astraightforwardapproachto perspec-

tive factorization.Considertheprojectionof a homogeneous3-D point into an imagegivenin

equation(2.11). Sinceq andp aregivenin homogeneouscoordinates,their scalingis arbitrary

for eachindividualpoint. However, combinedin ameasurementmatrix,only thescalingfor each

imageandeach3-D point respectively remainsarbitrary. Thescalingfor each2-D point is then

�x edandhasto begivenin theprojectionequation.Thus,equation(2.11)hasto beextendedto

� f nqf n = P f pn : (2.41)

� f n is calledtheprojectivedepthof pointn in imagef .

TheprojectivemeasurementmatrixW p 2 IR3F � N is now constructedsimilarly to (2.22),but
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incorporatingtheprojectivedepthsandusinghomogeneouscoordinates:

W p =

0

B
B
B
B
@

� 11q11 � 12q12 � � � � 1N q1N

� 21q21 � 22q22 � � � � 2N q2N
...

...
...

...

� F 1qF 1 � F 2qF 2 � � � � F N qF N

1

C
C
C
C
A

=

0

B
B
B
B
@

P 1

P 2
...

P F

1

C
C
C
C
A

�
p1; p2; � � � ; pN

�
: (2.42)

Thus,by construction,themeasurementmatrixhasrank4 insteadof rank3 asin theaf�ne case.

Priortoproceedingto theactualfactorization,thequestionhastobesolvedhow theprojective

depthscanbe calculated.A fairly simplesolutionis to �rst estimatethe fundamentalmatrices

F ij (seeSection2.1.3)for all pairsof consecutive imagesi andj . Therespectiveepipolein the

�rst imageof apair is denotedby eij . Next, thefollowing equationis usedto relatetheprojective

depthsof onepointpn in imagesi andj :

� in =
(eij � qin ) � (F ij qj n )

keij � qin k2
� j n : (2.43)

Theprojectivedepthsfor eachpoint in all imagesarethuscalculatedpairwisefor all consecutive

imagepairs,startingeachtime with � 1n = 1. Derivationsof theabove relationcanbefoundin

[Stu96]and[Hei04].

As statedbefore,theprojective depthsof each3-D point, which correspondsto a columnin

W p, andfor eachimage,a triplet of rows in W p, may be scaledarbitrarily. This hasonly an

effectonthescalingof thecorresponding3-D pointpn or theprojectionmatrixP f , respectively.

In orderto prevent that the sizeof the projective depthsdiffers considerablyandthusleadsto

numericalinstabilities,themeasurementmatrix is weightedbeforefactorization.Hereby, each

columnof W p andeachtriplet of rows of W p is rescaledso that its norm is equalto one. If

necessary, therescalingstepsarerepeateduntil theentriesin W p donotchangesigni�cantly any

more. A considerableimprovementcanalsobeachievedif thecoordinatesof the imagepoints

arenormalizedaccordingto [Har97], i. e., the point coordinatesin eachimageareshiftedand

scaledsuchthattheirmeanis theorigin of thecoordinatesystemandtheiraveragedistancefrom

theorigin is
p

2.

Having doneall thesepreparations,W p can�nally be factorizedasin equations(2.27)and

(2.28),but consideringthat therankof W p is now 4. Like in theaf�ne case,thedecomposition

of W p into b	 p and b� p is not unique,but thereexists a 4 � 4 projective transformationmatrix

Qp, analogouslyto equation(2.29), which also leadsto a valid solution, b	 pQp andQ � 1
p

b� p.

However, unlike in the af�ne case,no constraintsexist to calculatethe correcttransformation
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Qp, sothatasubsequentself-calibrationstepasdescribedin theSection2.3 is necessary.

Onedrawbackof the above strategy for calculatingthe projective depthsis that it is prone

to erroraccumulationor propagationin thepair-wisefundamentalmatrix computations.There-

fore, Heigl [Hei04] proposesto usethedepthof 3-D pointscalculatedby a precedingweak-or

paraperspective factorization.Theprojective depthsthencorrespondto thedistanceof the3-D

pointsalongtheopticalaxisfrom theprojectioncenterof thecamera.

Iterati ve factorization by Christy and Horaud

The ideabehindthe iterative factorizationby ChristyandHoraud[Chr96] is to performoneof

theaf�ne factorizationsof Section2.2.2in eachiterationandto graduallyadaptthe2-D image

featuresto �nally �t to a perspective projection. In principle,any af�ne reconstructionmethod

canbeused.However, thealgorithmis shown hereonly for anunderlyingparaperspective fac-

torization,while it workssimilarly for theweak-perspective factorization.In [Chr94], theuseof

furtheraf�ne reconstructionmethodsis shown.

Assumingthat the intrinsic cameraparameters,focal length and principal point, for each

cameraareknown, theimagepointsq areusedin thefollowing in cameracoordinates:

xc =
q1 � upp

f x
; (2.44)

yc =
q2 � vpp

f y
: (2.45)

Consideringnow thetransformationof apoint in world coordinatesinto cameracoordinates(cf.

equation(2.1))andits projectionto imagepoints,xc andyc aregivenas

xc =
r 1

T p + t1

r 3
T p + t3

; (2.46)

yc =
r 2

T p + t2

r 3
T p + t3

: (2.47)

Thevectorsr i denotethecolumnsof rotationmatrix R in equation(2.1), t i theelementsof the

translationvectort .

In orderto simplify theseequations,both numeratoranddenominatoron the right sideare

divided by t3, and the following termsare combined: i = r 1
T =t3, j = r 2

T =t3, x0 = t1=t3
andy0 = t2=t3 asthe projectionof the cameracoordinatecenter, and�nally � = (r 3

T p)=t3.

However, in the following only theequationsfor theprojectionin x-coordinateswill begiven,

sincethe equationsare formed analogouslyfor the y-direction. With thesenew denotations,
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equation(2.46)for perspectiveprojectionchangesto

xc =
ip + x0

1 + �
: (2.48)

In thisnotation,thelinear, paraperspectiveapproximationto perspectiveprojectiononly dif-

fersin theuseof � . If theobjectis relatively farawayfrom thecamera,i. e.,t3 is largecompared

to (r 3
T p), thefollowing �rst-order approximationcanbeapplied:

1
1 + �

� 1 � � : (2.49)

Thus,theequationfor paraperspectiveprojectionis

xc � (ip + x0)(1 � � ) � ip + x0 � x0� = xp ; (2.50)

wherethe term ip � is neglected. By solving the right-hand,paraperspective part of the equa-

tion for ip andinsertingthe resultinto theoriginal, perspective equation(2.48),a relationship

betweenperspectiveandparaperspectiveprojectionis foundas

xp = xc(1 + � ) � x0� : (2.51)

Consideringxc, andanalogouslyyc, asthe perspective projectionsof a world point p, and

xc(1+ � ) � x0� andyc(1+ � ) � y0� astheparaperspectiveprojectionof thesameworld point,the

problemof perspectivereconstructioncannow bereformulatedasincrementally�nding suitable

� f n for theprojectionsof N world pointsin F imagesby paraperspectivereconstructions.These

reconstructionsare performedby paraperspective factorizationaccordingto Section2.2.2. A

modi�ed measurementmatrixW CH is usedwheretheentriesqf n aregivenas

qf n =

 
(xc;f n � x0;f )(1 + � f n )

(yc;f n � y0;f )(1 + � f n )

!

: (2.52)

The �nal iterative algorithmis summarizedin Figure2.6. For the �rst iteration,the � f n are

initializedwith zero,whichis equivalentto usingtheoriginal,unalteredimagepointcoordinates.

In eachiterationstep,W CH is built using the entriesgiven in equation(2.52) andthe current

� f n . The metric resultsof a paraperspective factorizationare then usedto estimatethe new

setof � f n , thusaltering the imagecoordinatesof the projectedfeaturepoints. The algorithm

hasconverged when the � f n do not changeanymore. The resultingimagefeaturesyield the
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Initialize � (0)
f n = 0, with 1 � f � F , 1 � n � N

SetupW CH
(i ) usingthecurrent� (i )

f n for eachentryin equation(2.52)
Performparaperspective factorizationaccordingto Section2.2.2usingW CH

(i )

Estimatenew � (i +1)
f n

UNTIL 8f ; n: � (i +1)
f n � � (i )

f n

Figure2.6: Theiterative factorizationalgorithmby ChristyandHoraud

perspective reconstructionof cameraparametersand3-D pointpositionsaftertheapplicationof

aparaperspective factorizationto them.

Like the other factorizationmethodsintroducedin this section,the iterative factorization

likewiseyieldsa reconstructionwhich is only uniqueup to a projective transformationif wrong

internalparametersareused.Thenext sectionwill give anintroductioninto thedifferenttypes

of reconstructionspossibleandhow theirambiguitiescanberesolvedusingself-calibration.

2.3 CameraSelf-Calibration

Cameraself-calibration,which is alsooftencalledauto-calibration,denotestheprocessof esti-

matingthe internalparametersof a camerasolely from cuesin imageswhich weretaken with

thiscameraandwhichshow, aboveall, nospecialmarkerssuchasacalibrationpatterns.In other

words,thecalibrationof thecamerais doneon the�y while recordinga naturalsceneandnot,

asis oftendone,beforetheactualutilization of thecamera.On theotherhand,self-calibration

doesnot includetheestimationof theexternalparametersof amoving camera,which is usually

referredto asposeestimationandwasalreadyintroducedin theprevioussections.

A shortoverview over differentself-calibrationmethodswasalreadygivenin Section1.2.3.

In the following, the methodsappliedfor the experimentalevaluationswill be introducedin

moredetail. The next sectionin particulardealswith the differentkinds of ambiguitieswhich

areremovedby self-calibration.

2.3.1 ReconstructionTypes

Thealgorithmsfor cameraposereconstructionfrom two or moreimagesdescribedin theprevi-

oussection,suchasthefundamentalmatrixandthevariousfactorizationmethods,areonly able

to solve theproblemup to a certainambiguity. In general,if a projectionmatrix P i is foundfor

someimage,it is not a uniquesolution,but therealwaysexists a transformationmatrix D , so
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Type Ambiguity Example DOF Preserved Properties

Projective
�

A t
x T x

�
15 crossratio, tangency, inter-

section,collinearity

Af�ne
�

A t
03

T 1

�
12 parallelism, centroids, area

ratio, volumeratio, planeat
in�nity m 1

Metric
�

�sR t
03

T 1

�
7 angles, relative distances,

absoluteconic Ca, absolute
quadricQa

Euclidean
�

R t
03

T 1

�
6 absolute distances, area,

volume

Table2.1: The most importanttypesof transformationsin 3-D reconstruction[Pol99, Fau01, Har03]:
Fromprojective to Euclideanthedegreesof freedom(DOF)decreasewhile morepropertiesarepreserved.
For eachtransformation,thepropertiesof theprecedingonearepreserved aswell. Theelementsof the
ambiguitymatricesgiven in thesecondcolumnhave to be chosensuchthat the completematrix is still
invertible andarede�ned asfollows: A 2 IR3� 3 is an arbitrarymatrix, x 2 IR3 is an arbitraryvector,
x 2 IR is anarbitraryscalarvalue;R 2 IR3� 3 is arotationmatrix,t 2 IR3 atranslationvector, and�s 2 IR
is anon-zeroscalefactor. Tableandimagesby courtesyof J.Schmidt[Sch06].

thatfor theprojectionof a3-D pointpn into imagei thefollowing equationholds:

qi;n = P i pn = (P i D )(D � 1pn ) : (2.53)

Thestructureof D dependson thealgorithmusedto estimatetheprojectionmatrix. In the

mostgeneralcasethe4 � 4 matrix D has15 degreesof freedom(DOF) andthusconstitutesa

projective transformation.An examplefor sucha reconstructionis generatedby theperspective

factorizationmethodin Section2.2.3. Theeffect of this ambiguityis that thereconstructionis

severelyskewed—infact,only few of thepropertiesof a scenearepreserved,asshown in Table

2.1—andfurtherprocessingis necessary, especiallyfor applicationsin light �eld rendering.

Thedegreesof freedomof thetransformationmatrixcanbereducedby assumingsomeprop-

ertiesof the sceneor the recordingcamera. Thus, the reconstructioncan be upgradedfrom

projective to af�ne andmetric. In theprocess,moreinformationaboutthe intrinsic camerapa-
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rametersareacquiredaswell. This upgradeis theresultof self-calibrationandwill bedetailed

in the next section. Table 2.1 summarizesthe propertiesof the transformationmatrix D for

differenttypesof reconstruction.

However, even if intrinsic cameraparametersareknown or canbe estimatedby self-cali-

bration,the ambiguitycanonly be reducedto a metric transformation,i. e., a similarity trans-

formationconsistingof rotation,translationandscale.A Euclideanreconstructioncanonly be

achievedif at leastonedistancein thesceneis known.

Moredetailedsurveysof thepossibletypesof reconstructioncanbefoundin thepublications

of Hartley [Har03], Faugeras[Fau01]andPollefeys [Pol99]. Oneissuethat frequentlycauses

someconfusionis thatthetermsmetricandEuclideanreconstructionarenotusedconsistentlyin

theliterature.Thedenotationchosenhere,i. e.,thataEuclideanreconstructionis uniqueonly up

to aEuclideantransformation,is consistentwith thedenotationin [Har03], [Pol99] and[Sch06],

whereasFaugerasusesthereversedenotation.

2.3.2 Self-Calibration Methods

In Section2.2.3 it wasstatedthat after a perspective factorization,the reconstructionof cam-

eraparametersand3-D points is only given up to a projective transformationD . Af�ne fac-

torizationmethodsrequirethe knowledgeof someintrinsic parametersto result in an accurate

reconstruction.If theseintrinsic parametersareestimatedwrongly, the reconstructionwill be

likewiseskewed. Of the two self-calibrationmethodsintroducedin the following, the �rst one

by Mendonça andCipolla [Men99] requiresonly the knowledgeof the fundamentalmatrices

F i;j betweenall pairsof imagesto estimatethe intrinsic parameters.It is thussuitableto be

appliedbeforean af�ne factorization.The secondonemakesuseof skewed projectionmatri-

cesP i andpropertiesof the absolutequadricQ a to correcta projective reconstructionvia the

transformationD . This methodwasintroducedin [Tri97], but is explainedin greaterdetail in

[Har03]and[Pol99].

Self-calibration using the essentialmatrix

Giventwo calibrationmatricesK i andK j , asde�ned in equation(2.9),for two differentimages,

aswell asthefundamentalmatrixF ij linking thesetwo images,theso-calledessentialmatrix is

de�ned as

E ij = K j
T F ij K i : (2.54)

Theonepropertyof the3� 3 matrixE ij thatcanbeexploitedfor self-calibrationis thatit is of
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rank2 if thecalibrationmatricesarecorrect.Thus,theobjective is, givenfundamentalmatrices

F ij betweenpairsof images,to �nd calibrationmatricesK i andK j suchthat rank(E ij ) = 2,

with 1 � i; j � F , i 6= j . Thenumberof imagesF requiredfor a uniquesolutiondependson

thenumberof parametersthatareto beestimatedor consideredknown or �x ed,respectively. A

detailedcalculationcanbefoundin [Pol99].

The self-calibrationprocesscannow be formulatedasa minimizationproblemof an error

function:

� (K i ) =
FX

i =1

FX

j = i +1

wij
P F

k=1

P F
l= k+1 wkl

sij; 1 � sij; 2

sij; 2
: (2.55)

sij; 1 andsij; 2 denotethe�rst two singularvaluesof essentialmatrixE ij . Theweightparameters

wij canbeusedto assigncon�dencevaluesto thedifferentfundamentalmatrices,or canbeset

to 1 uniformly. Theminimumof thiserrorfunction,which is smoothaccordingto theWielandt-

Hoffman theorem[Gol96], is found usingnumericoptimizationand,speci�cally, the Nelder-

Meadsimplex algorithm[Nel65].

Self-calibration using the absolutequadric

In order to explain this self-calibrationmethod,a few new termshave to be introduced�rst.

Theabsolutedual quadric is a special,degeneratecaseof a quadricwhich representsa smooth

surfacein a three-dimensionalprojective spaceIP3, which is theresultsof usinghomogeneous

coordinatesinsteadof Euclideancoordinatesin IR3. The absolutedual quadricQ �
a is given

by a symmetric,homogeneous4 � 4 matrix of rank 3. Its projectioninto an imageusing a

projectionmatrix P is theabsolutedual conicC �
a , a symmetric,homogeneous3 � 3 matrix in

two-dimensionalprojectivespaceIP2. Theprojectionis givenas

C �
a = P Q �

aP : (2.56)

Absolutedualquadricandabsolutedual conic have two importantpropertieswhich render

themusefulfor self-calibration.Firstly, in a metric frame,which is the desiredtype of recon-

struction,theabsolutedualquadricis of its canonicform Q
�
a, being

Q
�
a =

 
I 3� 3 03

03
T 0

!

: (2.57)

In a projective frame,this quadricis likewiseskewedby a projective transformationD , sothat

Q �
a = D Q

�
aD T . Secondly, C �

a is givenasC �
a = K K T , K beingthecalibrationmatrix corre-
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spondingto theprojectionmatrixP .

Thereareseveralwaysto solve for Q �
a andthus�nding D usingtheseequations.A linear

andanon-linearapproach,which canbeappliedsuccessively, aswell asa simpli�cation will be

introduced.

Linear approach. If, e.g., a projective reconstructionof an imagesequenceby perspective

factorizationis given, the transformationD is the samefor eachimage. Thus,usingequation

(2.56)andsomeassumptionsonthecalibrationmatrixK , constraintscanbefoundontheentries

of Q �
a. Assumingthegeneralde�nition of K from equation(2.9),C �

a = K K T calculatesas

C �
a =

0

B
@

f x
2 + � 2 + upp

2 � f y + uppvpp upp

� f y + uppvpp f y
2 + vpp

2 vpp

upp vpp 1

1

C
A : (2.58)

If it is furtherassumedthat the imageskew � is zero,a �rst constraintc�
12c

�
33 = c�

13c
�
23, which

holdslikewisefor theentriesof P Q �
aP , is given.It de�nesonelinearequationperimagefor the

entriesof Q �
a. More equationsbecomeavailableif theprincipalpoint is setto theimagecenter,

i. e.,upp = vpp = 0, andtheaspectratio f x=f y is known. Thus,up to four equationsper image

canbede�ned.

In general,thesymmetricmatrixQ �
a hasninedegreesof freedomandthusnineuniqueentries

if it is scaledsuchthatq�
33 = 1. However, if all constraintsontheintrinsicparametersareapplied,

theabsolutedualconicC �
a of equation(2.58)is reducedto a diagonalmatrix, andlikewiseQ �

a

will thenbegivenas

Q �
a =

0

B
B
B
B
@

q�
11 0 0 q�

14

0 q�
11 0 q�

24

0 0 1 q�
34

q�
14 q�

24 q�
34 q�

44

1

C
C
C
C
A

: (2.59)

Thus,in this simpli�ed version,only � veparametersremainto beestimated.

After solvingthecorrespondinglinearsystemof equations,theadditionalconstraintthatthe

rankof Q �
a is threeis enforcedusingsingularvaluedecompositionandsettingthe lastsingular

valueto zero. The resultingestimatefor Q �
a is �nally decomposedinto Q �

a = D Q
�
aD T using

eigenvaluedecomposition.Thereconstructioncanthenbeupgradedto metricusingD according

to equation(2.53).
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Non-linear approach. Having obtaineda solutionfor Q �
a from the above linear approach,it

canbefurtherre�ned usinga non-linearoptimizationmethodsuchastheLevenberg-Marquardt

algorithm.A suitableerrorfunctionis givenby

� SC =
FX

f =1










K f K f
T

kK f K f
T k

�
P f Q �

aP f
T

kP f Q �
aP f

T k








 : (2.60)

Theparametersto beadjustedaretheentriesof K f andQ �
a.

A major drawback pertainingthe self-calibrationusing the absolutequadricis that the es-

timatedquadricQ �
a hasto be positive de�nite. Otherwise,an eigenvaluedecompositioninto

D Q
�
aD T is not possible.However, it is not advisableto enforcethis constraintasthis would

introduceadditionalerrors. Therefore,theself-calibrationmay frequentlyfail at this point, es-

peciallysincetheinputdatain realapplicationsis usuallydistortedby noise.

2.3.3 Bundle Adjustment

Onceareconstructionhasbeencomputedby any of themethodsdescribedabove,bundleadjust-

mentis oftenusedto do a �nal re�nementof theresult. In this technique,thecameraparame-

tersand3-D pointsareadjustedsimultaneouslyto minimizetheerrormadeby back-projecting

thepointsinto the imagesandcomparingthemwith theoriginal featuremeasurements.For F

projectionmatricesbP f , 1 � f � F , andN 3-D pointsbp
n
, 1 � n � N , eachpoint is back-

projectedinto eachimageas bq
f n

= bP f bp
n
, and the residualvector � B is calculatedfrom the

non-homogeneous2-D pointsas

� B =
�

(q11 � bq11)
T ; (q21 � bq21)

T ; : : : ; (qF N � bqF N )T
� T

: (2.61)

The vector � B has2F N entriesif eachpoint wasvisible in eachimage,and fewer if the

pointsarenot visible in eachimage.Parameterestimationis performedby minimizing thesum

of squareddifferences� B
T � B. The numberof parametersto be estimateddependsagainon

assumptionsmadeon theintrinsic parameters.Referringto equations(2.9)and(2.10),eachbP f

has11 degreesof freedomasit dependson theentriesin cK f , bR f andbt f . In this case,thetotal

numberof parametersis 11F + 3N . By making the sameassumptionson skew � , principal

point (upp; vpp) andfocal length (f x ; f y) as in the previous section,the numberof parameters

canbereducedaccordingly. If theintrinsicparametersareassumedto becorrect,only 6F + 3N

parametersremainto beestimated.
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A shortnoteon therepresentationof rotationmatriceshasto bemadehere.Althougha ro-

tationmatrix R hasnineentries,it hasonly threedegreesof freedomdueto theorthonormality

of its columns.Therefore,it canberepresentedusingonly threevariables.Commonrepresenta-

tionsareEulerangles,axis/angleandquaternions.In [Sch01c], thesealternativesaredescribed

andcomparedwith respectto bundleadjustment.Sincefor Euleranglessingularitiesexist which

causenumericalinstabilities,oneof the latter two alternativesis chosenwherever rotationsin

3-D areprocessedin this thesis,their performancesbeingverysimilar to eachother.

As for bundleadjustment,estimatingsucha largenumberof parameterstakesconsiderable

amountsof time. In caseof the Levenberg-Marquardtalgorithm,the calculationof a Jacobian

matrix by numericaldifferentiationandits inversionarenecessaryin eachiteration,wherethe

Jacobianmatrix J is of size(2F N ) � (11F + 3N ). Calculatingthepseudo-inverseof J using

singularvaluedecompositionhasacomplexity of O(F 3N + F 2N 2 + F N 3). Therefore,two sim-

pli�cations of theoriginalbundleadjustmenthavebeenintroducedwhichreducethecomplexity

of theproblem: interleavedbundleadjustmentandtheexploitationof a specialblock structure

of theJacobianJ .

In interleavedbundleadjustment[Shu99,Har03],optimizationof thecameraparametersand

3-D pointsareseparatedfrom eachother. First, the11F cameraparametersareoptimizedwhile

thepositionsof the3-D pointsarekept �x ed. After eachiterationof this “outer” loop, the3-D

pointsareoptimizedwhile keepingthecameraparameters�x ed. Theadvantageof this “inner”

loop is that each3-D point positioncanbe optimizedindependentlyfrom the otherpoints,as

they donot in�uenceeachother'sback-projectionerror. Thus,insteadof having to calculateone

large Jacobianmatrix, a large numberof small ones,i. e., N matricesof size2 � 3, suf�ces.

This reducesthe overall complexity of pseudo-inversionto O(F 3N ). According to [Har03],

interleavedbundleadjustmentyields thesameresultasthebasicapproachasit still minimizes

the samecost function. However, this is only true if both approachesconverge to the same

minimum,which is usuallynot thecasein practice.Additionally, interleavedbundleadjustment

requiresmoreiterationsfor convergence.

For theouteriterationloopof optimizingthecameraparametersof eachimage,theJacobian

matrix J c hasa specialblock structure.Sincethe cameraparametersfor eachimageareinde-
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pendentfrom eachother, J c is block-diagonal,andeachblock canbeinvertedindependently:

J +
c =

0

B
B
B
B
@

J 1 0 � � � 0

0 J 2 � � � 0
...

...
...

...

0 0 � � � J F

1

C
C
C
C
A

+

=

0

B
B
B
B
@

J +
1 0 � � � 0

0 J +
2 � � � 0

...
...

...
...

0 0 � � � J +
F

1

C
C
C
C
A

: (2.62)

Here,J +
c denotesthepseudo-inverseof J c. EachblockmatrixJ f is of size2N � 11sothatthe

complexity of computingthepseudo-inverseof J c reducesto O(F N ) [Hei04].

Obviously, error minimization by bundleadjustmentis a time consumingprocesssincea

large numberof parametershave to be optimizedat once. However, if time is not an issue,

bundleadjustmentusuallyyields the bestreconstructionresultsif a suitableinitialization was

given. A numberof methodshave beenproposedto further speedup bundleadjustment,such

asvirtual key frames[Shu99]. However, they arenot includedhereasbundleadjustmentis not

a mainfocusof this thesis.A comprehensivesummaryof improvementson bundleadjustment,

suchasinterleaving andexploitationof block-diagonalJacobimatrices,is givenin [Tri00].
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Chapter 3

Reconstructionof Static Light Fields

Thereconstructionof a light �eld from aninput imagesequencerequiresanumberof processing

steps.Startingfrom theextractionof point features,thecameraparametersfor eachimagehave

to beestimatedandscenegeometryinformationhasto begenerated.Thefollowing chapterwill

givea detailedview of thereconstructionprocessfor staticlight �elds, offering alternativesand

new approachesfor someof thesesteps.

3.1 SystemOverview

Thewholeprocessof reconstructingastaticlight �eld fromanimagesequencecanbesubdivided

roughlyinto six steps:

� imageacquisition,

� featureextractionandtracking,

� initializationof reconstruction,usuallyusinga factorizationmethod,

� extensionof thereconstructionto long imagesequences,

� approximationof scenegeometry, and

� light �eld visualizationusingdifferentrenderingmethods.

Basically, thesestepsform a linearprocessingchainthathasto beexecutedin this order, as

proposedin theunderlyingwork of Heigl [Hei04]. However, it is oftenbene�cial to deviatefrom

this strict linearity anduseinformationobtainedin laterprocessingstepsto re�ne theresultsof

anearlierstep.Theseiterationsarereferredto asfeedbackloops.

49
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PSfragreplacements
ImageAcquisition

FeatureTracking

Initial Reconstruction

ReconstructionExtension

GeometryComputation

Visualization

(2)

(3)

(4)

(5)

(1)

Figure3.1: Systemoverview: thelinearprocessingchainfor staticlight �eld reconstruction.Thepossible
deviationsfrom thelinearprocess,(1) to (5), areexplainedin thetext.

Figure3.1shows a numberof differentpossibilitiesto deviatefrom thelinearprocedure.In

particular, the� vepossibilitieswhichareexaminedin this thesisarethefollowing:

1. Image-by-imagereconstruction:after initial reconstruction,which requiresfeaturesto be

availablein acompletesubsequence,featuretrackingandreconstructionextensioncanbe

donein turn for eachimage.This methodformsthebasisfor someof thefeedbackloops

of item (2), which thensupplyadditionalinformationto featuretracking. It is introduced

in Section3.7.1.

2. Predictionfor featuretrackingandcross-relations:featuretracking,asit is appliedhere,

searchesfor a featurein a subsequentimagein an areaarounda certainstartingpoint.

Usingthereconstructed3-D positionsof featuresaidsin predictingfeaturepositionsmore

reliablyandthusreducesthenumberof lostfeatures(Sections3.2.3and3.7.1).Knowledge

of cameraposesadditionallyhelpsto establishrelationshipsbetweenimagesbeyond the

sequentialrelationshipderivedfrom therecordedsequence(Sections3.4.2and3.7.2).

3. Incrementalglobal geometry: Insteadof building a geometrymodel from the complete

3-D reconstruction,it canbe generatedincrementallyafter the processingof individual

images(Section3.6.3).

4. Feedbackfrom synthesis:the imagessynthesizedfrom a light �eld incorporatenot only

the reconstructed3-D information,but the texture informationof all input images.This

additionalknowledgecanbeusedto improvedepthor scenereconstruction(Section3.7.3).
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PSfragreplacements
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Figure 3.2: The modulesof the LGF3 framework accordingto [Vog05], showing also the additional
Commonmodule.

5. Addingnew images:if a light �eld is to beconstructedfrom severalimagesequences,the

different3-D reconstructionsfor eachsequencehave to bestitchedtogetherconsistently.

Synthesizedimagescanhelphereto identify thecorrectstartingpoint (Section3.7.4).

Obviously, thesemany differentpossibilitiesfor interactionbetweendifferentprocessesre-

quirea commonimplementationframework, integratingall theprocesses.Theframework cre-

atedfor this purposeis called LGF3 (lumigraphfiles, version3), a C++ library which incor-

poratesthe implementationsof both light �eld reconstructionandvisualization[Vog02a]. The

novelty of thesystemis thatit combinesthetwo �elds of computervisionandcomputergraphics

andprovidesacommoninterfacefor low-level algorithmsanddatastructures.

Theframework is structuredinto eightdifferentmodules,whichdependoneachotherasout-

lined in Fig. 3.2.Thebasisof thesystemis formedby theScenemodule,managingthecommon

datastructuresfor storingsceneinformationsuchasimages,cameraparametersand3-D scene

data.It makesuseof low-level algorithmsin theToolsmodule,while theImpex moduleprovides

interfacesfor importing andexporting data. The algorithmsfor reconstructinglight �elds and

visualizingthemareimplementedin theCalib andRendermodules,respectively, andtheConv

modulecontainsroutinesfor convertingdataaccordingto thedifferentneedsof thesemodules.

TheGUI moduleprovidesagraphicaluserinterfacefor userapplications.A detaileddescription

of thesesevenmoduleswasgivenby Vogelgsangin [Vog05]. The last module,Common, was

addedlater to accommodatethe requirementsof the feedbackloopsdescribedabove, namely

accessto all othermodules,apartfrom GUI, in arbitraryorder.
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3.2 FeatureExtraction and Tracking

Estimatingcameraposeandscenegeometryfor asequenceof imagesrequiresknowledgeabout

correspondencesbetweenthe images. In the caseat hand,thesecorrespondencesconsistex-

clusively of point-like featureson thesurfaceof thescenewhoseprojectionsin the imagesare

identi�ed. Establishingpoint correspondencesbasicallyrequirestwo steps,�rst the extraction

of the2-D featuresfrom images,andsecondthetrackingof thefeaturesto otherimagesor their

matchingwith featuresin otherimages.Thus,for eachscenesurfacepoint in considerationits

occurrencesin a numberof imagesare detected. In the following, theseoccurrencesof one

featurewill becalleda feature trail throughtheimagesequence.

Therearetwo approachesto solvingthecorrespondenceproblemwhich areregardedin the

following sections. In caseof relatively slow cameramotion and little imagedisplacement,

the procedureof extracting featuresin one imageand tracking them in the following images

yieldsthebestresults.Themostcommonlyusedapproach,usuallycalledKanade-Lucas-Tomasi

(KLT) tracking,is describedin the following section.If thedisplacementsbetweenimagesare

larger, e.g., if only a setof singlephotographsis given,trackingfeatureswill bemorelikely to

fail. Extractingfeaturesin all imagesandmatchingthemsubsequentlymayperformbetter. An

approachusingSIFT featuresis introducedin Section3.2.2. For both approaches,the variant

workingongray-level imagesf g is presented.

Finally, tracking featuressequentiallythroughan imagesequenceis not the only way to

establisha featuretrail. Deviating from this procedureincreasesthe length of featuretrails

andthereforeoften leadsto improvedsubsequentresults.This non-sequentialtrackingwill be

describedin thelastpartof thisSection.

3.2.1 Kanade-Lucas-TomasiTracking

TheKLT trackerusedfor experimentsin this thesisincorporatesseveralapproachesfrom differ-

entauthors.Thefeaturedetectionalgorithmwasintroducedby TomasiandShi [Tom91, Shi94],

while the tracking algorithm is basedon the work of Lucasand Kanade[Luc81], originally

meantfor imageregistration,with the extensionof Shi andTomasifor af�ne featuretransfor-

mation[Shi94]. Illumination compensationandfeaturedrift preventionwereaddedto feature

trackingby Jin [Jin01] andMatthews [Mat03], andcombinedfor the featuretracker usedhere

in [Zin04]. Finally, a Gaussianresolutionpyramid is commonlyusedto increasethe basinof

convergenceof thetrackingalgorithm.However, this componentwill notbeaddressedin detail.
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Feature detection

In order to reliably track a featureto other images,the selectionof “good” featuresis very

important. Thus,thequestionis, what is a goodfeaturefor tracking?Obviously, singlepixels

arenotagoodchoicesincetheirappearancemaychangedrasticallydueto noiseandillumination

changes,andasinglepixel valuemayappearveryfrequentlyin animage.Therefore,rectangular

windows of the imageareregarded,especiallythosecontaininglarge gradients,i. e., lines and

cornersor texturedareasinsteadof homogeneousones.A singleline in animagewindow suffers

from the so-calledaperture problem(see,e.g., [Tru98]), which meansthat it canbe localized

well in thedirectionof thegradientbut not alongthe line. Hence,the following de�nition of a

goodfeaturerequiresthepresenceof two stronggradientsin thewindow, which correspondto

anedgeor acorner.

For a gray-level imagef g(q; � ) in an imagesequencetaken at a discretetime step� the

gradientvectorateachpixel q = (x; y)T is givenas

g(q; � ) =
�

@f g(q; � )
@x

;
@f g(q; � )

@y

� T

: (3.1)

The gradientis computed,e.g., by a Sobeloperator[Jäh95] appliedfor eachdirection, as it

is donehereaswell. Usually, imagenoiseis reducedby low-pass�ltering the imagewith a

Gaussian�lter beforecomputingthegradient.

Fromthesegradientvectorsa structure matrix G(q; � ) 2 IR2� 2 is computedfor eachpixel

whichencodesthegradientinformationat thisposition:

G(q; � ) =
rX

k= � r

rX

l= � r

g
�

q + (k; l)T ; �
�

� gT
�

q + (k; l)T ; �
�

: (3.2)

The index r denotesthe radiusof the window aroundq, so that a neighborhoodof (2r + 1)2

pixelsis considered.

Onevery usefulpropertyof G is that its largereigenvalue� 1 correspondsto themostdom-

inant gradientdirection in an imagewindow, while � 2 denotesthe magnitudeof the gradient

perpendicularto it. This re�ects the requirementfor a goodfeaturestatedbefore,namelythat

two stronggradientsarepresentin a window if both eigenvaluesareabove a certainthreshold

� th. Thewindow aroundapixel is acceptedaccordinglyif

min(� 1; � 2) > � th : (3.3)
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In practice,a minimumdistancebetweentwo featuresis de�ned to avoid clusteringaround

few very goodfeatures.Fromaninterestmap,which is createdby applyingtheabove criterion

for eachpixel in the image,the strongestrespective featureis storedin a list andthe interest

valuesin a window aroundthis featurearesetto zerobeforethe next featureis selected.The

resultinglist is thenorderedandthe�rst n featurescaneasilybereadout asthebestfeaturesin

this image.

Severalsimilar criteria,especiallyfor cornerdetection,havebeende�ned andsomeof them

arein wide-spreaduse.A selectionof cornerdetectorsis listedin Section1.2.3.

Feature tracking

Thetaskof identifyingcorrespondencesto a featurein subsequentimagesof animagesequence

is calledtracking thefeature.Formally, this canbedescribedby theequation

f g(q; � ) = f g(q + d; � + t) ; (3.4)

meaningthata featureq is foundin asecondimageat time� + t atapositionwhich is displaced

by thevectord.

As for featuredetection,it doesnotmakemuchsenseto regardonly singlepixels,therefore,

a featurewindow aroundq is againtakeninto account.In theidealcase,thedifferencebetween

correspondingfeaturewindows in two imageswould be zero,but in reality, the windows will

differ dueto occlusion,rotationsof thesurface,changesin illumination,or noise.Therefore,the

problemis thatof minimizing thefollowing errormeasure:

� (d) =
rX

k= � r

rX

l= � r

�
f g

�
q + (k; l)T ; �

�
� f g

�
q + (k; l)T + d; � + t

�� 2
: (3.5)

By approximatingtheintensityfunctionby its truncatedTaylor series,

f g (q + d; � + t) � f g (q; � + t) + gT (q; � + t) d ; (3.6)

the derivative with respectto d of (3.5) is computedas follows and set to zero to yield the

minimumof theerrorfunction.

rX

k= � r

rX

l= � r

2
�
f g (q; � ) � f g (q; � + t) � gT (q; � + t) d

�
g (q; � + t) = 0 (3.7)
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Assumingthatthedisplacementd is constantfor everypixel in thewindow, andsubstitutingggT

with thestructurematrixG of equation(3.2),a linearsystemof equationsof theform

Gd =
rX

k= � r

rX

l= � r

�
f g

�
q + (k; l)T ; �

�
� f g

�
q + (k; l)T ; � + t

� �
(3.8)

is createdwhich yields a uniquesolution for d. Of course,sincethe intensity function was

approximatedonly by the linear term of the Taylor series,the solution bq for the tracked point

in the imageat time instance� + t will be inexact. Therefore,theprocedureis iteratedwith bq

asstartingpoint until eitherd is below a certainthresholdor a maximumnumberof iterations

is reached.As d is in generala vectorof real numbers,the pixel valuesfor the sumsin the

equationsaboveareinterpolatedbilinearly. Thus,trackingis performedwith sub-pixel accuracy.

Onedrawbackof this trackingmethodis that its basinof convergenceis usuallyvery small,

in theorderof a few pixels. In orderto increasethebasinof convergence,a Gaussianresolution

hierarchyis usuallyemployed. By low-pass�ltering andsubsamplingthe image,tracking is

performed�rst on lower resolutionsandthenre�ned athigherresolutionlevels.

Af�ne distortion estimation

A majorassumptionfor theabovetranslationaltrackingis thatthedisplacementvectord is equal

for all pixelsin thewindow. However, this is only truefor someveryspecialcases,likewindows

on planarsurfacescombinedwith translationalcameramovementparallel to the surface. For

mostothercases,the imagewindow will get moreandmoredistortedthe longer it is tracked

throughanimagesequence.This distortioncorrespondsto a perspective transformation,but, as

for factorizationin Section2.2, it canbe approximatedby an af�ne transformation.Thus,the

displacementd extendsto anaf�ne motion�eld of theform

da =

 
dxx dxy

dyx dyy

!

q + d = D aq + d : (3.9)

Thecorrespondenceerrorbetweentwo featurewindows is extendedaccordinglyto

� (da) =
rX

k= � r

rX

l= � r

(f g (q0; � ) � f g (q0+ D aq0+ d; � + t))2 ; with q0 = q + (k; l)T : (3.10)

As before,theintensityfunctionis approximatedby a truncatedTaylor seriesasin equation
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(3.6),i. e.,

f g (q + d; � + t) � f g (q; � + t) + ga
T (q; � + t) a ; (3.11)

wherea = (dxx ; dxy ; dyx ; dyy; dx ; dy)T , and ga = (qx gx ; qxgy; qygx ; qygy ; gx ; gy)T . Likewise,

the derivative of equation(3.10) is set to zeroanalogouslyto equation(3.7), andby usingthe

af�ne structurematrixG a = gaga
T a linearequationsystemequivalentto (3.8) is solvedfor the

unknown elementsof a, theaf�ne distortionmatrixD a andthedisplacementvectord.

Notethatfor af�ne distortionestimation,six insteadof two parametershave to beestimated,

so that a larger window aroundthe featurehasto be chosen.Robustnessof the estimationin-

creaseswith additionalequations,andeachpixel in thefeaturewindow addsoneequation.

Illumination compensationand drift prevention

Thenext factorwhichin�uencestheappearanceof afeaturewindow considerablyis illumination

andits changesover time. Therearea numberof sourcesfor illumination changeapartfrom

actualvariationin lighting,suchasshadows,surfacere�ectancechangesdueto differentviewing

angles,or the auto-shuttermechanismof the camera. Theseeffects are modeledby a linear

illumination modelusingtwo parameters� and� , adjustingthe contrastandthe brightnessof

the featurewindow respectively. They areincorporatedinto theaf�ne correspondenceerrorof

equation(3.10)by

� (da) =
rX

k= � r

rX

l= � r

(f g (q0; � ) � (� f g (q0+ D aq0+ d; � + t) + � ))2 : (3.12)

Theminimumof this functionis foundasin thetranslationalandaf�ne casesby linearizing

it with atruncatedTaylorseriesandestablishinga linearsystemof equationsusingits derivative.

Thedetailsof thisprocedureareexplainedin [Jin01].

Takingadvantageof thedifferentstrengthsof thealternativesfor trackingintroducedsofar,

thecommonprocedureis to �rst performa translationaltrackingfrom imagef g
f to f g

f +1 . The

largerconvergenceradiusof translationaltrackingallowstrackingfeaturesfor a longerperiodof

time, but the drawbackis that the appearanceof the featurewindow may changeover time by

erroraccumulation,causingthefeatureto “drift” awayfrom its originalposition.Af�ne tracking

is usedto eithermonitorthesuccessof translationaltrackingby periodicallycomparingtheresult

of anaf�ne trackingfrom the�rst imagef g
0 wherethefeaturewasdetectedto imagef g

f +1 , or by

re�ning theresultof translationaltrackingwith this af�ne trackingfor every image.While the

�rst methodmayonly discardfeaturesthathave drifted, thesecondpreventsdrifting andleads
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to trackingovermoreimages.

3.2.2 EstablishingCorr espondencesUsingSIFT Features

Themainassumptionmadefor featuretrackingis thatchangesbetweentwo images,whichusu-

ally correspondto cameramovement,arerathersmall. The gradientdescenttechnique,which

minimizesfor instancetheerrorfunctionof equation3.12,is only a localprocessandwill there-

fore only detectthenext local minimum,which mayvery well be thewrongfeature.Thus,the

closerthestartingpoint for thissearchis to thecorrectfeaturelocation,thehighertheprobability

that thecorrectfeaturewill betracked. In practice,this basinof convergencewill bearound20

to 30 pixelswide,dependingon theresolutionhierarchyemployed.

In contrastto that, local featuressuchastheSIFT features[Low99, Low04] mayovercome

theproblemposedby largetranslationalmovement.For eachdetectedfeaturea distinctive fea-

turedescriptionvectoris calculated.This allows for thecomparisonof two setsof local feature

vectorsfoundin two imagesandtheidenti�cation of correspondingfeaturesby a distancemea-

surebetweentwo featurevectors.TheSIFTfeatureapproachhasbeenchosenhereasit compares

favorablywith otherlocal descriptorsasshown in [Mik05].

In caseof the SIFT (ScaleInvariantFeatureTransform)feature,a difference-of-Gaussian

approachin scale-spaceis usedto identify featuresin oneimage.Theoriginal imageis �ltered

twice by two differentGaussian�lters, i. e., with � =
p

2 and� = 2. The two result images

aresubtractedfrom eachother, now emphasizingtheimagegradients.Thesecondresultimage

is then subsampledwith a pixel spacingof 1:5, which yields alreadythe �rst �ltered image

at the next resolutionlevel. Using this ef�cient technique,the difference-of-Gaussianimages

are calculatedfor a resolutionpyramid of several levels. Pointsof interestare extractedby

consideringpixels in eachresolutionwith a highergrayvaluethantheir eightneighbors.If the

sameis not truefor thecorrespondingpixelsin thenext higherandlower resolution,thefeature

is discarded.

The scale-spaceapproachprovidesscaleinvariance,but in orderto achieve rotationandil-

lumination invariance,the gradientmagnitudem SIFT and rotation r SIFT for eachpixel in the

resolutionpyramidarecalculatedas

m SIFT(q) =
q

(f g(q + 1x ) � f g(q � 1x ))2 + (f g(q + 1y) � f g(q � 1y))2 ; (3.13)

r SIFT(q) = arctan
f g(q + 1y) � f g(q � 1y)
f g(q + 1x ) � f g(q � 1x )

: (3.14)
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1x and1y denotethevectors(1; 0)T and(0; 1)T , respectively. Thegradientmagnitudeis limited

to anupperbound,0:1 timesthemaximummagnitudeaccordingto [Low99], andfor eachfeature

aprincipalorientationangleis determinedfromalocalwindow. Thisis donebyGauss-weighting

the rotationsof eachpixel in the window, as well as weighting them with their thresholded

magnitude,andaccumulatingthemin a histogramwith 36bins.Thehistogramis smoothedand

thedominantbin is selectedasorientationfor this feature.

The local featuredescriptorsare calculatedlikewise from m SIFT and r SIFT. The gradient

orientationsin a 16 � 16 pixel window aroundeachfeatureat the scalelevel it wasdetected

areweightedasabove. This window is thensubdividedagaininto 4 � 4 subwindows, andan

orientationhistogramwith eight bins is calculatedfor eachsubwindow. The histogramsare

rotatedby theprincipalorientationof the featureto achieve rotationinvariance.Theentriesof

these16 histogramsarethenconcatenatedandnormalizedto form the128-dimensionalfeature

vectorc.

Applied to a sequenceor set of images,the SIFT featuredetectoryields a set of feature

vectorsandtheir coordinatesfor eachimage.For furtherprocessingin 3-D reconstruction,cor-

respondingfeaturesin all imageshave to befoundandcombinedto form againfeaturetrails as

in theprevioussection.In [Grä05]sucha trail is de�ned asasetof featurevectorsCi with

Ci = f c j idx (ck) 6= idx (cl ) ^ d(ck ; cl ) < � SIFTg; k 6= l; i 6= j ) Ci \ Cj = ; : (3.15)

The operatoridx (�) returnsthe imageindex wherethe featurevectorwasdetected,so that ck

andcl aretwo featuresfoundin differentimages.d(�; �) denotestheEuclideandistancebetween

two vectors.� SIFT is a thresholdvaluethatwasfoundempiricallyby consideringtheEuclidean

distanceof different,notcorrespondingfeaturevectorsfoundin oneimage.If a featurevectoris

allocatedto morethanonetrail, thetrails arediscardedasbeingambiguous.Thus,no two trails

mayshareacommonfeature.

Both typesof featuretrails, thoseoriginating from featuretracking and thosefrom SIFT

featuredetection,maybeusedequivalentlyfor thereconstructionmethodsdescribedin thefol-

lowing sections.Dif ferencesin their applicabilityandthequality of reconstructionresultswill

beexaminedin Section5.2.

3.2.3 Non-SequentialTracking

Veryoften,trackingfeaturesoveranimagesequenceis perceivedasstartingfrom thebeginning

of thesequenceand�nishing at its end.However, muchbene�t canbegainedfrom abandoning
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Figure3.3: Non-sequentialtrackingin animagesequence.Left: Sequentialtrackingalongthemovement
pathof thecamera.Camerapositionsaredepictedaspyramidswith thecenterof projectionat thetip of
thepyramid.Right: Meshedcamerapositionsandnon-sequentialtrackingfrom astartingimageoutward.

this notion. Considerthecaseof a cameramoving parallelto a surface.In eachimage,features

will be lost becausethey movedout of thecamera's �eld of view, anda replacementfeatureis

detected.This replacementis not necessarilyfound at the oppositeimageborderto wherethe

previous featurewaslost, but anywherein the image. Thus,its motion pathmay not spanthe

whole width of the camera's �eld of view, but only a certainpart of it, i. e., from its point of

�rst detectionto the imageborder. However, if the movie wereplayedbackwards,the feature

would be tracked to the oppositeimageborder. Therefore,by processingthe imagesequence

in reverseorderin a secondpassandpicking up all featuresat their initial frames,thelengthof

their trails canbeincreasedconsiderably. This techniquewill becalledbilinear tracking andis

usedwhenever featuresaretrackedthroughthewholesequencebeforeany furtherprocessing.

If additionalinformationis availableon the neighborhoodrelationshipof the cameraposi-

tionsin animagesequence,it canbeexploitedsimilarly to generatelongerfeaturetrails. For the

exampleof thecameramovementin theleft sketchof Figure3.3,ameshonthecamerapositions

maybeavailableasshown in theright handside.Thismeshinformationmaybeavailablein ad-

vanceif thecameraperformedacontrolledmovement,or maybegeneratedaswill bedescribed

lateron in Section3.4.2.Trackingcannow beperformednotonly to thesucceedingandpreced-

ing image,but to all neighboringimagesasshown in theright handsketch. This decreasesthe

lengthof thepathto the farthestcamerapositionandthusthe likelihoodof losing the features,

aswell astheamountof accumulatederrors.

Trackingthroughsucha viewpoint meshcanbe donein numerousways,but the following

schemeis employed here. Startingat an arbitrary image,N init featuresare selected. These

aretracked to all neighboringviews andthenoutward iteratively to the next distantviews, but

without replacinglost features. Tracking from oneview onward is stoppedif lessthanN min

featureshavebeentrackedto it. If no morefeaturescanbetracked,theimagef with thelowest

numberof visible features,N f , is selectedasthenew startingframeandtrackingis initialized
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with N init � N f features.This is repeateduntil at least� N init featureshavebeentrackedin each

image,where� is a ratio betweenzeroandone. This trackingschemewill bedenotedasmesh

tracking.

3.3 Automatic Selectionof Factorization Methods

In Section2.2 theprinciplesof severaldifferentfactorizationmethodsweredescribed.Eachof

thesemethodshasits bene�tsanddisadvantagesregardingrobustnessandaccuracy. Therefore,

thedecisionwhichmethodis thebestmayvarybetweendifferentdatasets,andusually, it cannot

bedeterminedbeforehand.

This sectiondealswith the problemof automaticallyselectinga suitableor even the best

factorizationmethodin eachapplicationcase.However, therearedifferentpossibilitiesfor im-

proving theresultsof eachmethodbeforeaselectionis performed,a topic thatwill alsobedealt

with in thefollowing. Finally, selectingthebestfactorizationmethodrequiresquality measures

whichallow theselectionin the�rst place.Besidestheback-projectionerror, thepeaksignal-to-

noiseratio basedon a reconstructedlight �eld will beintroduced.

3.3.1 Robust Estimation Using Outlier Detection

In the following, a methodfor increasingthe robustnessandaccuracy of 3-D reconstruction,

LeastMedianof Squares(LMedS),is introduced.Beingarobustestimationtechniquesimilar to

RandomSampleConsensus(RANSAC) [Fis81], it is usedfor outlier detectionandis appliedin

differentaspectsto reconstruction.

LeastMedian of Squares(LMedS)

Givena noisysetof datawith a numberof outliers,suchaspoint featurestracked in an image

sequence,LeastMedianof Squaresis usedto identify theseoutliersfor a givenestimationtask,

suchastheestimationof thefundamentalmatrix from eightpoint correspondences.Thus,if for

eachpoint anerrorvaluecanbecomputed,LMedSminimizesthemedianof squarederrorsfor

thewholesetof points. Givena setQ of N pointsqn , thealgorithmis outlinedasfollows for

theexampleof robustfundamentalmatrixestimation:

1. Draw M setsQm of p pointsfrom Q, wherep is theminimumnumberof pointsrequired

for estimation.In caseof thefundamentalmatrix,anestimateis possibleusingonly seven

pointcorrespondences(see[Har03] for algorithmdetails).However, thisyieldsupto three
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solutionswhich have to bedisambiguated.Instead,thelinear8-point-algorithmis applied

whichalwaysyieldsauniquesolution,sothatp = 8.

2. For eachset Qm computethe fundamentalmatrix F m . Then, apply eachfundamental

matrix to eachpoint in thecompletesetQ accordingto equation(2.21),which yieldsthe

error rn (Qm ) = q0
n

T F mqn . Finally, computethe medianof the squarederrors,Rm =

median
n=1 :::N

(r 2
n (Qm )) .

3. Selectthesetwith thesmallestmedianerror, Rmin , to computeoutliersin Q. An outlier is

givenif theerrorof apointwith respectto Qmin , rn (Qmin ), is largerthan2:5b� , where

b� = 1:4826(1+ p=(N � p))
p

rn(Qmin ) : (3.16)

4. Computethefundamentalmatrixagainusingall remaininginliers.

For thisalgorithm,only oneparameterremainsto beselectedby theuser, i. e.,thenumberof

randomsetsM to bedrawn from Q. For thealgorithmto producethedesiredresult,at leastone

of therandomsetshasto consistonly of inliers. In orderto determineM , theusersuppliesan

estimateof thenumberof outliersin thepoint set,� , andthedesiredprobabilityP thatat least

onesubsetconsistsentirelyof inliers. Usingthesevalues,M computesas

M =
log(1 � P)

log(1 � (1 � � )p)
: (3.17)

For furtherinformationabouttheLMedSalgorithm,see[Rou87]for amoretheoreticde�ni-

tion, and[Zha95] for a comprehensivedescriptionof its applicationto conic�tting.

Application in factorization

For the factorizationmethodsof Section2.2, especiallyfor perspective factorization,thereare

two waysin which robustoutlier detectionis appliedhere.The�rst one,theapplicationto fun-

damentalmatrix estimation,is only usedin perspective factorization.It wasalreadydescribed

aboveandis usedfor estimatingtheprojectivedepthsof eachfeaturepointwith increasedaccu-

racy.

Thesecondapplicationof outlier detectionis to theprocessof factorizingthemeasurement

matrixW itself. This is possiblefor bothaf�ne andperspective factorization.In theaf�ne case,

the minimum numberof pointsto performthe factorizationis p = 3, for the perspective case

it is p = 4. The decompositionof eachmeasurementsubmatrixW m resultsin estimatesb	 m
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and b� m for theprojectionmatricesand3-D point positions.In orderto getanestimationof the

point positionsfor thewholedataset,thecompletemeasurementmatrix is multiplied with the

pseudo-inverseof theestimatedmotion,i. e.,

b� (m) = b	 +
m W : (3.18)

From this, a distancematrix � m is computedwhich holds the distancesbetweenthe back-

projected3-D points, b� (m) , andthemeasurementsW :

� m = W � b	 m
b� (m) : (3.19)

Theaverageback-projectionerroris now computedfrom thecolumnsof � m for each3-D point,

andoutlierdetectionproceedsasabove for thefundamentalmatrix.

Note, however, that applicationof LMedS to af�ne factorizationmethodsis often not sen-

sible. The error inducedby the approximatedprojectionmodel increasesthe farthera feature

is away from the optical center(weak-perspective) or the projectionof the centerof massof

thecorresponding3-D points(paraperspective). Thus,LMedStendsto discardfeaturescloseto

the imageborderandto favor thosewhich arecloseto the centerof the image. This problem

of perspective distortionsdoesnot occurfor theperspective factorizationmethodof Sturmand

Triggs.

3.3.2 Quality Measures

Theautomaticselectionof afactorizationmethodis basedontwo differentqualitycriteria,back-

projectionerror andpeaksignal-to-noiseratio. The two measuresoffer differentbene�ts and

drawbacks,sothatacombinationof themis advantageous.

Back-projection error

The back-projectionerror wasalreadyintroducedin Section2.3.3for bundleadjustment.For

eachfeaturein eachimage,it denotesthedifferencebetweentheprojectionof thecorresponding,

estimated3-D point into the image,andthefeatureitself. Usingtheresidualvectorof equation

(2.61)for all featuresusedduringfactorization,theaverageback-projectionerroris computedas

� bp =
1

F N

p
� B

T � B : (3.20)
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As is alreadyknown from Section2.2, theresultof any factorizationmethodis uniqueonly

up to an unknown transformationQ or Q p, respectively. However, the selectionof this trans-

formationhasno effect at all on theback-projectionerror. Nevertheless,whethertheupdateto

a metric reconstruction,i. e., self-calibrationin the perspective case,is successfulor not hasa

hugeimpactonthequalityof imagesrenderedfrom theresultinglight �eld lateron. Renderinga

light �eld requiresmetricreconstruction.Therefore,thesecondquality measureis de�ned with

respectto thequalityof renderedimages.

Peaksignal-to-noiseratio

In orderto measurethe quality of a reconstructionresult,groundtruth datais alwaysthe best

standardto comparewith. Thus,if thequality of an imagerenderedfrom a light �eld with the

virtual cameraat a certainpositionis to bemeasuredobjectively, it shouldbecomparedwith a

realimagewhichwasactuallyrecordedwith thecameraat thisveryposition.Thiscon�guration

can be achieved by renderingfor eachimagef f in the original sequencethe corresponding

imageusingthe calculatedcameraparametersP f . The original imagein questionis not used

for renderingsothattherenderedimage bf f is only composedfrom contributionsof neighboring

images.Theaveragesquaredpixel differenceof originalandrenderedimageis computedby

d2
f =

1
3M

MX

j =1

�
jf r

f (j ) � bf r
f (j )j2 + jf e

f (j ) � bf e
f (j )j2 + jf b

f (j ) � bf b
f (j )j2

�
; (3.21)

whereM is thenumberof pixels in eachimage,andf r
f , f e

f andf b
f arethered,greenandblue

channelsof thecolor imagef f , respectively.

Thissquareddifferencevalued2
f representsthenoiseon therenderedimagecomparedto the

original image.Thesignalis givenby theaveragesquaredpixel valuein theoriginal image,f 2
f ,

andthusthesignal-to-noiseratio (SNR)for oneimageis de�ned as

SNR= 10log10(f
2
f =d2

f ) [dB]: (3.22)

Theonefaultof thisde�nition is thattheresultingvaluedependson theoverallbrightnessof

the image.Thus,a dark imagewith thesamelevel of noisewill have a muchlower SNRvalue

asa bright one.Therefore,thepeaksignal-to-noiseratio (PSNR)will beusedin thefollowing,

which is de�ned as

PSNR= 10log10(f
2
max=d2

f ) [dB] (3.23)
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andallows the comparisonof methodsacrossimagesfrom differentdatasets. The valuef max

denotesthemaximumpossiblepixel value,for onecolor channelin caseof color images.For

a color imagewith eight bits per channel,this would be 255. PSNRis also widely usedfor

measuringquality in imagecompression[Kou95].

Apart from the automaticselectionof factorizationmethodsin this section,the PSNRwill

alsobeusedin Section3.6for optimizingdepthmapsandglobalproxies,andgenerallyin Chap-

ter 5 for evaluatingexperimentalresults. In the literature,the useof the meanabsolutepixel

differencebetweenrenderedandoriginal imagewas�rst mentionedin [ES03a], theuseof SNR

andPSNRfor this purposewereformally introducedin [Nie05] and[Vog06], respectively. In

[Fec06], PSNRis usedto measuretheeffectsof depthmapcompressionon light �eld rendering

quality.

3.3.3 Alter nativeProcessingChains

Basically, thegoalof theprocedureintroducedin thissectionis to selectthebestof thefactoriza-

tion methodsdescribedin Section2.2 for a giveninitial imagesequence.In practice,not all of

thesefactorizationmethodsneedto beconsidered,sinceorthographicfactorizationis generally

inferior to all othermethodsdueto its verysimpli�ed projectionmodel—unlessanorthographic

camerais actuallyused,which is the casehere. Additionally, paraperspective factorizationis

usuallymoreaccuratethantheweak-perspectiveone,sothatthelatteris not consideredeither.

Ontheotherhand,theaccuracy of cameracalibrationand3-D reconstructionalsodependson

subsequentprocessingsteps,like outlier detectionasdescribedabove,or self-calibrationasde-

scribedin Section2.3.Therefore,theselectionalgorithmwill considerfour differentprocessing

chains,outlinedin Figure3.4,whichwill bedescribedin thefollowing.

Paraperspective factorization

As shown in Section2.2.2,a paraperspective factorizationmethodis �rst appliedto thefeatures

foundin theinitial imagesubsequence.This methoddoesnot includeanestimationof intrinsic

cameraparameters.Focal length,principalpoint andimageskew have to becalibratedbefore-

handor elseroughly estimatedor de�ned arbitrarily. As paraperspective factorizationyields a

rotationmatrix anda translationvectorfor eachcamera,thesecanbe combinedwith the esti-

matedcalibrationmatrix to form metricprojectionmatricesasin equation(2.11).

Due to thesimpli�ed projectionmodel,this metric reconstructionwill beskewedneverthe-

less. Therefore,a factorizationis followedby a non-linearoptimizationstepsimilar to bundle
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PSfragreplacements
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Figure3.4: Alternative processingchainsfor selectingthemostsuitableinitial reconstruction

adjustmentof Section2.3.3.Theresidualvectorof equation(2.61)is minimizedalternatinglyfor

thecameraparametersin bP f andthe3-D pointcoordinatesin bp
n
. In thiscase,however, only the

six cameraparametersfor rotationandtranslationareoptimized. At this point, LMedS outlier

detectionmay be appliedto eitherexcludesingle2-D featuresof a trail, or the complete3-D

point. Back-projectionerror is usedaserrormeasurein bothcases.Thesameprocessof non-

linearoptimizationis alsousedfor thesubsequentextensionto therestof the imagesequence.

Therefore,it will betreatedin moredetail in Section3.4.1.

Iterati ve factorization

The secondprocessingchain using the iterative factorizationmethodby Christy and Horaud

(Section2.2.3) is similar to the previous one. Likewise, the intrinsic cameraparametersare
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not estimatedby the factorizationmethodandhave to be calibratedor estimatedbeforehand.

Likewise, the factorizationis followed by a non-linearoptimizationstep. However, iterative

factorizationis usuallymoreaccuratethantheparaperspectiveoneasit triesto approximatethe

perspectivesolution.

Perspective factorization with self-calibration usingan af�ne solution

The remainingtwo processingchainsboth implementthe perspective factorizationmethodby

SturmandTriggs,but differ in thesubsequentself-calibrationstepwhich is requiredto �nd the

projective updatematrix D . In the �rst case,D is determinedusing the af�ne solutionof a

precedingparaperspective factorization,thusextendingthe�rst processingchain.

This self-calibrationusinganaf�ne solutionwasintroducedin [Hei04]. Af�ne andperspec-

tive factorizationyield thesame3-D point clouds,althoughthelatteris skewedby D , while the

formeralreadyresidesin a metricframework. If a 3-D pointof theaf�ne solutionis denotedby

bp
n
, andthecorrespondingoneof theskewedsolutionby bp0

n
, thefollowing equationresults:
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0

B
B
B
B
@

bp0
n1

bp0
n2

bp0
n3

1

1

C
C
C
C
A

=

0

B
B
B
B
@

d11 d12 d13 d14

d21 d22 d23 d24

d31 d32 d33 d34

d41 d42 d43 d44

1

C
C
C
C
A

| {z }
D

0

B
B
B
B
@

bpn1

bpn2

bpn3

1

1

C
C
C
C
A

: (3.24)

Theprojectivescalefactor� n is readilycomputedfrom thelastrow of this equationsystem.In

orderto computeD , its entriesareconcatenatedin onecolumnvectoranda linear systemof

equationsof size3N � 16is formedby all N 3-D pointpairs.

After applying the projective transformationD , a non-linearoptimizationof the result is

performedonceagain. This type of self-calibrationhasthe advantageof increasedstability

comparedto the self-calibrationmethodof the fourth processingchain. However, it inherits

someof theinaccuracy of theunderlyingparaperspective factorizationresult.

Perspective factorization with self-calibration using the absolutequadric

For thelastalternativeprocessingchainno precedingaf�ne factorizationis requiredasopposed

to thepreviousone.Self-calibrationof theperspective factorizationresultis doneusingtheab-

solutequadricasdescribedin Section2.3.2.This is againfollowedby anon-linearoptimization

of theextrinsicand,if desired,intrinsic cameraparametersand3-D points.
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Dueto theexclusive useof theaccurate,perspective projectionmodelthis processingchain

potentiallyyields thebestreconstructionresults,but is alsomostvulnerableto noisypoint fea-

tures. However, this drawback can be alleviated partly by using robust outlier detectionfor

fundamentalmatrix computationandfactorization.

3.3.4 Automatic Selection

Theautomaticselectionalgorithmis implementedfairly straightforward. A 3-D reconstruction

is performedusingeachof the four alternative processingchains,andthe resultsareevaluated

usingback-projectionerrorandPSNR.For thelatter, depthinformationis requiredwhich is usu-

ally computedusinglocal or globalproxies(cf. Section3.6) for their ef�ciency in computation

andrendering.Theprimaryselectioncriterionis thePSNR.However, asit will beshown exper-

imentally in Section5.1, thePSNRdoesnot representa monotonousfunction,but is subjectto

minorvariabilities.Therefore,from thosealternativeswhich lie within 1 dB of thebestprocess-

ing chainregardingPSNR,theonewith thelowestback-projectionerroris �nally selected.

As is apparentfrom Figure3.4, the differentmethodscontainsomeredundantprocessing

steps,which canbeexploitedin orderto speedup selection.Thus,paraperspective factorization

is partof the�rst aswell asthethird processingchain,while theresultsof perspective factoriza-

tion canbeusedfor bothof thelasttwo processingchains.

Oneproblemconcerningoutlierdetectionhasto bementionedaswell. Thepurposeof outlier

detectionis to removeunsuitablepointsfrom thesetof pointsusedfor reconstruction.While this

automaticallydecreasesthe back-projectionerror—sincethis is the error measureapplied—it

doesnot necessarilyleadto an increaseof PSNRif local or globalproxiesareusedfor visual-

ization. Theseresultingtrianglemeshesarebuilt from thepoint setusedfor reconstruction,and

will likewisecontainfewer nodesandtrianglesafteroutlier removal. However, a moresparsely

sampledmeshmaygeneratenew artifactsin rendering,andthusincreasePSNR.

3.4 Extensionto Long ImageSequences

Sofar, usingthemethodsdescribedin theprevioussections,only asubsequenceof thewholeim-

agesequencehasbeenreconstructed,namelytheonechosenfor theinitial factorizationmethod.

This subsequencemay be locatedat the beginning of the sequence,or somewherein the mid-

dle wherea largenumberof stablefeatureswasfound. Thefollowing sectiondescribeshow to

continuethe reconstructionfrom this point, usinga non-linearoptimizationschemesimilar to
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Figure3.5: Extensionof the reconstructionfrom an initial subsequenceto the restof the images. The
darktrianglesdenotecamerapositionswhichhavealreadybeenreconstructed,thelight onesyetunknown
camerapositionsin theimagesequence.

bundleadjustment.Alternatively, the processcanbe regardedratherasbeingappliedto a se-

lectionof imagesthananimagesequence,wherea mesh-like relationshipis givenbetweenthe

imagesinsteadof a linearone.Thiswill beconsideredin thesecondpartof this section.

3.4.1 Extensionby Non-Linear Optimization

Theextensionschemedescribedherewasintroducedin [Hei04], therefore,only its basicprinci-

pleswill bedetailedhere.Themainideais thatthe3-D pointsreconstructedin thepreviousstep

form a kind of calibrationpatternfor theyet uncalibratedimages.They representknown world

coordinatesfor thecorrespondingprojectionsinto thenext imageto becalibrated,in thosecases

wherethesefeaturesweretrackedsuccessfully. Thereconstructionprocessthereforeconsistsof

thefollowing iterativesteps:

1. Usetriangulationto determinethe3-D coordinatesof all featureswhich arevisible in at

leastN t imagesof theknown subsequence.

2. Selectthenext camerapositiontobereconstructed,alternatinglybeforeor afterthealready

known subsequence.

3. Determinetheparametersof thenext cameraby minimizing theback-projectionerrorof

theknown pointsvisible in this image,asillustratedin Figure3.5.

4. Repeatsteps1 to 3 until all camerashavebeencalibrated.
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Triangulation. GiventheprojectionmatricesP t alreadyknown from the initial factorization

or later iterationsof the algorithm, with p ti ; 1 � i � 3, being their threerow vectors,two

equationsof theform

qt;i � (pt3p) � pti p = 0; i = 1; 2 (3.25)

areformulatedfor eachpoint projectionqt of the3-D point p to be triangulated(see[Hei04]).

qt;i aretheelementsof qt . Theresultingsystemof linearequationsin theelementsof p is solved

usingSVD, yielding thebestsolutionin theleast-squaressense.However, thesolutionis further

re�ned by asubsequentnon-linearoptimizationof theback-projectionerror, asthisconstitutesa

moregeometricallymeaningfulmeasure.

Camera parameter estimation. Determiningthe parametersof the next cameraposition in

step3 is similar to thecameraparameterestimationstepof bundleadjustmentin Section2.3.3.

Likewise, the residualerror of equation(2.61) is minimizedby adjustingsomeor all extrinsic

andintrinsic parameters.This estimationis alternatedwith anadditionalre�nementof the3-D

pointsvisible in thecurrentcamerain orderto incorporatethenew informationnow available.

A simplemeansto discardbadfeaturesis to seta thresholdon themaximumallowedback-

projectionerror for each3-D point. After addingeachnew camera,points which have been

discardedbeforecanberecheckedandaccepted,whichmaybethecaseif only a few featuresof

a longtrail areerroneous.However, insteadof thisharddecisionrobustestimationusingLMedS

canbeappliedhereagain.Two possiblewaysto do this is to eitherlook for outliersin the3-D

pointsusedfor cameraparameterestimation,or for erroneous2-D featuresduringtriangulation

andits re�nement. For parameterestimation,theminimumnumberof projectionsrequiredde-

pendson the numberof parametersto be estimated,i. e., threeif only theextrinsic parameters

areoptimized,andsix if all 11 parametersareestimated.For triangulation,two projectionsof

the3-D point form a minimal set. In eachcase,outlier detectionis doneasdescribedin Section

3.3.1.In Section3.5,two additionalapproachesto increaserobustnessagainstoutliersandimage

noisewill beintroduced.

3.4.2 Non-SequentialReconstruction

Up to this point, it wasassumedthat nothingmoreis known aboutthe relationshipof camera

positionsto eachotherthantheir orderin the imagesequence.Thus,like for featuretracking,

only sequentialreconstructionfrom theinitial subsequenceforwardor backwardswaspossible.
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However, sincethecameraposesareavailableaftera�rst reconstruction,it is possibletogenerate

neighborhoodrelationshipsin form of acamerameshfrom this information.Thisprocedureand

its utilization for subsequentreconstructionaredescribedin thefollowing.

Generating the cameramesh. Thecamerameshis calculatedexclusively from theprojection

matricesP f of all reconstructedcameraposesf = 0; : : : ; F � 1. First, theaveragedistance� t

andangle� betweentwo consecutivecameraposesis calculated:

� t =
1

F � 1

F � 2X

i =0

kt i +1 � t i k ; (3.26)

� =
1

F � 1

F � 2X

i =0

arccos
�
r i; 3

T r i +1 ;3
�

; (3.27)

wheret i is thetranslationvectorof camerai andr i; 3 denotesthethird columnvectorof rotation

matrixR i , theviewing directionof thecamera.

Next, eachpair of cameraposesk, l , k 6= l is testedregardingfour different conditions

in order to be acceptedasan edgein the cameramesh. The �rst two arethat the distanceof

their projectioncentersis lower thana user-de�ned multiple of theaverage,i. e., � t;k ;l < � t � t ,

andthat their viewing directiondifferenceis not larger thana multiple of theaveragebetween

two consecutiveframes,� k;l < � � � . Bothconditionstogetherensurethatthetwo corresponding

imagesshow approximatelythesamepartof thescene.Thethird conditionis thatthetwo images

have a certaindistancein theconsecutive imagesequence,jk � l j � � i , � i 2 N. This reduces

the numberof edges,eliminatingcamerapairswhich areconnectedvia a shortpathalongthe

sequence,wherethe probability of featuresreappearingis low. Additionally or alternatively,

the fourth conditioncanbeappliedwhich statesthat theangle
 k;l betweenthecurrentcamera

motiondirectionandthevectorbetweenthe two positionshasto beabove a threshold
 min , as

illustratedin Figure3.6. Thethusselectededgesform thecamerameshwhich will beusedfor

meshtracking(Section3.2.3)andnon-sequentialreconstruction.

Non-SequentialReconstruction. Reconstructinganimagesequenceif acamerameshis given

doesnotdiffer substantiallyfrom thesequentialcase.Thetwo stepsof triangulationandcamera

parameterestimationare appliedin the sameway asdescribedin the previous section. Step

two of the algorithm,selectingthe next camerapositionto be reconstructed,hasto be altered,

just like theselectionof the initial imagesubsequence—orsubset—to bereconstructedusinga

factorizationmethod. The initial subsetis chosenasthe subgraphof the camerameshwhere
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Figure3.6: By consideringtheangle
 betweenthecurrentmotiondirectionof thecameraandthevector
to the potentialneighbor, redundantedgesin thecamerameshalongthemotion pathof the cameraare
avoided.

themostfeaturetrailsarevisiblecompletely. Startingfrom thissubmesh,thesubsequentcamera

positionstobecalibratedarechosenasin Section3.2.3,byprocessingthemin orderof increasing

distanceto the initial submesh.Any additionaloptionsandprocessingsteps,asdescribedfor

sequentialreconstruction,applyhereaswell.

3.5 Robust and Probabilistic Modeling

The major limiting factor for 3-D reconstructionor, generally, for computervision, is image

quality and thus inaccuratelocalizationof imagefeatures. Apart from the inevitable sensor

noise,trackedfeaturesmaybemislocated,capturedby similar features,or drift alongedges.In

Section3.3.1,theLMedSoutlierdetectionmethodwasintroducedwhich is ableto identify such

erroneousfeaturesandto removethemsubsequently. A simpler, straightforwardapproachis the

applicationof a thresholdon theback-projectionerrorof a feature. It wasdescribedbrie�y in

Section3.4.1.

In the following, two additionalapproachesareintroducedwhich aredesignedto consider

featurequality alreadyduring the processof parameterestimation. For the �rst one,a priori

knowledgefrom featuretrackingis appliedin orderto weightfeaturesaccordingto theirquality.

Thesecondapproachmakesuseof so-calledrobuststatistics, applyingdifferentestimatorsthan

thecommonleast-squaresestimatorsothatthein�uenceof outliersonthe�nal resultis reduced.
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3.5.1 WeightedParameter Estimation

In order to estimatecameraparametersand3-D point positionsin Section3.4, aswell as for

bundleadjustmentdescribedin Section2.3.3,a non-linearminimizationis appliedon theback-

projectionerror � B of point features(cf. equation(2.61)). This residualvectorcombinesthe

Euclideandistancesbetweenmeasuredandestimatedfeaturelocations,andthe residualwhich

is �nally minimizedis thesumof squareddifferences� SSD = � B
T � B.

However, if thereliability of measuredfeaturelocationsis known, it canbeincorporatedinto

theresidualusingits covariancematrix � B, aspointedout in [Har93,Sze97]. Theexpressionto

beminimizedcorrespondsto thesquaredMahalanobisdistance

� ML = � B
T � B

� 1� B ; (3.28)

which leadsto a maximumlikelihood(ML) estimationof theparameters.If for eachfeaturen

in imagef a 2 � 2 covariancematrix � B;f n is given, the combinedcovariance� B hasblock-

diagonalstructure.If theerrordistributionis assumedisotropic,thecovarianceof eachfeatureis

� B;f n = � 2
B;f n I 2� 2 and� B is diagonal.Undertheassumptionthatall featureerrorsareequally

distributed,� B;f n = � 2
BI 2� 2, equation(3.28)revertsto the(scaled)Euclideandistanceusedin

bundleadjustment.In all cases,theerrorsareassumedto benormallydistributed.

Feature Weights

UsingtheMahalanobisdistanceto estimatethereconstructionparametersrequiressomeapriori

knowledgeaboutfeaturequality. Without any further knowledgeaboutscenegeometry, this

information needsto be derived from imagecontent,which leadsto the criteria usedduring

featuretracking.Fromthis information,threedifferentweightsarederived:

� Smaller eigenvalue of structure matrix. For featuredetection,the smallereigenvalue

of the structurematrix G of equation(3.2) is usedasquality criterion. Here, it actsas

indicatorfor thereliability of thewholefeaturetrail, yielding

� � 1
�;f n = min(� 1;n ; � 2;n )I 2� 2 = w�;n I 2� 2 : (3.29)

� Intensity difference. The criterion for decidingwhethera featurecan be tracked any

further is the intensitydifference� (da) betweenthe featurewindows in the original and

thecurrentimage,calculatedusingequation(3.12). This weight for thecurrentfeatureis
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Figure3.7: (a) Theeigenvalues� 1 and� 2 of � G representtheuncertaintyperpendicular(� 1) andalong
(� 2) the mostprominentedgein the featurewindow. (b) A selectionof featuresin a real image. Fea-
tureson cornersof thepatternshow low uncertainty, andhigh uncertaintyon edges(apertureproblem).
Eigenvaluesarescaledfor visualization.

thereforecalculatedas

� � 1
d ;f n =

w�;n

� f n (da)
I 2� 2 : (3.30)

Sincefor theoriginal imagethedifferenceis 0 by construction,theeigenvalueweightw�;n

from above is usedto discerndifferentfeaturetrails. Thefeaturepoint in baseimagef 0 is

weightedwith � � 1
d ;f 0n = aw�;n , wherea is anarbitraryweightfactor.

� Structure matrix. As Kanazawa points out in [Kan01b], the (normalized)covariance

matrix is equivalentto theinverseof thesecondderivativeof asmallneighborhoodaround

thefeaturepoint. Thesecondderivativecorrespondsto theinverseof thestructurematrix

G computedin equation(3.2). A detailedjusti�cation is given in [Kan01b]. This third

featureweight,givenas

� � 1
G ;f n = G(qf n ; � f ) ; (3.31)

not only representsa scalarquality value as the precedingtwo, but encodesreliability

alongandperpendicularto the strongestedgein the featurewindow via its eigenvectors

and-values.This propertyis outlinedin Figure3.7(a),while Figure3.7(b)shows a real-

world example.

In [Kan01b], weightingusing the structurematrix � G is appliedto the estimationof ho-

mographiesand fundamentalmatrices. As a conclusion,the authorsstatethat only minimal
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improvementis achieved if featuredetectionis alreadybasedon this criterion. Nevertheless,

its performancewill becomparedto thresholding,outlier detection,scalarweights� � and� d ,

andthefollowing robustestimatorswith regardto thereconstructionof long imagesequencesin

Section5.2.

3.5.2 Robust Estimators

Themethodof minimizing thesumof squareddifferences(SSD)of anerrorvectorin orderto

estimatetheparametersof anon-linearequation,which is usedin many instancesduring3-D re-

construction,hasonedistinctdisadvantage.It assumesanormaldistributionof measurements,as

is thecaseif only Gaussiannoiseis present.However, if outliersoccur, suchasmismatchedpoint

correspondences,their squarederrorhasa disproportionatein�uence on thesolution.LMedSis

ableto identify anddiscardsuchoutliersevenif they constituteup to 50 percentof thedata.Its

drawbackis thecomputationalcostof repeatedlyevaluatingrandomsamplesandthe,albeitlow,

probabilityof missingoutliers.

An alternativeapproachfor handlingoutliersis robuststatistics[Ham86]. Here,thequadratic

error norm, � T � , is replacedby differentnorms,
P N

n=1 � (� n ), calledM-estimators, which limit

the in�uence of badpoint correspondences.The two mostwell-known of theseestimatorsare

truncatedquadratic,

� tq(x) =

(
x2 if jxj <

p
k

k otherwise
; (3.32)

andHuber'sminimax,

� H(x) =

(
x2=2k + k=2 if jxj � k

jxj otherwise
; (3.33)

which areboth quadraticbelow a certainthresholdandreducethe weight of x above. A third

functionconsideredhereis thelogarithmicLorentzianestimator

� L(x) = log
�

1 +
1
2

� x
k

� 2
�

: (3.34)

The threeestimatorsare plotted in Figure3.8 in comparisonto the quadraticnorm. A more

comprehensiveselectionof robustestimatorscanbefoundin [Bla96].

Robust estimatorsmay be appliedanyplacewherethe back-projectionerror is minimized
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Figure 3.8: (a) Truncatedquadraticand Huber's minimax with k = 2 in comparisonto leastsquares
estimator, (b) Lorentzianestimatorwith k = 0:5.

in order to estimatesceneor cameraparameters.More precisely, this is the caseduring non-

linearoptimizationof factorizationresults(cf. Section3.3.3),extensionto long imagesequences

(Section3.4.1),i. e.,cameraparameterestimationaswell astriangulation,andbundleadjustment

(Section2.3.3). Aanæset al. [Aan02] proposeda factorizationmethodbasedon Christy and

Horaud's iterative approachwhich allotsa weight to eachfeatureaccordingto oneof theabove

robust estimators.However, this approachis not discussedfurther here,as robust non-linear

optimizationof factorizationresultshasasimilareffect.

3.6 SceneGeometryReconstruction

As alreadydescribedin Section1.2.1,renderinga light �eld requiresdepthinformationin ad-

dition to thecameraparameters,unlessthescenewassampleddenselyasit is donein [Lev96].

Otherwise,ghostingartifactsmay occur if the real depthdiffers too much from the assumed

one(cf. Figure1.5,page7). The requiredsamplingdensityfor preventingaliasingor ghosting

artifactswasanalyzedby [Cha00]. For a sparsesamplingwhenusinga hand-heldcameraaddi-

tional depthinformationis indispensable.It canbesuppliedeitherasdensedepthmapsor asa

geometricproxy. Thecomputationof thesealternativeswill beintroducedin thefollowing.
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(a) (b) (c) (d)

Figure3.9: Differentdepthrepresentationsof image(a): (b) interpolatedfrom 3-D points,(c) variational
approachand(d) a localproxy

3.6.1 Depth Maps

Computingadensedepthmapfor eachof theinput imagesusingthe3-D pointsobtainedduring

sceneandmotion reconstructionis straightforward. The 2-D featuresq f n in an imagef with

known 3-D positionpn yield asparsedepthmap,wherethedepthis calculatedas

zf n = (pn � t f )T r 3;f : (3.35)

t f denotesthecameratranslationvectorof this image,r 3;f thethird columnof therespectivero-

tationmatrix,which is theviewing directionof thecamera.For everypixel in theimage,adepth

valueis thencalculatedby determiningthethreeclosestpointsandaveragingthecorresponding

depthvalues,weightedby thepixel'sdistanceto eachpoint. Theresultof suchasimpleandfast

depthmapcomputationis shown in Figure3.9(b) for the input imageof Figure3.9(a). It can

beseenthattheresultingdepthmapis quitedetailedin structuredareasof theimage,while it is

coarsein ratherhomogeneousareas,whereno featuresweredetectedandreconstructed,like in

thebackgroundof theimage.

The computationof a depthor disparitymapfrom stereoimageshasbeeninvestigatedin

numerouspublicationsandmay leadto betterresultsthanthemethodabove, althoughoftenat

a highercomputationalcost. As anexamplewe will usedepthmapsgeneratedby a variational

approachby [Alv02] asseenin Figure3.9(c),which includesa linear scale-spaceapproachas

mentionedin [Wei99]. It makes useof the fundamentalmatrix F ij for disparity estimation

betweentwo imageswith cameraprojectionmatricesP i andP j which is readilyavailablefrom

the precedingcameraparameterreconstruction.If P i (andsimilarly P j ) is decomposedinto
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P i = (X i jx i ), with X i 2 IR3� 3 andx i 2 IR3, F ij is computedas

F ij = [x j � X j X � 1
i x i ]� (X j X � 1

i ) : (3.36)

[a]� denotestheantisymmetricmatrixperforminganouterleft multiplicationby a:

[a]� =

0

B
@

0 � a3 a2

a3 0 � a1

� a2 a1 0

1

C
A : (3.37)

However, computingF ij from the reconstructedprojectionmatriceshasa drawback. The

estimationprocessof the projectionmatricesis a least-squaresminimizationwhich is applied

to the parametersof a large numberof camerapositionsat once. By minimizing the overall

error, theerror for eachindividual cameraincreaseswith every additionalimage. Therefore,it

is usuallyadvantageousto computeF ij directly usingonly the imagefeaturesdetectedin the

correspondingimagesby applying,e.g., therobust8-point-algorithmof Section3.3.1.

The algorithmreturnstwo smoothdisparitymapswhich encodethehorizontalandvertical

pixel shift fromthe�rst, thereferenceimage,to thesecond.Fromthese,adepthmapis computed

by applyingtriangulationto eachpixel in thereferenceimage. In orderto decreaseprocessing

time, the analyticalsolution is appliedhere insteadof the least-squaressolution of an over-

determinedsystemof equationsusedin Section3.4.1. It makesuseof the fact that theshortest

connectionbetweentwo linesis orthogonalto both,i. e.,

(� d i + t i � � d j � t j )
T dk = 0 ; (3.38)

wheredk is thedirectionvectorfrom thecameracentert k throughimagepoint qk , andk = i; j

for theleft andright image,respectively. Thesetwo equationsaresolvedfor theunknowns� and

� . Themid pointof theshortestconnectionis selectedastheintersectionof thetwo lines.

In somecases,the“arti�cial” smoothnessof thedisparitymapleadsto theundesiredeffect

thattheviewing raysthroughcorrespondingpixelsarealmostparallel,whichresultsin areaswith

very largedepthvalues.This is handledby settinga limit to thealloweddepthrange.Thisdepth

rangeis availablefrom the reconstructed3-D points. The resultingholesin the depthmapare

eithersetto themaximumdepthvalue,or ignoredentirelyduringrendering,which is achieved

by a so-calledcon�dencemap, encodingthereliability of eachpixel in animage.In thecurrent

stateof thesystem,only reliabilitiesof eitherzeroor onearehandled.

An importantfactorfor thequality of a depthmapfrom disparityis thewidth of thestereo
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basebetweenthetwo images(cf. Section2.1.3).Camerapairswith anarrow stereobaseresultin

smalldisparitiesandthusnear-parallelviewing raysfor correspondingimagepoints,whichleads

to unreliabledepthestimates.In continuousvideosequences,which entaila ratherhigh image

frequency, displacementstendto besmall,sothatit is advisablenot to selectadjacentframesas

imagepairs,but pairswhich arefartherapart.Additionally, quality canbe increasedby select-

ing multiple imagepairsfor onereferenceframeandaveragingover the resultingdepthmaps.

Thesepropertiesareaccountedfor by thefollowing basicselectionscheme:for eachimage,two

correspondingframesareselectedwhich appearearlierandlater in theimagesequenceandare

asmuchas10framesawayif possible.Theresultingdepthmapsareaveragedpixel-wise,where

pixelsoutsidetheabovedepthrangearenotconsidered.

3.6.2 Local GeometryModels

Thetermgeometricproxy, for representingthegeometricpropertiesof a scene,wasintroduced

in [Bue01]for unstructuredlumigraphrendering.Insteadof a depthmapfor eachimage,depth

informationis providedasa globalgeometricmodel. This allows muchhigherframeratesfor

renderingon graphicshardware sincedepthat eachsamplingpoint of the syntheticimageis

thenobtainedby castinga ray throughthe trianglemeshof the global proxy. Functionssuch

asthis areimplementedvery ef�ciently on graphicshardware. For local depthmaps,i. e., one

depthmapper image,determiningdepthis doneby �rst selectinga numberof imageswhich

contributemostto thecurrentview, intersectingeachof thesedepthmapswith theviewing ray

of the samplepoint, andthendeterminingthe depthvaluewhich is closestto the observer. A

moredetaileddescriptionof thisprocesscanbefoundin [Vog05], but it is obviousthatit is more

time-consumingthanif aproxywereavailable.

After scenereconstruction,geometryinformationis only availableasa point cloudwhich is

notnecessarilygloballyconsistent.For longsequences,thesamefeaturemaybepresentmultiple

timesat differentpositionsif it is lost andselectedagainseveral timesduring featuretracking,

complicatingthecomputationof asinglegeometrymodel.Genericmethodsexist for generating

a trianglemeshfrom point clouds,suchas[Wag01,Wag03].However, they areill-equippedfor

handlingsparsepoint cloudswith largenumbersof, at timesconsiderable,outliers.Holesin the

geometrymodelareoftentheresult,appearingagainduringlight �eld rendering.

Therefore,insteadof a global meshthe geometryis suppliedanalogouslyto local depth

mapsasso-calledlocal proxies, one trianglemeshfor eachimage. They are generatedfrom

the 3-D pointsvisible in the respective imageby �rst applyinga 2-D Delaunaytriangulation

(cf. [For97]) to thecorresponding2-D features.For this step,thepublicly availableTRIANGLE
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library, describedin [She96],is used. The resulting2-D meshis transferredto 3-D spaceby

addinga depthvalueto eachvertex usingequation(3.35). Optionally, a regular grid may be

addedto the local proxy beforetriangulationin order to extend it to the imagebordersand

provide a moreregularsampling.Thedepthvaluesof thegrid verticesareinterpolatedasin the

previous sectionfor densedepthmaps.An examplefor sucha local proxy is shown in Figure

3.9(d).

Localproxiesconstituteacompromisebetweendepthmapsandglobalproxies.They arenot

asaccurateasthestereodepthmapsintroducedbefore,but they acceleraterenderingsincedepth

lookup in a trianglemeshis muchfasterthanin a depthmap. However, this lookupstill hasto

bedonein severalmeshesfor eachsamplepoint, thereforecomputationalcostis higherthanfor

global meshes.A �rst comparisonof the depthmodelsintroducedso far regardinglight �eld

qualityandcomputationtimeswasdonein [Nie05].

3.6.3 Global GeometryModels

Generatinga global proxy from a point cloud is, asmentionedpreviously, dif�cult dueto in-

consistency of thepoints,sparsenessandoutliers.However, thereconstructionprocessprovides

additionalinformationwhich canbeexploited to generatesuchglobalmeshes,namelythat the

neighborhoodrelationof subsetsof points in the point cloud is known from their visibility in

commonimages.Thisgreatlysimpli�es thegenerationof aglobalproxyfor initial subsequences

usedfor theinitial factorization.Thesubsequentextensionof suchinitial proxiesto longerimage

sequencesis discussedin thesecondpartof this section.

Proxiesfor Initial Sequences

A characteristicof the factorizationmethodsof the factorizationmethodsof Section2.2 is that

all pointspn in themeasurementmatrix W have to bevisible in eachof theF W imagesof the

subsequence.From this follows thatnoneof the pn areoccludedandthata valid 2-D triangle

meshfor one imageremainsvalid if the pointsaremappedto any of the other imagesof the

subsequence.Valid meansherethatno intersectingedgesexist in themesh.Therefore,any local

proxyfor theimagesof thesubsequenceis alsoaglobalproxyfor thewholesubsequenceif only

thepointsin W areused.

The resultingmeshforms, in 2-D, a convex hull aroundthe featurepoints. For light �eld

rendering,this is insuf�cient sincenodepthinformationis givenbetweentheimagebordersand

themesh,andthevirtual imageis only renderedat pointswheredepthis available. Therefore,
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Figure3.10:Generatingaproxy for initial sequences:(a) initial local proxywith projectedimageborder,
(b) addedimageborderfor secondcamera,(c) �nal global proxy with borderverticesinsidethe mesh
removed.

the3-D proxy hasto beextendedoutwardsuntil theprojectionsof thebordersof all imagesin

thesubsequenceintersectthemesh.

In order to generatesucha mesh,the following processis applied. First, an imagef 0 is

selectedfrom thesubsequence,e.g., the �rst image.For this, a local proxy is constructedasin

theprevioussection,with thedifferencethatnot a completepoint grid is addedto it, but only a

numberof equallyspacedpointson the imageborder. This is depictedin Figure3.10(a)for a

2-D slice. For the following image,f 1, theborderpointsareprojectedonto theexisting mesh.

If theprojectionintersectsthemesh,nothingmorehasto bedone.If it missesthemesh,a depth

valuefor theprojectionis extrapolatedfrom theclosest3-D pointsin themesh,andtheresulting

3-D point is back-projectedinto imagef 0 usingequation(2.11), asshown in Figure3.10(b).

Usingall pointsin imagef 0, a new proxy is generatedusingDelaunaytriangulation.In thelast

step,seenin Figure3.10(c),all previous borderpointsnow locatedinsidethe proxy meshare

removed.Thisprocessis repeatedfor all imagesf f , f = 2; : : : ; F W � 1.

While the resultingglobal proxy is not usablefor the whole sequenceof input images,it

is neverthelessvery usefulfor the factorizationmethodselectionalgorithmoutlinedin Section

3.3.3.Althoughit is notasdetailedasalocalproxy, it is generatedquickly, requireslittle memory

andthustakeslittle time to betransferredto graphicsmemory. There,it allowshigh framerates

for renderingsothattherequiredqualitymeasurecanbecomputedef�ciently .
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Proxiesfor Long ImageSequences

For the above proxy, featureswhich arenot part of the initial subsequencehave not beencon-

sidered.However, in theprocessof reconstructionit is desirableto useshorterfeaturetrails as

well, andit is necessaryto usethosevisible only in differentpartsof thesequence.This second

strategy of generatingaglobalgeometrymodelthereforedealswith theinsertionof new features

into themodel.It doesnot,however, demandvisibility of theproxy for thewholeof all images.

As opposedtoconventionalmethodsfor generatingtrianglemeshesfrom pointclouds,neigh-

borhoodinformationaboutfeaturesis derivedsolelyfrom theimagesthey havebeendetectedin.

Thishastheadvantagethattheseneighborhoodrelationshipsmayassumedto becorrectaslong

asno featuremismatchesoccur.

Theinitial pointof proxygenerationis, again,a localproxygeneratedfor anarbitraryimage

f 0 whichis partof theinitial subsequence.In thefollowing,F GP denotesthesetof imageswhose

featureswerealreadyconsideredfor the local proxy. It is thusinitialized asF GP = f f f j 0 �

f < F W g.

For addinga new 3-D featurepoint pn , two casesaredistinguished,i. e., the new feature

is locatedinsideor outsidethe existing proxy. Which of thesecasesappliesis determinedby

inspectingeachtriangle(“f ace”)T i of theexisting proxy with respectto eachimagef f 2 FGP.

A triangleconsistsof a triple of vertices(v j 1 ; v j 2 ; v j 3 ). If all four points,v j 1 , v j 2 , v j 3 andpn are

visible in f f , thebarycentriccoordinates[Sla02]of qf ;n with respectto theprojectionof T i into

f f arecalculatedas

bi
1 = ((vf

j 2 ;0 � qf ;n; 0)(vf
j 3 ;1 � qf ;n; 1) � (vf

j 3 ;0 � qf ;n; 0)(vf
j 2 ;1 � qf ;n; 1))=a ; (3.39)

bi
2 = ((vf

j 3 ;0 � qf ;n; 0)(vf
j 1 ;1 � qf ;n; 1) � (vf

j 1 ;0 � qf ;n; 0)(vf
j 3 ;1 � qf ;n; 1))=a ; (3.40)

bi
3 = 1 � bi

1 � bi
2 ; (3.41)

where

a = (vf
j 2 ;0 � vf

j 1 ;0)(vf
j 3 ;1 � vf

j 1 ;1) � (vf
j 3 ;0 � vf

j 1 ;0)(vf
j 2 ;1 � vf

j 1 ;1) (3.42)

andv f
j denotestheprojectionof v j into imagef f . T i is storedin asetof intersectedfacesTin if

all threecoordinatesbi
1; bi

2; bi
3 � 0. If at leastonefacewasintersectedthenew point is treatedas

beinginsidethemesh.

However, thereverseconclusion,thatthepoint is outsidethemeshif no facewasintersected,

is not true. Therefore,a secondtestis performed,i. e., the2-D featureq f ;n is projectedontothe

proxy for eachimagef f it is visible in. If this yieldsanintersectionof any triangle,thepoint is
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Initial set:pointsf pn0g, 0 � n0 < N out, outsidemesh
Selectimagef f out andf pmg � f pn0g of pointsvisible in f f out

Determineall verticesv b;i of theproxy borderwhicharevisible in f f out

IF BorderedgesEb = f (vb;i; vb;j )g connectingthev b;i arenot continuous
THEN Removef pmg from f pn0g
ELSE Apply Delaunaytriangulationto pm andvb;i (1)

InsertedgesEb into new mesh,reconnectintersectededges(2)
Identify subgraphsseparatedby edgesin Eb (3)
Merge largestsubgraphwith proxy meshand remove addedvertices
from f pn0g (4)
Removeany pointsfrom f pn0g whicharenow insidetheproxyandadd
themappropriately(5)

UNTIL jf pn0gj = 0

Figure3.11:Addingnew featuresto theoutsideof aproxymesh.

discarded.Only otherwiseis it consideredbeingoutsidethemesh.

New feature inside mesh. Enteringa new featureinside the meshis now straightforward.

FromFGP, the imagef f in wherethemostfacesfrom Tin arevisible in is selectedto operatein.

All edgescommonto two facesareremoved,sothattheremaining,surroundingedgesform aso-

calledplanarstraight line graph(PSLG,[She96]) togetherwith thenew pointq f in;n . Performing

aconstrainedDelaunaytriangulationonthisPSLGyieldsanew submeshincludingq f in;n , which

canbe insertedseamlesslyinto the existing proxy. The old trianglesTin areremovedfrom the

mesh.

New feature outsidemesh. Insteadof addingtheN out new featuresoutsidethemeshoneat a

time, they areaddedtogetherif possible.Theobjective is to attacha trianglemeshconnecting

the new pointspn0, 0 � n0 < N out, to the rim of the existing proxy mesh. This borderof the

meshconsistsof all edgesadjoiningonly oneface,andall borderedgesform one,or several,

circular graphsin 3-D. As this processwill operateagainin 2-D imagespaceusingDelaunay

triangulation,the imagef f out is selectedfrom F GP wheremostof the borderedgesarevisible

alongwith asmany new pointsaspossible,thoughat leastone.

An overview over the following processis given in the structurechartof Figure3.11. For

imagef f out, the borderfeaturesv b;i, 1 � i � Vb, visible in it aredeterminedaswell as the

subsetof new points f pm g � f pn0g visible in f f out. The setof borderedgesEb is composed

of all pairsof vertices(v b;i; vb;j ) forming an edgein the existing proxy meshhaving only one
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Figure3.12: (a) Projectionof theproxy borderandpointsoutsidethemeshinto the imageplane. New
pointsandborderverticesareconnectedusingDelaunaytriangulation.Borderedgesareinsertedafter-
wards.(b) Intersectededgesareremovedanda correctmeshis created.(c) Specialcase:partitioningof
themeshinto subgraphsis forcedif borderendsinsidethemesh.

adjacentface. A requirementfor the algorithmto work is thatEb formsa singlegraphin 3-D,

andis not partitionedinto subgraphs.Otherwise,theundesiredresultof oneedgehaving more

thantwo adjacentfacesmayoccur. In this case,thecurrentlyselectedpointsarenot added,and

thealgorithmcontinueswith theremainingfeaturesf pn0g n f pm g.

Theremainingstepsareperformedonthe2-D featurepositionsof pointsf pmg, i. e.,f qf mg,

andborderverticesv f
b;i asdepictedin Figure3.12.Theprocessis subdividedinto thefollowing

� ve tasks:

1. In the2-D spaceof f f out, a Delaunaytriangulationis appliedon f qf m g andv f
b;i asshown

in Figure3.12(a).

2. Theold borderedgesEb arenow insertedinto thenew mesh(Figure3.12(a)).SinceDelau-

naytriangulationis ambiguous,someof theedgesin Eb maynotexist in thenew mesh,but

intersectexistingedges,as,e.g., in Figure3.12(b).In thiscase,thesamemethodasfor in-

sertingpointsinsidethemeshis applied,i. e., theintersectededgesandfacesareremoved

andaPSLGconsistingof thesurroundingedgesandtheborderedgeis triangulated.
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3. Usually, edgesor even verticesarelocatedon both sidesof the projectedimageborder.

Therefore,thenew meshis partitionedinto subgraphsdelimitedby Eb. The specialcase

sketchedin Figure3.12(c)hastobeconsideredhere:if anendvertex of thegraphdescribed

by Eb is insidethemesh—beingthecaseif thevertex hasasmany neighboringedgesas

faces—themeshhasto besubdividednonetheless.Theterminalborderedgeis therefore

extendedandall intersectededgesandfacesareremovedfrom themesh.

4. Thesubgraphcontainingthemostpointsfrom f pmg is now selectedandmergedwith the

existing globalproxy mesh.If this selectionwerenot done,theresultingmeshwould end

up with edgeshaving threeadjacentfacesin 3-D, which is not admissible. The points

addedto theglobalproxyareremovedfrom thesetof remainingpointsf png.

5. The remainingpointsaretestedagainwith respectto their locationinsideor outsidethe

proxy andareaddedaccordinglyin theformercase.For thepointsstill outsidetheproxy

theprocessis repeateduntil nopointsremain.

After thusaddingthenew pointsfoundin eachconsecutive image,thereremainsanoptional

checkto be performedon the proxy border. As Delaunaytriangulationcreatesa convex hull

aroundthevertices,aconcaveoutlineof anobjectmaybepaddedwith additionalfaces.In order

to identify thesefacesat the rim of the proxy, it is testedwhetherthey occludefeatureswhich

shouldotherwisebe visible in someimage. If so, the borderfaceis removed. This process

mayberepeateduntil eitherno morefacesareremoved,or until a certainmaximumnumberof

iterationsis reached.

As mentionedbefore,theadvantageof this approachis thatneighborhoodrelationshipsbe-

tweenverticesin the proxy arede�ned in 2-D imagespacefrom featuresactuallyvisible in a

commonimage. However, this alsoimposesquitestringentrequirementson the featuresused.

The longera featurehasbeenvisible, the higherthe possibility of �nding an imagewhereall

neighboringpointsarevisible, too. Therefore,it is recommendedto useeitherfeatureprediction

by back-projection,asdescribedin Section3.7.1,or non-sequentialtrackingasoutlinedin Sec-

tion 3.2.3to increasethelengthof featuretrails. Additionally, it is advisableto seta lower limit

on thelengthof thesetrails.

At present,themain limitation of theseglobalproxiesis thatneithermultiple, independent

objectsnorholesin oneobjectcanbemodeled.Therefore,thealgorithmrequiresfurtherre�ne-

mentandshouldberegardedasastartingpoint for furtherresearch.
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Initialize framenumber:f := 0
Trackpoint featuresto framef anddetectnew ones
f := f + 1

UNTIL min. numberof featuresN min visible in all framesreachedor f = F init � 1
Apply factorizationmethodto frames0; : : : ; f � 1
WHILE f < F

Trackpoint featuresto framef anddetectnew ones
Triangulate3-D pointsandcalibrateframef
f := f + 1

Figure3.13: Linear trackingandcalibrationover F imagesin two steps:factorizationof initial subse-
quenceof maximumsizeF init andcalibrationof subsequentimages

3.7 Inf ormation FeedbackLoops

In orderto reconstructa light �eld from an imagesequence,a numberof processingstepsare

required,asoutlinedin Section3.1. As it wasalsostatedthere,it is often possibleto usethe

resultsof laterstepsto re�ne precedingonesin so-calledfeedbackloops.Examplesencountered

so far arethe automaticselectionof factorizationmethods,aswell asnon-sequentialtracking

andreconstruction.In thefollowing, four moreexampleswill beoutlined,theformertwo using

informationfrom thecalibrationstep,thelattertwo usingthereconstructedlight �eld.

3.7.1 FeaturePrediction by Back-Projection

Theissueof featuresbeinglostdueto occlusionor moving outof thecamera's �eld of view was

addressedalreadyin Section3.2.3usingnon-sequentialtracking.Thedrawbackof thisapproach

is that it requiresa viewpoint meshconnectingthecentersof projectionof neighboringcamera

positions.If thismeshis generatedusingthealgorithmof Section3.4.2,trackingandcalibration

have to bedonetwice over. In additionto that,themeshgenerationalgorithmdoesnotconsider

whethertheimagesactuallyshow similarviewsof thescene,but ratherinfersit from thedistance

of therespective camerasandtheir differencein viewing angles.However, theselectionof the

anglethresholdis a heuristicchoiceanddoesnot take into accountthat it dependson many

factorslikedistanceof thecameras,distancefrom thescenesurface,andfocal length.

Therefore,now theinformationwhich is actuallyseenby thecamera,i. e., thefeaturepoints

on thescenesurface,is usedto gainknowledgeaboutimagesimilarity. In addition,thesequence

of imageprocessingis changedin orderto reconstructthescenein asinglepass,while informa-

tion feedbackfrom calibrationto featuretrackingremainspossible.As outlinedin Figure3.13,
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trackingandestimationof thenext camerapositionarenow donealternatinglyimageby image,

insteadof �rst trackingfeaturesover all imagesfollowedby an independentreconstructionfor

all images. Initialization by factorizationis still donefor a setof imagesat once,but always

startingat the�rst image.

The problemof featuresmoving out of the camera's �eld of view andreappearingis now

handledby consideringthe back-projectionof thecorresponding3-D point pn to the imagef c

currentlyprocessed.This is doneaftera �rst calibrationof thecurrentimage's cameraparame-

ters,sincetheprojectionmatrixP f c is requiredfor back-projection.Featureswhichwerelostat

anearlierstageandthereforenot trackedto framef c, but whoseback-projectionsfall within the

camera's �eld of view, arethentrackedagainusingtheback-projectedpoint bq
f cn

= P f c pn as

initialization.

Thelastissuethatneedsto besolvedis theselectionof thesourceimagethepredictedfeature

is to betrackedfrom. Usually, notonly one,but severalfeaturesareto beretrackedat once,and

for eachoneanimagehasto beselectedto beusedasatemplatefor featurewindow comparison.

However, theremaybeno singleimagewhereall featureshave beenvisible before.Therefore,

thisquestionis importantasit is desirableto useasfew differentsourceimagesaspossiblewhile

successfullytrackingasmany featuresin aslittle timeaspossible.Threedifferentstrategieshave

beenimplementedandtested:

1. Exhaustivesearch. All imageswhereat leastonepredictedfeaturewasvisible in areused.

As alternatives,eitherall featuresaretracked from eachsourceimage,or only thoseare

selectedwhose2-D coordinatesareclosestto theprediction.In eithercase,thecomplexity

increaseslinearly with thenumberof imagesprocessedin theworstcase,asthecostfor

trackingasinglefeatureis low comparedto theoverheadrequiredfor trackingfrom anew

imagedueto theGaussianpyramidthathasto becomputed.

2. Highestnumberof features�r st. The imagef 0 with thehighestnumberof featuresqf 0n

visible in is selected�rst. For the following selections,the featuresthat have already

beenattemptedto be tracked arenot countedanymore,but neverthelesstracked againif

necessary. Theselectionis stoppedafteraprede�nednumberof imageshavebeenchosen.

Thisguaranteesthatcomplexity staysconstantwith thenumberof imagescalibrated.

3. Weightedselection.Likebefore,aprede�nednumberof sourceimagesis chosen,butusing

aweightvalueasselectioncriterion.Eachimageis givenaweight

wf =
NX

n=0

1
hn + 1

dmax � d(bqf cn ; qf n )
dmax

; (3.43)
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Figure3.14: Examplereconstructionof a camerapatharoundan object. Correctcamerapositionsare
denotedby dottedtriangles,erroneousonesby solid triangles.

wherehn is the numberof imagespreviously selectedwherefeaturen wasvisible in al-

ready, thus reducingthe weight of featureswhich were unsuccessfullytracked before.

d(�; �) denotesEuclideandistanceanddmax is themaximumpossibledistanceof two points

in animage.Theimagegiventhehighestweightis selected.

After tracking the predictedfeatures,the reconstructionalgorithm continueswith feature

trackingto thenext imagef c + 1.

3.7.2 ClosingLoops in CameraMovement

Themainproblemarisingduringthereconstructionof a long imagesequenceusingthemethod

of Section3.4 is that, thougherrorsmaybesmall from oneimageto thenext, they accumulate

over a largenumberof imagesleadingto inconsistenciesin thegeometryreconstruction.In the

following, it is assumedthatthecamerais movedin loopsaroundascene,e.g., to view anobject

from every directionor to get a densesampling. The following approach,which wasalready

introducedin [Sch04c], wasinspiredby solutionsin the �eld of simultaneouslocalizationand

mapping(SLAM) for robotnavigation.Here,thegoalis to generateagloballyconsistentmapof

thesurroundingsof a robot [Lu97], while thedatafrom therobot's sensors,e.g., odometryand

a camera,areunreliable.Consistency of themapcanbeestablishedwhentherobotreturnsto a

previouspositionandrecognizeslandmarksit hasseenbefore.Theaccumulatederrorcanthen

bedeterminedandtherestof themapcorrectedaccordingly. For thecaseof 3-D reconstruction,

loopsin cameramovementareusedto updatetheposeestimationfor all previousimages.

Theproblemof accumulatingerrorsis demonstratedin Figure3.14wherea cameramoves
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in a circle aroundan objecttaking 10 imagesin the process.The correctcamerapositionsare

equallyspacedaroundtheobject,but anerrorof only aboutfour degreesfrom eachcamerato

thenext addsup to morethan35degrees.In orderto getacorrectreconstructionthecirclemust

beclosedagainby removing this inconsistency.

We assumethatF camerapositionsform a loop andthatcamera0 follows againon camera

F � 1. Assumingfurther thata viewpoint meshfor non-sequentialtrackingasin Section3.2.3

is available,featuresaretracked from imageF � 1 to image0, thusestablishinga relationship

betweenthe two images.By applyingthe algorithmof Section3.4 the displacementbetween

thesecamerapositions,� t F � 1, is calculatedwith a muchhigheraccuracy thanbeforewhenthe

accumulatederrorwasincluded.

Usingthisnew informationthetaskof closingtheloopis againformulatedasanoptimization

process.For now, only thetranslationvectorof eachcamera,t f , is considered.Thedisplacement

vectorbetweentwo camerasis denotedby � t f = � et f = t f +1 � t f for 0 � f < F � 1.

Additionally, � et F � 1 constitutesthe currentdisplacementvectorbetweenlast and�rst camera

while � t F � 1 is thecorrespondingtargetdisplacementcalculatedabove.Thus,for 0 � f < F the

� t f form thedesiredsetof displacementswhile the� et f arethedisplacementsto beoptimized.

Theresidualvectoris de�ned as

� L =
�

(� t 0 � � et 0)
T
; (� t 1 � � et 1)

T
; : : : ; (� t f � � et f )

T
� T

(3.44)

andusingtheLevenberg-Marquardtalgorithmthecamerapositionst f ; f > 0, areoptimizedby

minimizing theresidual� L
T � L . The�rst camerapositiont 0 is keptunchanged.

This approachconsidersonly the translationvectorof eachcameraposition,but doesnot

alter therotationof thecameras.For theexampleof Figure3.14,thecamerasnow do not face

exactlytowardsthecenterof thecircleanymore.Therefore,themissingrotationto afull circle is

incorporatedinto thecomputationof theresidualvector. It is calculatedastherotationdifference

betweenthelastandthe�rst camerapose,� R = R 0R F � 1
T . Lackingany otherknowledgewe

assumethat the f
F th part of this rotation,� R f , is missingin eachdisplacementvector. � R f

is computedusingsphericallinear interpolation(cf. [Wat92])on a quaternionrepresentationof

� R . Thusthenew displacementvectorsarecomputedas

� bt f = � R f R f (t f +1 � t f ) : (3.45)

Usuallyanimagesequencedoesnotconsistof exactlyonerevolutionaroundanobject.More

circularcameramovementsmayfollow the�rst one,andin suchcasesit is notdesiredto change
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the camerapositionsin a loop alreadyclosedbefore. From thereon, the positionof a camera

onceadjustedis keptuntouched,andthealgorithmabove is only appliedto latercameras.

Changingthecamerapositionsrendersthe3-D pointpositionsinvalid, sothatthey haveto be

recalculated.This is doneby againminimizing theback-projectionerrorduringanoptimization

of the3-D points.

Finally theresultis againoptimizedgloballyusingbundleadjustmentasdescribedin Section

2.3.3.Theintrinsic parametersareassumedto becorrectandbundleadjustmentis only applied

for the extrinsic parameters.If only somecamerasof a loop wereadjustedin the closingstep

before,only thoseareoptimizednow, too.

As mentionedbefore,if it is not known whena cameraloop hasbeencompletedand the

closingalgorithm shouldbe applied,a viewpoint meshcan be generatedusing the algorithm

of Section3.4.2to gain this knowledge. An unsolvedproblemusingthis methodis that large

displacementsarenot detected,while theclosingalgorithmmakesthemoresensethelargerthe

accumulatederror. In thosecases,prior knowledgeaboutthe imageneighborhoodshasto be

used.

3.7.3 Optimizing SceneGeometry

Reducedquality of imagesrenderedfrom a light �eld hastwo sources:inaccuratelyestimated

cameraparametersandwrongdepthinformation.Theresultingerrors—blurring,distortionsand

superpositions—werealreadyintroducedbrie�y in Section1.2.1. After introducingtwo feed-

backloopswhich aremeantto reducetheerror in cameraparameters,thefollowing approaches

dealwith improving depthinformationby meansof renderedimagequality, measuredby the

averagesquaredpixel differenceof equation(3.21). The objective is to improve the quality of

eitherdepthmapsor a globalproxy, two instancesof a similar approachtreatedin [Sün05]and

[Hop06] respectively, which will besummarizedin thefollowing.

Optimizing Depth Maps

Like in mostoptimizationprocessesintroducedso far, the Levenberg-Marquardtalgorithm is

usedhereagain,althougha numberof adjustmentshave to be applied. The residualvectorin

this casecontainsthepixel-wisedifferencesbetweena renderedimageandtheunusedoriginal

imagewith thesamecamerapose(cf. Section3.3.2).Basically, theresidualvectorfor onedepth
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mapto beoptimizedis givenas

� DO =

0

B
B
B
B
@

f (x 0) � bf (x 0; z0)

f (x 1) � bf (x 1; z1)
...

f (x M � 1) � bf (x M � 1; zM � 1)

1

C
C
C
C
A

; (3.46)

whereM is thenumberof pixelsx m in theimage,andeachpixel in therenderedimagedepends

on thecorrespondingdepthvaluezm at thesamelocation.Thus,theresidualvectoris modi�ed

by changingthedepthvalues.

Two majorproblemshave to beconsideredusingthisapproach.Firstly, theLevenberg-Mar-

quardtalgorithmminimizesthe residualvectorby computingits Jacobianmatrix J , which is

of sizeM � M . Even for small images,this matrix becomesfar too big in termsof memory

requirementandcomputationtime. Therefore,the imageis subdivided into small rectangular

windowsandeachoneis processedindependently. This reducesboththesizeof eachindividual

Jacobianmatrix andthenumberof parametersto beoptimizedatonce.

Thesecondproblemis thatwhile theLevenberg-Marquardtalgorithmworkson continuous

functions,theresidualvector� DO will only containdiscretevalues,sincepixel valuesrepresent

quantizedintensities. This fact affects the numericalcalculationof the Jacobianmatrix using

�nite differences,i. e.,eachentryis computedas

@� (x m ; zm )
@zm

=
� (x m ; zm + @zm ) � � (x m ; zm )

@zm
: (3.47)

If @zm is chosentoosmall,thedifferencewill notsuf�ce tochangethecolorvalueof pixelx m , so

that� (x m ; zm + @zm )� � (x m ; zm ) = 0andtheoptimizationalgorithmisstuck.Therefore,alarger

depthdifference@zm is chosen.In [Sün05],a guidelinewasgiven that the pixel displacement

in the sourceimagesfor renderingresultingfrom a depthdisplacementin the renderedimage

shouldbein theorderof onepixel.

Althoughthis methodmaygenerategoodresultsin somecases,asshown in Figure3.15,it

suffersgenerallyfrom the fact thata local optimizationalgorithmis appliedto a problemwith

toomany parameters.In many cases,it runsinto a localminimumquickly anddoesnot improve

theresultssigni�cantly, evenif it is initialized using,e.g., oneof thedepthmapsfrom Section

3.6.1.Therefore,thenext stepis to applyasimilarmethodtoaglobalproxymeshwhichcontains

only very few nodes,thusreducingthesizeof theparametervector.
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(a) (b) (c)

Figure3.15:A depthmap(c) generatedfor the128� 128pixel image(a) from a �at initial map(b). The
imagewassubdividedinto windows of size4 � 4 pixelsandtheresultwasmedian�ltered. Imagestaken
from [Sün05].

Optimizing Global Proxies

A globalproxy, asde�ned in Section3.6.3,constitutesa trianglemeshof V verticesv j , 1 � j �

V . Insteadof optimizingM depthvalueszm , onefor eachpixel, it is now suf�cient to adjustthe

positionsof theverticesin space.This leadsto a3V-dimensionalparametervector

vJ = (v1
1; v1

2; v1
3; : : : ; vV

1 ; vV
2 ; vV

3 )
T

: (3.48)

In [Hop06],globalproxiesareconsideredwhich mostlyconsistof a regulargrid of between

8 � 8 and16� 16vertices.Thesizeof theparametervectoris thustwo to threeordersof mag-

nitudesmallerthanin the caseof depthmapoptimization. The locally convergentLevenberg-

Marquardtalgorithmis muchbetterequippedto handlethesereducedparametervectorsizes.

On theotherhand,theerrorvector� GP is de�ned analogouslyto � DO given in equation(3.46),

containingthesamenumberof entriesaswell. Consequently, the Jacobianmatrix J GP retains

its sizeof M � M entries. However, the sparsityof J GP is now exploited which is bene�cial

regardingits inversion,appliedonceduringeachoptimizationstep.

Contraryto the optimizationof local depthmaps,it is now possibleto optimize a proxy

at oncefor a completeimage,using all its vertices. The examplein Figure 3.16 shows the

optimizationof a global proxy from a regular, �at initialization for the samesequenceas in

Figure 3.15, thoughthe imagesize of 256� 256 is not reducedhere. Initialization with an

approximategeometrymodelis possibleaswell andlikely to yield evenbetterresults.

Althoughtheoptimizationof a globalproxy regardingimagedifferenceyieldsgoodoverall

results,the currentapproachretainssomedrawbackswith potentialfor considerableimprove-
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(a) (b) (c)

Figure3.16: A global proxy (c) generatedfrom a �at initial proxy (b) with 16 � 16 vertices. A single
referenceimage(a)wasusedand5 iterationsof theLevenberg-Marquardtalgorithmwereapplied.

ment.Currently, no precautionsaretakento preventverticesto bemovedin suchaway thatthe

connectedtrianglesoverlap. While this hasno visualeffect on renderingquality, it is anunde-

siredeffect. Therelative in�uenceof verticesis shifted,up to thepointwhereindividualvertices

have no in�uence at all on imagequality. This effect may be preventedby displacingvertices

only perpendicularlyto the planeof the imagecurrentlyconsidered,therebyalsoreducingthe

sizeof theparametervectorvJ . However, thisapproachremainsto beimplementedandveri�ed.

3.7.4 Extending Existing Light Fields

Sofar, thedescribedmethodsfor light �eld reconstruction,especiallyfeaturetracking,assume

thatcameramotionbetweentwo consecutive imagesis quite low andthat thesearchrangecan

thusbe restrictedconsiderably. The drawbackof this assumptionis that oncethe recordingof

an imagesequencehasbeencompleted,�nding featurecorrespondencesin any new imagesor

imagesequenceswhich weretaken later from a differentview point posesa problem. For the

light �eld, thismeansthatonceit hasbeenreconstructedfrom oneimagesequence,it is dif�cult

to extendit in orderto, e.g.,coverabroaderviewing rangeor improveits qualityby addingmore

images.It is thereforenecessaryto at least�nd themostsimilar imagein thelight �eld to theone

to be added.Sincethedisparitybetweenthosetwo imagesmaybe too large for robust feature

tracking,it is desirableto additionallysupplya goodestimatefor thenew featurepositions.

In thefollowing, two methodsoriginally introducedin [Deu04]arepresentedwhichareable

to determineboth the closestimageanda featurepositionestimate.The �rst oneis basedon

SIFTfeaturesasdescribedin Section3.2.2.Thesecondapproachusestherenderedimagesfrom

theinitial light �eld asfeedbackfor a parametersearch.As positionestimates,theSIFT feature

matchingyields a 2-D homographywhich describesthe transformationfrom the closestto the
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new image.Theparametersearchreturnsacameraposeestimationwhichcanbeusedto predict

featuresby back-projectionof known 3-D points.

Matching with SIFT Features

In this approach,determiningthemostsimilar imageto a new onewill bedoneby a full com-

parisonwith all known imagesalreadyin the light �eld. The 2-D homographyfor subsequent

trackingis calculatedusingtheSIFT featurecorrespondences.

Image Matching. The techniquefor estimatingwhich of the imagesof the �rst sequenceis

mostsimilar to the �rst imageef (testimage)of thesecondsequenceis basedon majority vot-

ing. For every imagef i ; i = 1; 2; : : : ; F , in the �rst sequence,a set of SIFT featuresCi =

f c1
i ; c2

i ; : : : ; cN i
i g is calculated.ThevalueN i denotesthenumberof SIFT featureswhich were

detectedby theSIFT featurepointdetectorin imagef i . Similarly, theseteC = f ec1; ec2; : : : ; ec
eN g

is computedfor thetestimageef . For countingthevotes,anaccumulator

af =
eNX

n=1

� (f � argmin
i

min
j

d(cj
i ; ecn )) (3.49)

is used,where� is theKronecker deltafunction,af is theaccumulatorentry for imagef f and

d(�; �) is theEuclideandistanceof two SIFT features.The index b for thebestmatchingimage

f b is retrievedfrom theaccumulatorby b= argmax
f

af .

Homography Estimation. Evenif f b is foundto bethemostsimilar imagein thelight �eld to

thenew imageef , featuretrackingmaystill have to solve largedisplacementswhich surpassthe

usualbasinof convergence.In orderto dealwith any rotation,translationandscaledifferences

betweenthetwo images,theSIFTfeaturecorrespondencesfoundpreviouslyareusedto estimate

a homography(cf. [Har03]), which yields a positionpredictionfor tracking featurepoints in

imageef . For this purpose,we calculatea setof thecoordinatesof theN b bestmatchingSIFT

featuresin imagef b andef , i. e.,M = f (x 1; ex 1); (x 2; ex 2); : : : ; (x N b
; ex N b

)g. Assumingthatthe

transformationof x i to ex i is aprojective transformation,thehomographyis givenas

M 2 = H M 1 ; (3.50)
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wherematrixH 2 IR3� 3 is thehomographymatrixand

M 1 = (x 1; x 2; : : : ; x N b
) ; (3.51)

M 2 = (ex 1; ex 2; : : : ; ex N b
) : (3.52)

The overdeterminedlinear equationsystemof equations(3.50) is solved usinga leastsquares

estimation,namelythepseudo-inverse(cf. [Pre93]), providedthatN b > 3. Finally, H is usedto

estimatethepositionsof featurepointsin ef by mappingtheir 2-D positionsfrom f b to ef .

Parameter search by rendering feedback

In thepreviousapproach,thecameraparameterestimationhasonly usedtheoriginal imagesof

theexistinglight �eld for imagematching.Thefollowing method,however, makesuseof images

renderedfrom arbitraryview pointsusingthelight �eld itself.

For any setof cameraposeparameters� , thelight �eld canbeusedto generatetheimagef �

correspondingto thoseparameters.� containsthesix extrinsicparametersof thecamera,i. e.,its

rotationandtranslation.This generatedimagecanbeusedto searchfor thecameraparameters

e� of theimageef to beaddedby searchingfor the� suchthatf � is closestto ef .

Using a distancemetric to compareimages,the parametersearchbecomesa global mini-

mizationproblem.For this,thesum-of-squared-differences(SSD),analogousto equation(3.21),

is used.SSD'smaindrawbackis its lighting dependence,howeverto extenda light �eld thenew

imagesareassumedberecordedwith thesamelighting conditions.

Several optimizationalgorithmscanbe appliedto this problem,of which two (related)ap-

proacheswere adopted:adaptive randomsearch(ARS) [Tör89], and the particle �lter (PF),

speci�cally theCondensationalgorithm[Isa98]. Both approachesmaintaina currentsetR t of

cameraparameterhypotheses� t;i ; i = 1; : : : ; jR t j, wheret is aniterationindex andjR t j the�x ed

sizeof theset.Eachhypothesis� t;i alsohasa scalarrating%t;i which is derivedfrom theimage

comparison.Theinitial setR 0 canbederivedfrom thecameraparametersof the �rst sequence

for a global search,or clusteredaroundan initial estimate. Both approachesiterateover this

setseveral timesto �ne-tune it, by generatingnew hypotheses� t+1 ;i andratings%t+1 ;i from the

currentones.Themethodsdiffer in how thenew hypothesissetis generated.

For ARS, the rating is the sameasfor the SSDdistancemeasure.R t+1 is generatedfrom

R t by discardingtheworseratedhalf of all � t;i , andreplacingthemwith diffusedcopiesof the

betterratedhalf. Thediffusionis anadditiveGaussiannoise,thestandarddeviation of which is

derivedfrom thespreadof theoriginalcameraparameters.Thisstandarddeviation is reducedon
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eachiterationto decreasethesearcharea.

Unlike ARS, the PF algorithm usesa probabilistic framework. The ratedhypothesisset

representsthe probability density function (PDF) of the cameraposition, p(� t j ef ), given the

targetimage.Suchratedhypothesesarealsocalledparticles. Applying Bayes'formulayields

p(� t j ef ) =
1
c
p(ef j� t )p(� t ) ; (3.53)

with c a normalizingconstant.Thus,we seekinformationaboutthecameraparameters� t cor-

respondingto thenew imageef . As with ARS, the initial a priori densityp(� 0), representedby

R 0, canbeuniformly distributedoverthesearchspaceor clusteredaroundaninitial estimate� 0.

Theapriori densityp(� t ) is derivedfrom thepreviousaposterioridensityp(� t � 1j ef ) through

p(� t ) =
Z

p(� t j� t � 1)p(� t � 1j ef ) d� t � 1 : (3.54)

In typical particle�lter usage,this modelsthenoisystatetransitionover time. Sincethestateis

notexpectedto change,this is merelyadiffusingprocess,aswith ARS.

Thelikelihoodp(ef j� t ) is derivedfrom theimagecomparisonby constructingaGibbsdistri-

bution [Bla92]:

p(ef j� t ) =
1
k

exp
�

� �E (ef j� t )
�

(3.55)

with k a normalizingconstant.For eachhypothesis� t;i , theratingis %t;i = p(ef j� t;i ). Theterm

E(ef j� t ) is an error energy, comparingthe target imagewith the imagecorrespondingto the

hypothesis� t . Thebetterthehypothesisimagematchesthetarget, the lower theenergy should

be.Theimagecomparisonmetricused,theSSDovertheimagespace,hassuchaproperty, andis

usedunchangedfor E(ef j� t ). However, thismayresultin verysimilarenergiesfor all compared

images,which erodesthe particle�lter' s effectiveness.Multiplying the SSDby a scalarvalue

� > 1 requiresa hypothesisto bemuchcloserfor agoodrating.

Using this likelihood de�nition as a hypothesisrating, the PF solves the combinationof

equations(3.53)through(3.55)usingMonteCarlo integration.A new setR t+1 is derivedfrom

R t by samplingfrom the latter, usingthe ratingsasa samplingprobability, andthenre-rating

R t+1 . This new setrepresentsthe PDF whosemain modeis the hypothesise� with the lowest

imagediscrepancy from ef .

Therearetwo caveatswith this method.If theoptimizationstartsfrom a singleinitial state

estimate,the standarddeviation of the particlediffusion mustbe chosenlarge enoughso that

the particlessearchbeyond any local minima. Secondly, the resultsmay by biaseddueto the
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renderingof light �eld images. An imagerenderedfrom a light �eld will often exhibit local

distortions,causingtheminimumto divergeslightly from thetruecameraparametersof ef .

Thus,bothARSandPFdetermineanestimatebP ef for theprojectionmatrixof ef . Usingback-

projection,featuresin ef cannow bepredicted.Thequestionremainingis which baseimageis

to beusedto trackthefeaturesfrom. Severalapproachesarepossible,i. e.,usingtheestimatef b

of thepreviousSIFT approach,determiningthemostsimilar cameraposeusingthemethodfor

building a camerameshof Section3.4.2,or themostsimilar imagebasedon the differenceof

back-projectedfeaturesof equation(3.43).



Chapter 4

Dynamic Light Fields

In this chapter, oneof the restrictionsmadeso far will besuspended,namelythat the recorded

scenehasto be static,with no movementbeingvisible at all. Instead,it will now be possible

thatpartsof thesceneor singleobjectsin it arein motionbetweenor duringrecordings.These

dynamicscenesopenup anentirelynew domainof problemsto besolved,especiallysinceit is

still assumedthatonly onehand-heldcamerais availablefor samplingthescene.Theresulting

light �elds aretermed,consequently, dynamiclight �elds.

A characterizationof thisnew problemdomainwill begivenin the�rst sectionof thischapter,

wherethe new requirementsto reconstructionaswell as renderingof the �nal light �eld are

de�ned. Thefollowing two Sections,4.2and4.3,will introduceanddealwith thereconstruction

of differentkindsof dynamiclight �elds. Step-wisestaticlight �elds assumethatseveralimage

sequencesof a scenewere recorded,whereeachrepresentsone time stepof the motion. In

contrastto that, thesecondtypeof light �eld allows motionduringrecording,but restrictsit to

objectswhicharerigid in themselves.The�nal sectionof this chapterintroducestechniquesfor

extendingexisting renderingtechniquesto accommodatethesenew kindsof light �elds.

4.1 From Static to Dynamic: Additional Requirements

While thestaticlight �eld constitutesasimpli�cation of theplenopticfunction—asintroducedin

Section1.2—froma7-D functionto 4-D, thedynamiclight �eld reintroducesthetimeparameter

� andthusincreasestheparameterspaceagainto 5-D. In orderto handlethis increasedcomplex-

ity, new techniqueshave to be implementedin termsof reconstruction,datamanagement,and

rendering,ascharacterizedin thefollowing.

97
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Reconstructing dynamic light �elds. As before,it is still assumedthat the imagesfor light

�eld reconstructionare recordedwith a single hand-heldcamera. If nothing is known about

scenemotion,classicstructure-from-motionandcalibrationalgorithmssuchasfactorizationor

bundleadjustmentareno longerapplicable.On the otherhand,if nothingis known aboutthe

recordingcamerano informationaboutscenegeometrycanbe inferredthrough,e.g., triangu-

lation. Someadditionalknowledgeabouteithersceneor cameramotionhasto bepresumedin

orderto overcomethisdeadlock.

Both step-wiseandrigid objectapproachesto dynamiclight �eld reconstructionintroduced

in thischapterassumethattherecordedsceneis only partially in motion.Thus,theimagesshow

aconsiderablepartof thebackgroundwhich is static.Featurepointsdetectedonthebackground

thereforeconstitutereliabledatafor 3-D reconstruction,andthe task is reducedto discerning

staticfeatureson thebackgroundfrom dynamicfeaturesonobjectsin motion.

A furthersimplifying constraintis appliedfor step-wisedynamiclight �elds concerningthe

recordingprocess.Here,it is assumedthatsceneandcameramotionaremutuallyexclusive,i. e.,

thescenechangesonly if thecamerais motionlessandviceversa.

Memory management. As with video sequencesin contrastto still images,dynamiclight

�elds requirea considerablygreateramountof memoryor storagespacethanstaticlight �elds

dueto the higherdimensionality. How muchmorememoryis requireddependsmainly on the

amountof motionin thescene,andthusthenumberof timestepsthemotionis dividedinto.

Again, like for video, the informationstoredin a dynamiclight �eld may containa lot of

redundancy for thosepartsof the scenewhich are not in motion. In order to cover a certain

amountof time andmotion for thedynamicpartsof thescene,samplingof thestaticpartswill

increaselikewise. Identifying this redundancy wouldbethe�rst stepto moreef�cient codingof

dynamiclight �elds.

However, even thoughencodingof dynamiclight �elds turnsinto an ever more important

areaof research,it will not be consideredin this thesis. Ef�cient compressionstrategies for

staticlight �elds with imagespositionedon a regulargrid havebeenexamined,e.g.,by Magnor

in [Mag00, Mag01]. A similar approachwasextendedto dynamiclight �elds recordedwith

multiple but immobile camerasin [Fec05]. The irregular camerapositionsetupresultingfrom

hand-heldcameramovementhasso far not beenconsideredin currentresearch,but offers a

challengefor its own branchof researchin videocoding.

Visualization. Visualizinga dynamiclight �eld requiressomeadditionalfunctionality. As a

�rst approach,thereconstructedlight �elds will bedividedinto timestepswhichshow consecu-
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tive,previously observedstatesof thedynamicscene.In orderto visualizethese,the light �eld

rendererhasto be ableto switch backandforth ef�ciently betweenthesetime steps.This re-

quiresa suitablelabelingof theinput imagesor subimageswith time stamps,andtheability of

therendererto switchbetweenthesesubsetsof thedatawith little delay.

Startingfrom theserenderingtechniques,it is desirablethat even time stepsbetweenthe

labeledonesweresynthesizedby therenderer, sothatacontinuousviewing of thescenethrough

time is possible.Ontheotherhand,if themotionof rigid objectsasin Section4.3is considered,

being able to visualizethem independentlyfrom eachother is anotheroption. However, in-

depthtechniquesfor renderingdynamiclight �elds will neitherbeatopicof this thesis,although

somesuggestionswill be madehow to handlelight �eld datalabeledaccordinglyduring 3-D

reconstruction.

4.2 Step-WiseStatic Light Fields

The �rst typeof dynamiclight �eld describedhere,which was�rst introducedin [Sch02]and

[Sch04b],is calledstep-wisestaticasthedynamicsceneis dividedinto k timestepswhereeach

timestepis modeledwith acompletestaticlight �eld of thescene.Thus,noassumptionis made

aboutthe rigidity of theobjectsin thescene—rigidaswell asdeformableobjectsmay thusbe

modeled.

The input imagesusedin the following to reconstructa dynamiclight �eld needto ful�ll

two main requirements.Firstly, one imagesequencemust be available for eachtime stepso

thatthek staticlight �elds canbereconstructedfrom them.Secondly, for two consecutiveimage

sequencesthelastcameraof the�rst sequencemusthaveapproximatelythesameposeasthe�rst

cameraof thesecondsequence,whichmeansthatthetwo sequenceshaveonecamerapositionin

common.In practice,thecamerais movedover thescenewhile theobjectsin it stayimmobile,

andis keptsteadywhile theobjectsaremovedto thenext position.This secondpart,wherethe

objectsaremoved,is cutaway, leaving thedesiredinput imagesequences.Thus,theimagesseen

from thecommoncamerapositionof two sequencesshow a differentstateof themoving object

in thescene.Thisdifferentimagecontentposesthemaindif�culty for registration.

The dynamiclight �eld is reconstructedfrom this input databy �rst calibratingandrecon-

structingthe individual imagesequencesand then registeringthe resultingthreadsof camera

positionswith eachother. Finally a re�nementstepcanbeappliedwhich calibratesall cameras

together. Theassumptionwhich mustbemadein orderfor this last stepto work is theoneal-

readymadein Section4.1,beingthatdynamicobjectsonly occupy thelesserpartof thevisible
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scene.This meansthat thebackgroundof thescenecoversthemajorpartof eachimagesothat

morepoint correspondencesarefound on staticpartsof the scenethanon moving ones. The

threereconstructionstepswill bedescribedin thefollowing.

4.2.1 Static Light Field Reconstruction

Eachimagesequenceis calibratedindependentlyusingthereconstructiontechniquesdescribed

in Chapter3. Following featuredetectionand tracking for the completesequence,an initial

subsequenceis calibratedusingoneof thefactorizationprocessesof Section3.3.3.Usually, the

third processingchainof perspectivefactorizationwith self-calibrationusinganaf�ne solutionis

selectedasit is bothreliableandaccurate.This is followedby anextensionof thereconstruction

to thewholeimagesequenceaccordingto Section3.4.1.

For simplicity, theintrinsic cameraparametersareassumedto bethesamefor all imagesin

all sequences,and,furthermore,they areassumedto beknown at leastapproximately. Theerror

arisingfrom this assumptionhasprovedto betolerable,evenif deviationswerewell above ten

percentof thetruevalue.

After 3-D reconstructionfor eachof theimagesequences,theinformationfor reconstructing

theindividualstaticlight �elds is available.However, thecoordinatesystemsof thereconstructed

cameraposesfor two imagesequencesnow differ from eachotherby arotation,atranslationand

anunknown scalefactor. Beforethe individual light �elds canbecombinedto form a dynamic

light �eld, they needto beregisteredwith eachotherusingthestepsintroducedin thefollowing.

4.2.2 Registration

Rotationand translationcan be determinedusing the fact that two cameraposesof a pair of

consecutive imagesequencesareapproximatelythe same.The transformationis doneby �rst

mappingoneof thetwo camerasinto theorigin of its coordinatesystemandthento theposeof

the othercamera.If the 3 � 4 projectionmatrix of the secondcamerais givenasP 2, andthe

rotationmatrix andtranslationvectorof the two camerasasR 1, R 2 2 IR3� 3 andt 1, t 2 2 IR3,

respectively, thetransformationis obtainedasfollows:

P 0
2 = P 2

 
R T

2 � R T
2 t 2

0T
3 1

! � 1  
R T

1 � R T
1 t 1

0T
3 1

!

: (4.1)

The result P 0
2 denotesthe new projectionmatrix in the coordinatesystemof the �rst se-

quence.Thesametransformationis thenappliedto all remainingF 2 � 1 camerasof thesecond
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Sequence1 Sequence2

CommonCamera ScalingDifference
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from Sequence1
from Sequence2

Figure4.1: Registrationof two imagesequences.Theincorrectscalingresultsin differentdistancesof the
reconstructedpoint cloudsof thescenefrom thecamerapositions.

sequence,denotedin thefollowing by P 0
f 2

; f 2 2 f 2; : : : ; F 2g. Theinverseof this transformation

is appliedto eachof theN 2 3-D pointspn2 ; n2 2 f 1; : : : ; N 2g, of thesecondsequenceto convert

themin thesameway:

p0
n2

=

 
R T

1 � R T
1 t 1

0T
3 1

! � 1  
R T

2 � R T
2 t 2

0T
3 1

!

pn2 : (4.2)

Figure4.1depictssucha registrationof two imagesequencesusingacommoncamerapose.

It alsoshows the effect of the scalingstepwhich hasnot yet beenapplied: on the onehandit

resultsin differentdistancesof the two 3-D point clouds,onefor eachimagesequence,from

thecamerapositions.On theotherhand,thedistancesbetweenthecameraspositionsarescaled

by the samefactor, which is indicatedby smallercamerasymbolsfor the secondsequencein

additionto thesmallerspacingbetweenthem.

Thescalefactoris obtainedbyconsideringthecentersof massof the3-Dpointsin eachimage

sequence.As thesequencesweretaken of thesamescene,thecentersof massareassumedto

be 3-D pointswhich areroughly at the samepositionin the scene.If the camerais movedon

approximatelythesamepathfor two consecutive imagesequencesthis assumptionholds,since

the featuresselectedby the trackingalgorithmwill be similar. The scalefactor �s is computed

as the ratio of the distancesof the centersof massfrom the two equalcameraposesof two

consecutivesequences.

Oncethis ratio is known all camerasand3-D pointsof the respective secondsequenceare

scaledto be registeredcorrectlywith the �rst sequence.Again, the projectionmatricesof all

camerasare�rst transformedsuchthatthecommon(�rst) camerapositionis movedto theorigin
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of thecoordinatesystem,scaledby amatrix

S =

0

B
B
B
B
@

�s 0 0 0

0 �s 0 0

0 0 �s 0

0 0 0 1

1

C
C
C
C
A

(4.3)

andthenmovedbackby the inverse�rst transformation.This way, the �rst cameraposestays

thesame,which is equalto thatof its counterpartin the�rst sequence.Thus,this transformation

canbewrittenasfollows:

P 00
f 2

= P 0
f 2

 
R T

2 � R T
2 t 2

0T
3 1

! � 1

S

 
R T

2 � R T
2 t 2

0T
3 1

!

: (4.4)

It is appliedagainto eachof the F 2 cameraposesin the secondsequence.R 2 andt 2 without

theindex f 2 denotetherotationmatrixandtranslationvectorof the�rst (common)camera.The

scalingof the3-D pointsis doneanalogouslyto equation(4.2).

4.2.3 Re�nement

After transformationof thecameraposesof all individualstaticlight �elds to thesamecoordinate

system,afurtherre�nementof thecalibrationis performed.Thisre�nementcompensatesfor the

errorsmadeduring registrationconsideringthe assumptionsmadeduring scalingandthe fact

thattherespective two cameraposesusedfor registrationwill notbeexactly identical.

As it wasproposedin Section3.4.2, the camerapositionsarecombinedin a 3-D meshin

which neighborswith similar views on thescenecanbe identi�ed easily. In Figure4.2 sucha

resultingmeshis shown schematically. Partsof two imagesequencesareshown on theleft side

with four cameraseach.Theneighborhoodconnectionsthatwereestablishedautomaticallyare

denotedby dashedlines,providedthatthesecamerasarecloseenoughto eachother.

Using theseneighborhoodsa secondtrackingstepsimilar to meshtracking introducedin

Section3.2.3is invoked.This time,no new featuresareaddedbut only thosearetrackedfurther

thatwereusedfor the �rst calibration.Sinceduring thecalibrationprocessfeatureswith a too

highback-projectionerrorareremoved,only themorerobustonesareleft at thisstage.Tracking

in this caseis performedin a two-steploop for eachimagesequence:

1. Theexisting featuresin thecurrentsequencearetrackedto theotherimagesequencesfol-

lowing theneighborhoodlinks establishedbefore.Thetrackingalgorithmis implemented
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Figure4.2: Creatingameshbetweentheoriginal imagesequences.Two differentsequencesaresketched
alongthesolid lines,while thedetectedneighborhoodrelationsaredrawn asdashedlines.

in sucha way that featurescanbe tracked from oneimageto any otherimageavailable.

No reorderingof theimagesequencesis required.

2. Theseadditionalfeaturesare now propagatedthroughthe other imagesequences.De-

pendingon the effort to be spentthis canbe just the precedingandthe following image

sequenceof the currentone,or all other imagesequences.The complexity in the latter

caseof courseincreasesquadraticallywith thenumberof imagesequences.

Throughthis process,the formerly mostly unrelatedsequences—except for the oneframe

which is commonin eachpair of consecutivesequences—arenow linkedtogetherthroughthese

new featurecorrespondences.

In a secondcalibrationstepthe cameraparametersfor the whole set of imagesof all se-

quencescannow be calculatedtogether. Like for eachindividual imagesequencebefore,an

initial subsetof imagesis soughtfor now which have thehighestnumberof featurecorrespon-

dencesin common.Unlikebefore,this subsetdoesnot needto bea subsequenceof consecutive

framesanymore,but constitutesasubgraphof theneighborhoodmeshconstructedfor thefeature

trackingstep(cf. Figure4.2). Calibrationis thenperformedasbefore,usinga factorizationfor

theinitial subsetandaddingtheremainingframesoneby one.Which frameto addnext is again

determinedby theneighborhoodmesh.

Afterwards,all cameraparametersareavailablein thesamecoordinatesystem,andnosecond

re�nementstepis necessary. Theerrorwhichoccursif thecorrespondingcamerasof eachpairof

sequenceswerenot exactly thesameafterall—which is usuallythecasesincethehandholding

thecameratrembleswhile theobjectis moved—isthusremoved.
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Thedisadvantageof thenew featurecorrespondencesis thatany of themcouldbepositioned

onamoving, i. e.,dynamic,partof thescene.Thesedynamicfeaturescanbeconsideredequiva-

lent to erroneouslytrackedpoints,andcanseverelyperturbthecalibrationresult.Nevertheless,

by postulatingthatonly a minor partof thesceneis actuallyin motionthecalibrationalgorithm

proved to be robust enoughto handletheseoutliers. They areremoved during the non-linear

optimizationstepsdescribedin Section3.4.2,wherefeatureswith a high back-projectionerror

arediscardedusinga thresholdvalueor robustoutlierdetection.

On theotherhand,featuresonadynamicpartof thesceneareunproblematicaslongasthey

are not tracked to anotherimagesequenceat a different time step. Within onesequence,all

featuresarestatic.

At this point, thedynamiclight �eld is completelyreconstructedexceptfor depthinforma-

tion. This canbe generated,e.g., by usingoneof the local depthmapalgorithmsdescribedin

Section3.6.1. Sincerenderingof thenext typeof dynamiclight �elds is donein thesameway

asstep-wisestaticones,depthmapgenerationwill bedescribedin Section4.4for bothtypesof

light �elds.

4.3 Moving but Rigid Objects

Thevideorecordingtechniqueusedfor thedynamiclight �elds of theprevioussectionobviously

posesa stronglimitation regardingpossibleapplications. In order to simplify the recording

process,thesecondtypeof dynamiclight �elds allowscontinuousmovementof oneor possibly

severalobjectsin thescene.Therestrictionhereis thattheobjectsarerigid in themselves.This

approachwas�rst publishedin [Sch05].

4.3.1 Segmentationof FeaturePoints

Thestartingpointof dynamiclight �eld reconstructionis animagesequenceof ascenecontain-

ing at leastonepermanentlymoving but rigid objectin front of astaticbackground.Two images

of anexamplefor suchasequenceareshown in Figure4.3,atoy crawler whichmovesin acircle

on a desk,while thecamerais likewisein permanentmotion.Thepoint segmentationalgorithm

appliedin thefollowing relieson objectmotionover a shortperiodof time, therefore,a lack of

motion is allowablefor at mosta few framesat a time, andobjectsandbackgroundhave to be

visible atall times.

In thefollowing, thebackgroundwill betreatedasanotherrigid object,sinceno distinction

canbemadea priori betweenforegroundandbackground.Thus,K objectsareassumed,where
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Figure4.3: Two imagesof theCrawlerexamplesequence

K � 2.

Themaindifferencebetweenthereconstructionprocesshereandthereconstructionof astatic

light �eld asoutlinedin Figure3.1of Section3.1is anadditionalsegmentationstepafterfeature

tracking,which assignseachfeaturepoint to oneobject. This segmentationallows a separate

reconstructionfor eachobject,whicharemergedafterwardsasdescribedin Section4.3.2.

Likein thefactorizationmethodfor reconstruction,featuresegmentationrequiresameasure-

mentmatrix W containingthe featuresvisible in the framesof an initial subsequence.As it is

known from Section2.2,theregisteredmeasurementmatrix fW is constrainedto rank3 in caseof

astatic3-D sceneandassuminganaf�ne projectionmodel.Thepreprocessingstepof registering

themeasurementmatrix reducesits rankby 1, sothat theunregisteredmeasurementmatrix W

hasrank4. Consequently, eachadditional,independentlymoving 3-D objectincreasestherank

of W by 4, if enoughfeatureson theobjecthave beendetected.In orderto assigneachpoint to

oneobjector theother, CosteiraandKanademake useof theso-calledshapeinteractionmatrix

Q [Cos98].FromthesingularvaluedecompositionW = U � V T , Q is obtainedas

Q = bV bV
T

; (4.5)

where bV correspondsto the �rst 4K columnsof V . Its mostusefulpropertyis thateachentry

in Q describeswhetherthe correspondingcolumnsin W , two features,belongto the same

subspace,i. e., object,or not. Thehigherthe valuethe greaterthecorrelation.A proof of this

propertyof Q aswell asanoverview over its additionalpropertiesaregivenin [Cos98].

Segmentingthe featureswhich wereusedto composeW now comesdown to sortingthe
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rows andcolumnsof Q suchthata block-diagonalstructureemerges,asdepictedin Figure4.4.

SortingQ is equivalentto permutingthe columnsin W , transformingit to its canonicalform

W � , where

W � = (	 1j	 2)

 
� 1 0

0 � 2

!

: (4.6)

Here,	 1 and	 2 denotethemotionof thecamerarelative to objects1 and2, while � 1 and� 2

containthe3-D featurepositionsoneitherobject,respectively.

In orderto sort Q, CosteiraandKanadeapply a greedyalgorithmwhich minimizesa cost

functionCm
j . In eachsortingstepm, onecolumnandrow permutationis performed,increasing

thesizeof thealreadysortedmatrix Qm �
by 1. Thepermutationis selectedsuchthattheenergy

of interactionbetweeneachcandidatecolumnj andthefeaturesalreadyin Q m �
is maximized.

Thus,Cm
j is givenas

Cm
j =

mX

i =1

q2
ij ; (4.7)

wherej = m + 1; : : : ; N . The columnsandrows j andm + 1 of Q arepermutedin order

to increasethesortedpartQ (m+1) �
of Q. In the idealcase,thealgorithmterminatesyielding a

sortedshapeinteractionmatrixQ � . Theremainingtaskis to identify theblocksof Q � , usingthe

factthatthesquareof theFrobeniusnormof eachblockQ �
k is equalto its rank.

Unfortunately, this greedyapproachto sortingtheentriesin Q is quitesusceptibleto noise,

andthusfails frequentlyto provide the correctsegmentation.Therefore,Kanataniintroduced

threesubsequentimprovementsof the original segmentationalgorithm. Thesemethodsare

termedsubspaceseparationandmodelselection[Kan01a],af�ne spaceseparation[Kan02]and

multi-stage optimization[Kan03], andwill be describedshortly in the following. For detailed

derivations,proofsandanalysesreferto theoriginalpublications.



4.3. Moving but Rigid Objects 107

Subspaceseparationand modelselection. In orderto groupfeaturestogetherin four-dimen-

sionalsubmatrices,the sameenergy asin equation(4.7) is maximized. However, groupingis

startedwith N initial groupsL n of onefeatureeachwhicharethenmergedsuccessively, instead

of groupingall featuresof oneobjecttogetherbeforecontinuingto thenext object.

As soonasmorethanfour featuresaregroupedtogether, a four-dimensionalsubspaceis �t

to themusing,e.g., SVD, andthe featurepositionsarerecalculated.Throughthis dimension

correction, the noisein the featuresis reduced,as long as the featuresaregroupedcorrectly.

Mergingof groupsanddimensioncorrectionarerepeateduntil only K groupsremain.

Furthermore,in decidingwhich groupsof featuresto merge,Kanatanidoesnot rely exclu-

sively on theenergy C which is basedon theshapeinteractionmatrix. Additionally, theresidual

J , which denotesthe squareddifferencebetweenoriginal featurepositionsand thosecalcu-

latedfrom thesubspace�t, is regarded.It increasesconsiderablyif two mismatchedgroupsare

merged,andlessif they belongto thesamesubspace.However, theresidualJ i � j of two merged

groupsL i andL j will alwaysbelargerthanthesumof theindividual residuals,J i + J j .

The decisionwhetherto merge two groupsis now basedon a criterion which is calledthe

geometricAIC, anextensionof theoriginalAkaike InformationCriterion. TheG-AIC quantizes

how well a model,i. e., a subspace,�ts a setof databy alsotaking into accountthedegreesof

freedomof a subspace,as two separatesubspacespossessmoredegreesof freedomthanone

combinedsubspace.TheG-AIC for themergedgroupsof featuresis computedas

G-AICi � j = J i � j + 2d(N i + N j + 2F � d)� 2 ; (4.8)

whered is therankof thesubspace(4 in this case),N i andN j arethenumberof featuresin i

andj , respectively, andF is thenumberof images.Thus,2F is thenumberof rowsof thevector

for onefeature.Finally, � denotesthenoiselevel, which is estimatedusingtheresidualJ i � j (cf.

[Kan01a]).ThecombinedG-AIC for two individual featuregroupsis givenby

G-AICi;j = J i + J j + 2d(N i + N j + 2(2F � d)) � 2 : (4.9)

A formalderivationfor theG-AIC, andtheAIC in general,is givenin [Kan96a].

In principle, two subspacesshouldbe merged if G-AICi � j < G-AICi;j . Sincethis would

disregardthe information in Q, Kanataniproposesthe following measurewhich incorporates

bothcriteria:

ci;j =
G-AICi;j

G-AICi � j
max

� 2L i ;� 2L j

jq�� j : (4.10)
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Replacingthe energy criterion of equation(4.7), the two subspaceswith the largestsimilarity

measureci;j aregroupedtogetheruntil only K groupsremain.

A �nal stepin thissegmentationalgorithmis arobustdetectionof outliersusingLMedS,asit

wasalreadydescribedin Section3.3.1.Here,pointsfaraway from theopticalcenterarefavored

asrandomsamples,sincethey aresegmentedmorereliably. Thedetectedoutliersin onegroup

arethenreassigned.

Af�ne spaceseparation. As it was pointedout in Section2.2, the registeredmeasurement

matrix fW hasonly rank 3, sinceit is assumedthat it is generatedby af�ne projection. The

sameassumptioncanbemadefor featuresegmentation,andthus,theabove algorithmchanges

accordingly. In [Kan02], this differentassumptionis implementedby �tting three-dimensional

af�ne subspacesto the groupedfeaturesinsteadof four-dimensionalones. Likewise, the geo-

metricAIC of equations(4.8)and(4.9)areadjusted.Thestability of theresultingsegmentation

increasesaslong asperspective effectsaresmall. This is in accordancewith the observations

madefor differentfactorizationmethods.

Multi-stage optimization. Thelastadditionof Kanatanito hissegmentationalgorithmentails

two contributions:anunsupervisedlearningstepwhich �ts a Gaussiandistribution to theaf�ne

subspaces,andtheconsiderationof degeneratemotion. Thesetwo extensionsarecombinedto

form themulti-stageoptimization.

Unsupervisedlearningmeansthat for eachclass,i. e., subspaceof W , or moving object,

respectively, a Gaussiandistribution consistingof meanvectorand covariancematrix is esti-

mated. Estimationis performedusingthe expectationmaximization(EM) algorithm[Nie03],

aniterativeprocedurewhich approximatestheparametersof thedistributionby maximizingthe

likelihoodof eachclass.

Degeneratemotionsand,likewise,objectgeometries,areoneissuethathasnot beenmen-

tionedheresofar. However, asCosteiraandKanadealreadypointedout andconsideredin their

approach,the subspacespannedby oneobjectdoesnot needto have themaximumrank. One

reason,which they treated,is thatthefeatureson theobjectthemselvesonly form a subspacein

3-D, i. e., they aresituatedon a planeor a line only. Thesecondreason,which is addressedby

Kanataniat this point andthe possiblymoreimportantone, is degeneratemotion. This is the

caseif anobjectonly movesparallelto the imageplaneandrotatesonly abouttheopticalaxis

of thecamera.In caseof theassumptionof af�ne subspaces,therankof thesubspacewould be

reducedto 2. If, in addition,theobjectsdo not rotateat all, they form parallel,two-dimensional
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Figure4.5: Featurestrackedon theCrawlerobject

subspaces.If suchdegeneratemotionsexist, the af�ne spaceseparationalgorithmfrom above

hasto bealteredaccordingly.

Unfortunately, it is generallynotknown beforehandwhetheranimagesequencecontainsde-

generatemotion,or not. Therefore,Kanataniproposesathree-stepapproachto takeinto account

all kindsof motion.First,aninitial segmentationis determinedusingaf�ne spaceseparationas-

sumingdegeneratemotion.Thissegmentationis usedto initialize anunsupervisedlearningstep

assuming,again,degeneratemotion. The�nal stepconsistsof unsupervisedlearningassuming

generalmotion.Thismulti-stagemethodprovedto yield thebestsegmentationresults1.

Oncethe featurepoints on eachobject have beenidenti�ed, the 3-D structureandcamera

posesrelative to eachobjectaredeterminedby applying,e.g., a paraperspective factorization

method,followedby non-linearoptimization(cf. Section3.3.3).

Thefact thatfeaturetrails arenot long enoughto reconstructa scenewith only oneapplica-

tion of a factorizationmethodis evenmoretruefor dynamicscenes.As featuresaredividedup

betweenseveralobjects,which maybesmallor moving quickly, theaveragelengthof a feature

trail may be quite low, possiblyasfew as10 to 20 frames.As an example,the featuresfound

on themoving objectin theCrawler sequenceareplottedin Figure4.5. Thus,the iterative ex-

tensionprocessof Section3.4.1hasto be appliedhereaswell, but interweaved with repeated

segmentationsof thenew featuresto beaddedto thereconstruction.In orderto increasetheun-

derlyingamountof data,andthusrobustness,thealreadyassignedfeaturesareusedto initialize

1Thesourcecodewaskindly providedby theauthorsat http://www.suri.it.okayama-u.ac.jp/e-program.html
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Figure4.6: Cameramotionrelative to amoving object.If bothcameraandobjectarein motion(left), the
cameramotionrelative to theobjectconsistsof bothmotioncomponents(right).

Kanatani'salgorithmwith theknown segmentation,therebyalsodecreasingcomputationalcost.

Assigningnew featuresto anobjecthasto bedonebeforetheir 3-D positionis triangulated.

In orderto do so, the setof new featuresis subdivided accordingto the numberof calibrated

framesthey are visible in. For eachsubset,a measurementmatrix is constructed,addingall

featureswhich arealreadysegmentedandvisible in theseimages.Thesegmentationalgorithm

is initialized with K prede�nedgroupsof sortedfeatures,andonegroupfor eachnew feature.

Concerningtheidenti�cation of wronglyassignedfeatures,theusualmethodsfor discarding

erroneouspoints—athresholdon theback-projectionerroror outlierdetection—takeeffecthere

aswell.

4.3.2 Registration of Object Reconstructions

After calibration,thecameramotionrelative to eachobjectis availableandcanbeusedto infer

themotionof the object. As depictedin Figure4.6, the reconstructedcameramotionnot only

dependson themotionof theobject,but alsoincludesthemotionof thecameraitself. In order

to get the motion of the object itself relative to the backgroundor otherobjects,the camera's

own motionhasto beeliminated.Theremainingmotioncomponentwill berequiredin thenext

subsectionfor dividing themotioninto timesteps.

Since,afterreconstruction,nocommonworld coordinatesystemis available,thereconstruc-

tion for eachobjectwill differ from theothersby anarbitraryrotation,translationandscaling.

This issuewasencounteredlikewisein theprevioussectionfor step-wisestaticlight �elds. The

solutionproposedhereis thereforesimilar to theapproachappliedbefore.

Without lossof generality, theobjectcontainingthehighestnumberof featuresis selectedas

thebackgroundof thesceneanddenotedasobject0. Likewisewithout lossof generality, it is

assumedthatthecameraposesfor thebackgroundandany objectk � 1 for the�rst image,P 0;1
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andP k;1, arethe same. Then,any objectcameraposecanbe transformedto the background

coordinatesystemanalogouslyto equation(4.1):

P 0
k;j = P k;j

 
R T

k;1 � R T
k;1t k;1

0T
3 1

! � 1  
R T

0;1 � R T
0;1t 0;1

0T
3 1

!

: (4.11)

Theinversetransformationis appliedto each(homogeneous)3-D objectpoint.

The remainingscalefactor is determinedin the sameway asfor step-wiselight �elds, by

assumingthat theobjectsshouldbeat thesamedistancefrom thecamerapositions.Therefore,

thescalingis calculatedastheratiobetweenthedistancesof thecentersof massof the3-D point

cloudsof objectandbackground,andagainappliedto eachcameraposeasin equation(4.4):

P 00
k;j = P 0

k;j

 
R 0T

k;1 � R 0T
k;1t

0
k;1

0T
3 1

! � 1

S

 
R 0T

k;1 � R 0T
k;1t

0
k;1

0T
3 1

!

: (4.12)

Bothbackgroundandobjectreconstructionarenow in thesamecoordinatesystem,although

the transformationis not exact sincethe scalingis calculatedonly by a heuristicmeasure.An

exactsolutionto thisproblemseemsto beanopenissuein 3-D reconstruction,sinceit is neither

addressedby Costeiraand Kanadein [Cos98], althoughtwo independentreconstructionsare

calculatedthereas well, nor in any other contribution dealingwith segmentationof moving

objectsin 3-D reconstruction,suchas[Avi99], [Han00]or [Sha01]. In caseswherethe inexact

approximationof the scalefactoris inadequatefor further processing,it hasto be adjustedby

hand.An accuratecalculationof thescalefactorremainssubjectto futurework.

Finally, the cameramovementrelative to the object is calculatedasthe transformationbe-

tweentwo correspondingcameraposes,the onerelative to the background,givenby R 0;j and

t 0;j , andthe transformedobjectmotion R 00
k;j , t 00

k;j extractedfrom P 00
k;j . This posedifferenceis

transformedbackto theworld coordinatesystemusingthereferenceposeR 0;1, t 0;1:

P �
k;j = (K j03)M 0;1M � 1

0;j M 00
k;j (4.13)

where

M k;j =

 
R T

k;j � R T
k;j t k;j

0T
3 1

!

: (4.14)

As can be seenfrom the above equation,the calibrationmatrix K is assumedto be the

samefor all images,the intrinsic parametersbeingconstantfor thewholesequence.If they are

estimatedalongsidetheposeparameters,they arestill thesamefor all objectsk in oneimagej .
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Figure4.7: Reconstructionof themoving objectin theCrawlersequenceandpartitioningof its movement
into four time steps,using the object-relative camerapositions. The camerapositionsaremarked in a
differentshadefor eachtime stepandemphasizedadditionallyby dashedlines.

Like for equation(4.11),theinversetransformationof equations(4.12)and(4.13)is applied

to the3-D objectpoints,althoughseparatelyfor eachcamerapose.In thisway, 3-D point trajec-

toriesaregeneratedwhicharerelevantlateron for calculatingdepthmapsfor visualization.

4.3.3 Time StepIdenti�cation

In caseof the step-wisestatic light �elds introducedpreviously, different time stepsin scene

motion are availabledue to the adaptedrecordingmethod. Visualizing theselight �elds is a

simplematter, aswill be shown in Section4.4. Therefore,it is desirableto establishthesame

preconditionsfor the light �elds at hand.Here,time stepsareequivalentto similar posesof an

objectin thecourseof its motion.Thus,thegoal is to identify andcombineimageswith similar

objectpositionsandorientationsto form individual timesteps.

UsingtheprojectionmatricesP �
k;j , k � 1, calculatedpreviously, similarobjectpositionsare

calculatedby applyinga vectorquantizer[Ger82] to the camerapositions,i. e., the translation

vectorst �
k;j . In orderto generatethecodebook,thestandardLinde-Buzo-Gray(LBG) algorithm

[Lin80] is employed.This iterativealgorithmdeterminesanoptimalpartitionof a setof vectors

by groupingthemaroundonecodebookvector for eachclass,thusminimizing the intra-class

distance. The codebookvectorsare given by the centroidsof eachclass. Both partitioning

andcodebookestimationareupdatedin eachiteration. Thus, for eachdesiredtime step,one

codebookvectoris speci�ed.An examplefor a resultingquantizationis shown in Figure4.7for

theCrawlersequence.Here,thecamerapositionsaresubdividedinto four time steps.

Unfortunately, this partitioningschemefor discretetime stepsintroducesa spatiotemporal
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dilemmafor later rendering. If a small numberof time stepsis selected,as in Figure4.7, the

objectpositionsbelongingto onetime stepwill bewidely spread.This leadsto seriousblurring

duringrenderingof theobjectasimagesareinterpolatedwhichdonot�t togetherwell. Likewise,

theobjectwill seemto moveslightly eveninsideof onetimestepasdifferentimagesareselected

asreferencewhile theobserving,virtual camerais moved.

On theotherhand,if a high numberof time stepsis chosen,only few imagesareassigned

to eachone.Sincethelight �eld relieson a densesamplingof theplenopticfunction,this leads

to a badreproductionof viewpoint-dependenteffects,suchasspecularlighting, shadowing or

occlusion,anderrorsin geometryinformationbecomemorepronounced.Therefore,theresult-

ing dynamiclight �eld getsbetterwith eithermoreinput images,or smallerandrepetitiveobject

motion.

4.4 ExtendedRenderingTechniques

Both step-wisestatic and rigid object light �elds are divided into time steps,arising directly

from reconstructionor resultingfrom a �nal processingstep. Therefore,both typesof light

�elds canbe visualizedusingthe renderingtechniquesfor step-wiselight �elds, introducedin

[Sch02,Sch04b]. This techniquewill be describedin the following subsection.However, the

latter typeof light �elds offersmoreinformationaboutmotion in thescene,which is exploited

by the renderingtechniqueintroducedin Section4.4.2. The �nal Section4.4.3of this chapter

providesan outlook to the future of dynamiclight �eld renderingfor rigid object motion by

introducingtheconceptof objectlight �elds.

4.4.1 Multiple Light Fields

For step-wisestaticlight �elds, eachtime stepis well separatedfrom all othersby the fact that

for eachof them,oneinput imagesequenceis available.Thus,for eachtimestep,onelight �eld

is readilyavailable,consistingof input images,cameraparameters,anddepthinformationin the

form of depthmapsor local proxies. As scenereconstructionsfor all time stepsareregistered

with eachother, soaretheresultinglight �elds.

Visualizingthesemultiple light �elds is a rathersimplematter. The light �eld renderer, be

it the free-formlight �eld [Sch01b]usedoriginally in [Sch04b],or theunstructuredlumigraph

[Bue01] usedlater, is extendedto handlean arbitrarynumberof light �elds. By switchingto

anotherlight �eld, differenttimestepsarevisualized.
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Figure4.8: Renderingtime stepsfor step-wisestaticlight �elds. Fromonelight �eld per time step,the
time stepcurrentlyviewedis selectedandimagesarerenderedfor this time stepfrom thecorresponding
light �eld.

This approachis outlined in Figure 4.8. As can be seenthere, the setsof input images

aredisjoint for eachtime step,andan additionalsetof depthmapsis requiredfor eachtime

step.Consistentinformationacrosstimesteps,suchasfor thestaticbackground,is not handled.

Consequently, largeamountsof datahave to bestored,andswitchingbetweenlight �elds may

requireextensivememoryaccessoperations.

The samevisualizationtechniquecanbe appliedfor dynamiclight �elds of rigid, moving

objects. However, in orderto createonelight �eld for eachtime step,the setof input images

availablehasto be split up betweenthe light �elds. The resultinglight �elds possessa very

smalldatabase,causinglow imagequality. Thenext renderingtechniquethereforeexploits the

availability of anobjectsegmentation,improving qualityat leastfor partsof thescene.

4.4.2 UsingCon�dence Maps

Theobservationof theprevioussectionwasthat,for bothkindsof dynamiclight �elds regarded

here,the backgroundof the sceneis staticandpartsof it arevisible in all input images.Nev-

ertheless,for eachtime steponly theinput imagesallocatedto it wereutilized for renderingthe

background,which meansthata lot of informationis discarded.With thesegmentationof fea-

tureson themoving foregroundobjects,a selectiveusageof imagecontentfor renderingis now

possible.

Thekey to thisselectiveusageareso-calledcon�dencemaps. They wereoriginally intended

to provide a con�dencevaluebetween0 and1 for thedepthvaluesin thecorrespondingdepth

maps.However, they wereso far only usedto maskout areasof an imagewhereno depthwas

availableat all, or whereimageinformationwasunusable.This is the case,e.g., in medical
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(a)

(b)(c)

Figure4.9: Examplecon�dencemapsof theCrawlersequencewheretheobjectis visible(a)andinvisible
(c). Thecon�dencemapis generatedfrom aDelaunaytriangulationof thesegmentedfeaturesin animage
(b).

applicationswherehighlightsarecausedon thescenedueto wetsurfacesof organs.Thebene�t

of removing thesehighlightsusingbinarycon�dencemapswasshown in [Vog02b, Vog02c].

For visualizingdynamiclight �elds of moving objects,con�dencemapsh f ;� arecalculated

for eachimagef f in thesequenceandfor eachtime step� = 0; 1; : : : . In this case,thecon�-

dencemapsmaycontainthreedifferentvalues,h f ;� (q) = 0 for pixelson theforegroundobject

if it is invisible, h f ;� (q) = 1 if it is visible, andh f ;� (q) = 0:5 for all backgroundpixels. The

valuesarechosenarbitrarily. Figures4.9(a)and4.9(c)show two examplecon�dencemapsfor

theCrawlersequence,the�rst wheretheobjectis visible,andthesecondwhereit is not.

In order to partition eachimageinto a foregroundanda backgroundarea,the segmented

featurepoints are connectedby a meshusing Delaunaytriangulationas in Section3.6.2. A

triangleis assignedto theforegroundif at leastoneof its verticesbelongsto themoving object.

Otherwiseit is allocatedto the background.Sucha partitioningis visualizedin Figure4.9(b),

showing the relationshipbetweenoriginal image,point featuretriangulation,and con�dence
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map.It alsoshows thatthis segmentationis very inexactandmaskstheobjectquitegenerously.

Obviously, an improved segmentationwould be desirable,but, as it will be demonstratedin

Section5.3, erroneouslymaskingthe backgroundis preferableto the opposite,which would

resultin artifactsduringrendering.

Transformingthetrianglemeshto acon�dencemapcanbedoneveryef�ciently usinggraph-

ics hardware,which is a logical choicefor handlingmeshes.Eachtriangleis assigneda depth

valueaccordingto its classi�cation,andafter renderingusingOpenGLthe con�dencemapis

readfrom thedepthbuffer of thegraphicscard.

In orderto make theeffect of con�dencemapsmoreplausible,thegeneralapproachto the

renderingof imagesfrom a light �eld shall be summarizedbrie�y . Initially, the virtual image

to be createdis subdividedby a regular trianglemeshwith m � n vertices. For eachof these

samplingpoints �qmn , a �x ed numberf r of contributing input imagesis selectedaccordingto

differentcriteria.The�rst twoof thosearetheangulardifferenceof viewing rayspassingthrough

the proxy surfacepoint correspondingto the samplingpoint, and the distanceof the camera

positionto thatof thevirtual camera.

At this point, a third selectioncriterion incorporatesthecon�dencevalues.For any kind of

light �eld, staticor dynamic,the input imageis discardedif h f ;� ( �qmn ) = 0. In the dynamic

case,this occursif the imageshows the moving objectat a point in time whereit is invisible.

Furthermore,two setsof closestimagesaremaintained,the�rst one,

F bg( �qmn ) = f f f j 0 < h f ;� ( �qmn ) < 1g ; (4.15)

wherethebackgroundis visible,andthesecond,

F fg( �qmn ) = f f f j h f ;� ( �qmn ) = 1g ; (4.16)

showing theobjectin adesiredpositionfor timestep� . Imagesareselecteduntil jF bgj + jF fgj =

f r . If no imagesarefoundshowing the object,i. e., if jF fgj = 0, only the backgroundwill be

renderedfrom F bg. However, if jF fgj > 0, F bg is discardedentirely andonly F fg is usedfor

rendering.This preventsthe blendingof backgroundandforeground,which would result in a

translucentappearanceof theobjectin motion.

The�nal renderingstepis initializedby reevaluatingtheweightsfor theinput imagesateach

vertex of the regular triangle meshsuperimposedon the virtual imageusing someadditional

criteria.Theresultingblend�eld determineshow correspondingtexturetrianglesfrom theinput

imagesareblendedto form thenew, virtual image.
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Figure4.10:Visualizingdynamiclight �elds usingcon�dencemaps.A light �eld thusconsistsof oneset
eachof imagesanddepthmaps,andonesetof con�dencemapsfor eachtime step.

Thebene�t of this improvedrenderingmethodfor step-wiselight �elds is clari�ed by Figure

4.10.Now, all input imagesanddepthmapsareusedfor eachtimestep.A restrictionis only ap-

pliedfor partsof theinput imageswheremoving objectsarepresent.This leadsto aconsiderably

improvedrenderingquality for backgroundareas,while the foregroundimagequality remains

the sameasbefore. However, the improvementis paid for with a higheramountof datato be

handledasthe total numberof imagesanddepthmapsstaysthe same,while con�dencemaps

arerequiredadditionally.

While the useof con�dencemapsimproves renderingquality, the principle drawback of

dividing objectmotioninto discretesteps,mentionedin Section4.3.3,remains.Themoresteps

areused,increasingtime resolution,the lower the numberof imagesavailable for each. The

conceptof objectlight �elds introducedin the following constitutesan importantsteptowards

remedyingthis tradeoff.

4.4.3 Object Light Fields

Theideabehindobjectlight �elds is to makeuseof additionalinformationwhichwasneglected

sofar. Becauseof featurepointsegmentation,a3-D reconstructionis availablefor eachof theK

objects,i. e.,backgroundandmoving objects.Now, usingtheoriginal cameraparametersP 0;j

of thebackground,andtheregisteredparametersP 00
ko ;j , ko = 1; : : : ; K � 1, of equation(4.12),

a separatelight �eld is createdfor eachobject. Thecon�dencemapscalculatedin theprevious

sectionareusedto completelymaskall imageinformationnot belongingto the currentobject

light �eld. Thevaluesfor h f ;k (q), k = 0; : : : ; K � 1, have to beselectedaccordingly.

In orderto correctlyvisualizethe dynamiclight �eld, the K individual light �elds have to

berenderedtogether, with anadjustabletransformationbetweenbackgroundandmoving object,
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M 0;ko .

Two mainissuesexist whichcurrentlypreventautomaticreconstructionof objectlight �elds

with suf�cient quality:

1. Objectsegmentationfor con�dencemapcalculationmakinguseof featuresegmentationis

notaccurateenoughfor correctvisualizationof individualobjects.An exactsegmentation

is requiredfor renderingwithout residualartifactsshowing partsof thebackgroundaround

objects.

2. Jointrenderingof multiple light �elds requirestheconsiderationof multiple issueswhich

have not occurredbefore.Collision detectionor correctocclusionhandlingdependingon

independentsetsof depthmapsor proxies,castingof shadowsaswell asef�ciency aspects

have to betreatedadditionally.

Theseproblemsarenot addressedaspartof this thesisandleft openfor furtherresearch.How-

ever, Section5.3.4offers a �rst exampleasoutlook to the potentialuseof object light �elds.

Anotherside-effect which canalreadybeutilized is that in thebackgroundlight �eld thuscre-

ated,themoving objectsareeffectively removed. Thus,if anobjectpassingthroughthe image

is consideredadisturbance,theundisturbedstaticsceneis madevisible again.



Chapter 5

Experiments

In thefollowing chapter, thetechniquesintroducedin Chapters3 and4 for reconstructingstatic

anddynamiclight �elds will be evaluatedexperimentally. The methodsof evaluationarede-

scribed�rst in Section5.1, which consistof the alreadyknown measuresof back-projection

errorandPSNR,aswell asgroundtruth dataobtainedby anopticaltrackingsystemandknown

scenegeometry. The experimentsthemselvesaredivided, again,into two partsfor staticand

dynamiclight �elds, respectively, givenin Sections5.2and5.3.

5.1 Light Field Quality Assessment

Objective evaluationof light �eld quality is a dif�cult task. Two criteria,back-projectionerror

andPSNR,wereintroducedalreadyin Section3.3.2. In the following, an assessmentof these

quality criteria themselveswill be given. It will be shown that both of thesemethodsexhibit

differentadvantagesanddrawbacks,sothattheinformationdeducedfrom themhasto betreated

with care.Therefore,a third evaluationmethodis introducedbasedongroundtruthdata.This is

obtainedeitherby anopticaltrackingsystemor throughtheuseof objectswith known geometry.

While it doesnot give a directmeasureof light �eld renderingquality, it offersa goodestimate

to theaccuracy of eithercameraposeor objectgeometryreconstruction.

5.1.1 Back-Projection Err or and PSNR

Apart from a comparisonwith groundtruth data,if available,back-projectionerrorandPSNR,

as de�ned in equations(3.20) and (3.23), are the only possibilitiesfound so far to obtain an

indicationfor thesuccessof a reconstruction.Althoughoftenused,they shouldneverthelessbe

119
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Back-projectionerror PSNR
Independentof imagecontent no no
MeasuresP f andpf n independently no no
Independentof scenegeometrytype yes no
Measuresqualityof metricupgrade no yes
Smootherrormeasure yes no

Table5.1: Comparisonof back-projectionerrorandPSNRasqualitymeasuresfor light �elds

regardedwith cautionfor reasonsoutlinedin thefollowing. A summaryof thepropertiesof the

two measuresis givenin Table5.1.

First of all, it hasto be statedthat neithermeasureconstitutesan absolutecriterion. Both

dependon thecontentof thesourceimagesequenceandthecircumstancesof recording.Thus,

if, e.g., anaf�ne projectionmodelis assumed,theback-projectionerrorof a featuredependson

thedistanceof thecorrespondingpoint from thecameraandits positionin animage,asfeatures

closerto theopticalaxisarelessdistorted(cf. Figure2.4,page27). Ontheotherhand,thePSNR

of a light �eld will behigherif theimagescontainlarge,homogeneousareaswhichdisappearin

differenceimages.

With both measures,the resultsof cameraparameterand3-D point positionestimationare

measuredtogether, re�ecting thesuccessof a reconstructionasa whole. Thus,it is usuallynot

possibleto giveaqualityvaluefor eithercameraparametersP f or 3-D pointspf n independently.

As back-projectionerror is computedbeforescenegeometryreconstructionit remainsthesame

for any of thegeometrytypesintroducedin Section3.6which maybeusedlateron. This is not

thecasefor PSNR,which rendersit suitablefor comparingthedifferenttypesof geometry.

Themainreasonfor introducingPSNRasasecondselectioncriterionfor factorizationmeth-

odsin Section3.3 is its ability to measurethesuccessof an upgradefrom projective to metric

reconstruction.This is demonstratedwith the left plot of Figure5.1, wherea 100imagessub-

sequenceis processedapplying perspective factorizationwith self-calibrationusing an af�ne

solutionasdescribedin Section3.3.3on page66. The entriesof upgradematrix D given in

equation(3.24)aremodi�ed with Gaussiannoiseof differentdegreesto distort theresultingre-

construction.Consequently, thePSNRvaluedeterioratesrapidlywith increasingnoise,while the

back-projectionerror is completelyunaffected. The resultsfor eachnoiselevel wereaveraged

over� vetrials. Theexampleontheright handsideof Figure5.1showsreconstructionerrorsof a

paraperspective factorizationof thesameimagesubsequencefor differentassumptionsfor focal

lengthf . In this case,back-projectionerrorandPSNRareobviouslycorrelated.

Finally, Figure5.2showstheexperimentsof Figure5.1for averyshortexamplesequenceof
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Figure5.1: Back-projectionerrorandPSNRfor thereconstructionof a100imagesinitial subsequence.(a)
Variationof noiseon themetricupgradematrix; (b) differentfocal lengthpresettingsfor paraperspective
reconstruction.
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Figure5.2: Back-projectionerrorandPSNRfor thereconstructionof an8 imagesexamplesequence.(a)
Variationof noiseon themetricupgradematrix; (b) differentfocal lengthpresettingsfor paraperspective
reconstruction.

only 8 images.Theright handplot documentsoneadditionaldrawbackof PSNR,its sensitivity

to small changesin parameters,especiallyfor few imageswherelittle averagingoccurs. In

contrastto that,theback-projectionerroryieldsasmootherrorcurve. For factorizationselection

of Section3.3, this effect is thereasonwhy the�nal decisionis madebasedon back-projection

error.
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(a) (b)

Figure5.3: (a)Sony DV cameraequippedwith atargetconsistingof � vere�ective,sphericalmarkers,(b)
ARTtrack2camerasof thesmARTtrack1opticaltrackingsystem

5.1.2 RelativePoseand GeometryErr or fr om Ground Truth Data

The evaluationmethodsintroducedhereweredevisedby Vogt for experimentalevaluationof

light �elds from endoscopicimagesin [Vog06]. As alreadymentionedin Section1.1, a very

reliableway to acquirecameraposeinformationfor light �elds is theuseof anoptical tracking

system.Suchatrackingsystemconsistsof two or moreinfraredcameraswith integratedinfrared

light sources,anda targetequippedwith re�ective markers.For theexperimentsin this chapter,

suchatargetwas�x edto aSony DSR-PD100APDV cameraasshown in Figure5.3(a).In Figure

5.3(b),two camerasof thetrackingsystemby AdvancedRealtimeTrackingGmbHaredepicted.

Sincethe relative posesof the two camerasand the geometryof the target arecalibrated,the

target's positioncanbe triangulatedin a Euclideanworld referenceframe(cf. Table2.1, page

41).

The optical trackingsystemyields groundtruth dataconsistingof rotation R f and trans-

lation t f for eachimagef after a so-calledhand-eye calibration is applied. Obviously, the

trackingsystemonly estimatesthepositionof the target,but not theposeof thecamerawhich

is denotedby thecameracenter. This transformation—translationandrotation—whichis �x ed

for all images,is calculatedusinga numberof referenceimagesof a calibrationpattern. The

transformationis obtainedusingthevectorquantizationbaseddataselectionschemeintroduced

in [Sch04a,Sch06].Estimatedcameraposesfrom reconstructionalgorithmsaredenotedby bR f

andbt f .

As proposedin [Vog06], thedifferencebetweenreconstructionandgroundtruthdatais given

asaveragerelative errorsbetweencameraposepairs (f ; g) which are chosenrandomly. Ad-
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ditionally, a constraintmay be imposedstatingthat the minimum framedistancein the image

sequenceis above a certainthreshold,i. e., jf � gj � � f . A usualnumberof point pairsis 100

or 1000.

Calculatingtherelative translationbetweentwo cameraposesis straightforward,theerror is

givenas

� t ;rel =
kt f ;g � bt f ;gk

kt f ;gk
; (5.1)

wheret f ;g is thetranslationbetweencameraposesf andg. Theerrorthusdenotesa percentage

valueof deviationfrom thetruetranslationdistance.However, thetwo translationvaluest f ;g and
bt f ;g areonly comparableif thetwo reconstructionsarescaledequally. In orderto achievethis,the

algorithmproposedin [Zin05] for registeringtwo point setswith integratedscaleestimationis

applied.It usesSVD to minimizethedistancebetweenthetwo setsof cameraposeswith respect

to thesumof squareddifferences.Thus,not only thecorrectscalefactoris calculated,but also

rotationandtranslation.A roughpre-alignmentis achievedby mappingonecameraposeof the

estimationto thecorrespondinggroundtruthpose,analogouslyto equation(4.1),page100.

For measuringtherotationerror, the rotationdifferencebetweenthe two cameraposesof a

pair is calculatedas

R diff;f ;g = bR
T

f ;gR f ;g : (5.2)

In orderto getanangularerror, therotationdifferencematrix is transformedto axis/anglerepre-

sentation,with r diff;f ;g therotationaxisand� diff;f ;g therotationangle.Therelative rotationerror

is thencomputedas

� R ;rel =
k� diff;f ;gk

k� f ;gk
: (5.3)

Contraryto thetranslationerror� t ;rel, therelativerotationerroris independentof aprior registra-

tion of thetwo cameraposesequences.Theaverageerrorsover a largenumberof camerapose

pairsaredenotedby � t ;rel and� R ;rel, respectively.

A secondmethodfor acquiringgroundtruth aboutcameraposesis to placeanobjectto be

recordedon a turntable,andto �x thecameraon a robotarmwhich canbemovedin a vertical

arc over the turntable. From the positionanglesof turntableandrobot arm, the cameraposes

on a hemisphereover the objectarederived. Relative translationandrotationerrorsare then

computedasabove.

Sofar, groundtruth datawasonly acquiredfor thecameraposes,but not for the3-D object

or scenebeing recorded. The usualway for providing groundtruth for scenegeometryis to

useonly objectswith known properties.The mostprominentof thesearecalibrationpatterns.
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Most calibrationpatterns,however, areill-suited for structure-from-motionasthey often show

repetitive patterns,leadingto wrongly assignedfeatures,or possessonly a singlesurfacewhich

constitutesa degeneratecase.Instead,sphericalobjectswith a more“natural” surfacetexturing

areused.A sphereis �tted to thereconstructedscenepointsby solvinganover-determinedlinear

systemof equationsfor its radiusandcenterfor each3-D point. The3-D pointsarethenscaled

so that theradiusof thesphereis normalizedto 1. Thenormalizedrelative shapeerror � shapeis

calculatedasthemeandistanceof the3-D pointsto thesurfaceof thesphere.

5.1.3 Comparisonof Evaluation Methods for Static Light Fields

Of thethreeoptionsintroducedpreviously for evaluatingthequality of a light �eld reconstruc-

tion, back-projectionerror, PSNR,andgroundtruthdata,thelastoneis clearlypreferableto the

formertwo, if available.Nevertheless,somerestrictionshave to beconsidered.Opticaltracking

itself hasa limited accuracy, which is speci�edby themanufacturerto be0:19mmperpendicular

to theopticalaxesof thetrackingcamera,and0:36mmparallelto thematadistanceof up to 4m.

Therotationalerroris 0:14� .

An additionalerror is introducedby hand-eye calibration.Comparingoptical trackingwith

calibrationusinga calibrationpattern,the error after hand-eye calibrationis given in [Vog06]

with � t ;rel = 2:5% and� R ;rel = 2:2% for theSony DV camerashown in Figure5.3(a).No such

measurementsareavailablefor theturntablesequences.

In many caseshowever, optical trackingis not possibleor desired.Onedrawbackof these

sequencesis thata synchronizationsignalis requiredwhich is only availableif S-Video is used

for transmission.Thisanalogsignalis, however, inferior to thedigital DV signalwhichis ideally

provided, e.g., by the above Sony DV camera.In addition,S-Video imagesaregeneratedby

interlacingtwo �elds of half the resolutionof the whole image. This requiresdeinterlacing

andinterpolationof every secondscanline, which further reducesimagequality in contrastto

progressive scanrecording. In [Vog06], the sensornoiseof S-Video is quanti�ed with a mean

standarddeviation of 2:4 averagedover thethreecolor channelsasopposedto DV with a value

of 1:8. Thesedifferencesareof coursenoticeablefor reconstruction.

Additionally, theopticaltrackingsystemis unsuitablefor outdoorapplicationsor360� record-

ingswherethe trackingtarget is frequentlyoccluded.In thesecases,back-projectionerrorand

PSNRremainfor quality measurement.They constitutemeaningfulmeasuresas long as the

characteristicsstatedin Section5.1.1 are considered.Thus, their expressivenessincreasesif

usedtogether, and, in caseof PSNR,the longer the imagesequenceunderexamination. For

comparingdifferenttypesof scenegeometry, only thePSNRis meaningful,andbothmeasures
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dependon imagecontentandshouldthereforenot be usedto comparemethodsacrossimage

sequences.

5.1.4 Quality Measuresfor Dynamic Light Fields

Evaluatingthereconstructionof a dynamiclight �eld is considerablymoredif�cult thanin the

staticcase,anddifferentmethodshaveto beappliedfor step-wisestaticandrigid-objectcase.In

the�rst case,back-projectionerrorandPSNRmaybelikewiseappliedfor thelight �eld of each

singlestep,but this yieldsno informationabouthow well thelight �elds areregistered.In order

to measurethis, theback-projectionerrorof pointsvisible in severaltimestepsononehand,and

theaveragecolorvaluedifferenceperpixel for thesameview of thescenerenderedfor different

time stepson theotherhandareconsidered.Thespeci�c implementationsof thetwo measures

aredescribedin Section5.3.2.

In caseof light �elds of moving but rigid objects,theback-projectionerror for eachobject

is asmeaningfulasbefore,but calculatingthePSNRyieldsno additionalinformation,asobject

andbackgroundin a renderedimageareusuallynot comparableto a singlesourceimage.This

leavesonly the subjective impressionof the observer asa meansfor comparisonof rendering

quality.

5.2 Evaluation of Static Light Fields

In this section,the methodsfor reconstructinga static light �eld, introducedin Chapter3, are

evaluatedexperimentally. First, thefollowing subsectionintroducesall imagesequenceswhich

areusedlateron in theexperiments,describingthecircumstancesof their recordingandexplain-

ing thenamingconventions.Theremainderof thesectiondealswith differentaspectsof static

light �eld reconstructionin therespectivesubsections.

5.2.1 TestSequencesand HardwareDescription

The imagesequencesusedfor experimentalevaluationcanbe divided into four differentcate-

goriesaccordingto themethodof recording.Theidenti�ers givento eachsequencere�ect this

methodof recording,aswell asthenumberof imagesin thesequences.Thefour categoriesare

� SET: An unorderedcollection of photographstaken with a Casio QV-3000 EX/Ir 3:3

Mpixel digital camera.Thesetsof imagesareusedto evaluatereconstructionusingSIFT

features.
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Figure5.4: Testimagecollections:two imagesfrom FountainSET-35(�rst row) andGlobeSET-17(second
row), and a completeexamplereconstructionfor eachcollection in the right-handimageshowing all
cameraposesandreconstructed3-D pointson thescene

� HH: Imagestaken with a handheld camera,speci�cally the Sony DV camerashown in

Figure5.3(a)but without there�ective markers,usingits non-interlacedprogressive scan

modefor recording.The imagesarethusof high quality andin sequentialorder, suitable

for featuretrackingusingtheKLT approach.

� TT: Objectsplacedon a turntablewith thecameramountedon a robotarm. This allows

therecordingof a hemisphereof imagesaroundtheobjects.Thecamerausedis a Pulnix

TMC-9700,which is alsocapableof progressivescanrecording.

� ART: Imagesequenceswith additionalposeinformation obtainedby the optical track-

ing systemof AdvancedRealtimeTrackingGmbH(ART). As describedin Section5.1.2,

theimagesarerecordedusingS-Videowhich requiresdeinterlacing,thusreducingimage

quality in comparisonto thehand-heldsequences.

The category of recordingis part of the nameof eachimage sequence. The length of

eachsequenceis annotatedin the nameas well, so that eachsequencenameis of the form

<name><category>-<length> .

Of thecollectionsof photographs(SET),two instancesareusedfor evaluatingSIFT feature

trackingin Section5.2.2: FountainSET-35 andGlobeSET-17, shown in Figure5.4. As canbe

seenfrom theexamplereconstructions,the �rst collection,showing a fountainin thegardenof
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theErlangenresidence,representsarelatively densesamplingof thescenewith camerapositions

closelytogetherandatthesamedistancefrom thecentralobject,butwith alargedepthdifference

betweenforegroundandbackground.In thesecondcollection,camerapositionswerequite far

apart,laterallyaswell asin distancefromthescene.All imagesof bothsetsareof size1024� 768

pixels.

Fiveof thetestsequences,depictedin Figure5.5,weretakenwith ahand-heldcamera(HH).

The�rst one,MilkHH-190, is usedthroughoutmostof thefollowing experiments.ArtifactHH-

160shows anancientGreekvasewhich was,althoughplacedon a turntable,recordedwith the

Sony DV cameramountedonatripod. Sincetheverticalpositionof thetripodwasnotmeasured,

thesequenceis neverthelesscategorizedashand-held.It is usedin Section5.2.3to pointout the

effectsof non-sequentialtrackingandreconstruction.For eachof theremainingthreesequences,

Of�ceHH-109, CandyHH-113, andSantaHH-207, a secondsequenceis availablewhich is com-

binedwith the�rst onein Section5.2.7to demonstratetheextensionof existing light �elds. The

imagesizefor all sequencesis 512� 512pixels cut out symmetricallyfrom the original PAL

resolutionsinceimagesof size2n � 2n canberenderedmostef�ciently .

The next category of sequencesis thoseof objectsplacedon a turntable(TT). Figure5.6

exempli�es two of the threesequencesavailable. While SantaTT-752coversalmostthe whole

hemispherearoundtheobjectwith a total of 752images,ColaTT-40 representsonly onerevolu-

tion of theturntable.Thethird sequence,SantaTT-200, constitutesthe lower � ve revolutionsof

theturntableof sequenceSantaTT-752. It is thusvery similar to SantaTT-752andthereforenot

depicteditself. While SantaTT-752is usedin Section5.2.3dealingwith viewpoint meshes,the

lattertwo sequencesareutilizedin Section5.2.7.Theimagesof thesesequencesarethesmallest

in thetestset,with only 256� 256pixels.

Thelastsequencesto beintroducedarethosewhichweretakenwith ahand-heldcameraand

anopticaltrackingsystemin ordertogaininformationaboutthecameraposes.The�rst sequence

depictedin Figure5.7,GlobeART-501, is usedin mostof thefollowing sectionsasit suppliesa

measurefor thecorrectnessof 3-D reconstruction,dependingon thedeviation from aspherefor

thereconstructedglobe. Threemoresequencesarederivedfrom it, GlobeART-200, GlobeART-

100, andGlobeART-50, by leaving out imagesat regular intervals. Theseareusedin the next

sectiononly for comparingSIFT featuresandKLT tracking. The remainingsequenceswere

includedto testvariousspecialproperties:CirclesART-501andCrawlerART-510containmany

recurringcameraposes,andGlassART-150includessometransparentportionswhich arelikely

to generateunreliablefeatures.While CirclesART-501 is againusedin differentexperiments,

GlassART-150 is appliedto testrobust methodsin Section5.2.5,andCrawlerART-510 is only
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Figure5.5: Testsequencestakenwith ahand-heldcamera:(from topto bottom)MilkHH-190, ArtifactHH-
160, Of�ceHH-109, CandyHH-113, andSantaHH-207. The right-handimageshows an examplerecon-
structionfor eachsequence.
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Figure5.6: Testsequencesof objectsona turntable:(toprow) SantaTT-752and(bottomrow) ColaTT-40,
with anexamplereconstructionfor each

usedin Section5.2.7.Imagesaregenerallyof size512� 512pixels,only in caseof CrawlerART-

510thenativePAL formatof 768� 576pixelsis retained.In thiscase,this is requiredto improve

featuretracking.

All experiments,for staticaswell asfor dynamiclight �elds, areperformedon a Linux PC

with anAMD Athlon 64 3000+CPUand2 GByteof mainmemory. Thegraphicshardwareis

basedon theNVidia GeForce6800chipset.Theresultsshown in thefollowing mayvary if the

softwareusedto run theexperimentsis compiledwith differentcompilers,compilerversions,or

optimizationsfor differenttypesof CPUarchitecture.In general,however, it hasbeenfoundthat

thesevariationsaresmallanddonotaltertheconclusionsdrawn. Only in caseswheretechniques

showedanunstablebehaviour for certaininputdata,distinctdifferenceswereobservedat times.

5.2.2 SIFT Featuresand KLT Tracking

In Section3.2 two alternatives for generatingfeaturecorrespondenceshave beenintroduced:

the matchingof SIFT featureswhich aredescribedby equations(3.13)and(3.14)on page57,

and featuretracking using the Kanade-Lucas-Tomasi(KLT) approachas de�ned by equation

(3.12),page56. Theadvantageof SIFT featuresis thatby matchingfeaturesfrom eachimage

with all others,a sequentialorderof theimagesis not required.In this section,thepropertiesof

SIFTandKLT featuresarecomparedregardingaccuracy of reconstruction,but alsotheirruntime
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Figure5.7: Testsequenceswith posedatafrom optical tracking: (from top to bottom)GlobeART-501,
CirclesART-501, GlassART-150, andCrawlerART-510. An examplereconstructionis given in theright-
handimagefor each.

requirements.

Theadvantageof SIFT features,their reliability despitelargeimagedisparities,is shown by

the�rst experimentwhereSIFT featurecorrespondencesweregeneratedfor thetwo setsof pho-

tographsGlobeSET-17 andFountainSET-35. In orderto estimatethecameraposeparameters,a

variantof non-sequentialreconstruction(Section3.4.2)is used,wherethecamerameshconsti-

tutesafully meshedgraph.Thenext cameraposeto beestimatedis selectedastheonefor which

the highestnumberof visible featureshave alreadybeentriangulated.Only theextrinsic cam-
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Sequence PSNR back-proj. err. sphere dev. time
GlobeSET-17 14.9dB 0.548 0.139% 296s
FountainSET-35 15.7dB 1.73 — 1242s

Table5.2: Reconstructionresultsfor two setsof photographsusingSIFT features.A reconstructionusing
trackedfeatureswasnotpossible.

Figure5.8: Imagesrenderedfrom theGlobeSET-17 andFountainSET-35 light �elds reconstructedusing
SIFT featurecorrespondences

eraparametersareestimated,thetrue intrinsic parametersweredeterminedbeforehandusinga

calibrationpattern.

The resultsof reconstructingthe two setsof imagesareshown in Table5.2. In both cases,

reconstructionwassuccessfulfor SIFTfeatureswith relatively low back-projectionerrors,while

resultsfor KLT trackingarenot givensincefrom thefeaturecorrespondencesgenerated,no re-

constructionwaspossible.Thelow PSNRvalues,however, areexplainedeasily. In bothcases,

reconstructionwasbasedon very few features,which arethenusedto generatelocal proxiesas

scenegeometry. But sinceboth scenespossessa large depthrange,this scenegeometryforms

only averyroughapproximation.This is apparentin therenderedexampleimagesof Figure5.8.

Especiallyfor theglobeimage,thepatchwherefeaturecorrespondenceswereavailablestands

out becauseof its high contrast,while the imagegetsincreasinglyblurredfartheroutside.This

effect is ampli�ed by the very low numberof imageswhich were taken from far apartview-

points.Althoughsuccessful,generatingthefeaturecorrespondencestook 4:8 and20:9 minutes,

respectively, which is abouttwo ordersof magnitudeslower thanKLT trackingin this case.

The secondexperimentwasdesignedto comparethe accuracy of SIFT featuresandKLT

trackingwhenappliedto imagesequenceswith little disparitybetweenconsecutive images.The

resultsshown in Table5.3for sequencesGlobeART-200andMilkHH-190suggestthatbothtypes
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Sequence Type PSNR back-proj. err. sphere dev. trans. err. rot. err.
GlobeART-200 KLT 30.4dB 0.393 0.217% 8.42% 11.2%

SIFT 30.5dB 0.470 1.63% 8.56% 9.55%
GlobeART-100 KLT 26.8dB 0.667 1.22% 9.88% 14.4%

SIFT 26.8dB 0.547 1.28% 17.6% 9.45%
GlobeART-50 KLT 8.75dB 1.51 1.74% 751% 127%

SIFT 22.9dB 0.443 0.623% 7.93% 9.36%
MilkHH-190 KLT 25.4dB 0.954 — — —

SIFT 26.8dB 0.900 — — —

Table5.3: Comparisonof reconstructionsusingSIFT featuresandKLT tracking.While resultsarecom-
parablefor imagesequences,theSIFT featuresgetbetterthefarthertheimagesareapart.

of featurecorrespondencesarecomparableregardingaccuracy, sinceall errormeasuresarecon-

sistentlylow. Thisaccuracy, however, is gainedat theexpenseof exponentialcomplexity in case

of theSIFT features,asmatchingis donefor all possiblepairsof images.For GlobeART-200for

instance,SIFT featurematchingtakesseveralhoursfor all images,while KLT trackingrequires

only 56seconds.

SequencesGlobeART-100 andGlobeART-50 are intendedto show the effect of increasing

disparitybetweenimages.Therefore,every secondimagefor GlobeART-100 andthreeout of

four imagesfor GlobeART-50 were removed from GlobeART-200. Consequently, error rates

increasedrasticallyusingKLT tracking,somuchthatGlobeART-50 couldnot bereconstructed

properly. For SIFT features,thereconstructionerrorsremainroughlythesame,althoughPSNR

decreasesdueto thegreaterbaselinebetweenimagesandthusincreasedin�uence of incorrect

depth.

Summary: While accuracy maybecomparablebetweenthesetwo typesof featuregeneration,

linear trackingusingtheKLT methodshouldbechosenif imagesequenceswith little disparity

betweenconsecutive imagesareprocessedbecauseof its muchlower complexity. However, for

collectionsof photographsor sequenceswith low framerates,SIFT featuresmay be the only

possibleoption,even if processingtime increasesrapidly with the numberof images.Thus,a

combinationof the two methodsis a logical choicefor generatinga light �eld from multiple

imagesequences,asit is describedin Section3.7.4.
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5.2.3 Non-SequentialTracking and Reconstruction

It waspointedout beforethat processingan imagesequencein sequentialordermay lead to

error accumulation.Therefore,non-sequentialprocessingwas introducedfor featuretracking

(Section3.2.3)andcameraparameterestimation(Section3.4.2).Thecreationof acameramesh

from theresultsof apreceding,sequentialreconstruction,which is describedby equations(3.26)

and(3.27)on page70, is requiredasa preprocessingstep.

In orderto comparesequential(linear)andnon-sequential(mesh)reconstruction,� ve image

sequenceswith differentpropertieswereselected.The �rst experimentwasconductedin the

sameway for all sequences,i. e., bilinear trackingwas appliedandafter initial factorization,

imagesareprocessedaccordingto Section3.4.1.For thesecondexperiment,acamerameshwas

constructedasdescribedin Section3.4.2. Dependingon the kind of informationavailablefor

a sequence,the meshwaseithergeneratedfrom the previous, linear reconstruction(sequences

GlobeART-501, CirclesART-501, MilkHH-190) or from known turntablepositions(sequences
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Sequence Type features avg. trail length
GlobeART-501 linear 10507 52.3

mesh 4568 83.8
CirclesART-501 linear 14746 31.7

mesh 4183 88.1
SantaTT-752 linear 57041 8.64

mesh 2166 201
ArtifactHH-160 linear 18885 6.55

mesh 3837 25.8
MilkHH-190 linear 4455 42.2

mesh 1808 85.7

Table5.4: Featurestrackedwith sequentialandnon-sequentialtracking

Sequence Type PSNR back-proj. err. sphere dev. trans. err. rot. err.
GlobeART-501 linear 31.1dB 0.376 1.96% 10.5% 16.4%

mesh 29.9dB 0.548 0.586% 10.1% 15.0%
CirclesART-501 linear 31.7dB 0.941 — 14.8% 23.4%

mesh 30.9dB 1.23 — 25.2% 61.1%
SantaTT-752 linear 19.3dB 0.820 — 97.0% 62.7%

mesh 28.8dB 0.842 — 17.3% 13.4%
ArtifactHH-160 linear 14.2dB 0.832 — — —

mesh 26.7dB 1.04 — — —
MilkHH-190 linear 26.7dB 0.685 — — —

mesh 25.5dB 1.04 — — —

Table5.5: Comparisonof sequentialandnon-sequentialreconstruction

SantaTT-752, ArtifactHH-160). Featuretrackingandreconstructionwerethenperformedagain

usingthis meshinformation. The two proceduresareoutlinedin Figure5.9. As canbe seen,

they sharea numberof processingsteps.Cameraposeand3-D reconstructionaswell aslight

�eld generationaremostly identicalin bothcases,suchthat thedetaileditemizationsgivenfor

thoseprocessingstepsin two separateblocksof thediagramarevalid for linearaswell asmesh

reconstruction.Only thesequenceof processingtheimageswill usuallydiffer for reconstruction.

Themostobviousbene�t of meshtrackingcanbeobservedin Table5.4. Usingthecamera

mesh,thenumberof featurestrackedfor oneimagesequencedecreasesconsiderably, while the

averagelengthof a trail, i. e., thenumberof imagesa featurewasvisible in, increasesat almost

thesamerate.

Fromtheevaluationresultsfor 3-D andcameraposereconstructionof Table5.5on theother

hand,a numberof ambiguousconclusionscanbe drawn. In all cases,back-projectionerrors
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(a)CirclesART-501 (b) GlobeART-501

Figure5.10: Camerameshesfor two examplesequences.SequenceCirclesART-501representsa notice-
ably densersamplingof thescene.The interconnectingmeshis denotedby linesconnectingthecenters
of projectionof neighboringcameras(pyramidtips).

increasedaftertheapplicationof meshreconstruction.Consideringthatthis errorre�ects the�t

of a 3-D point to its 2-D projections,theincreaseis not surprisingsincea largernumberof 2-D

featuresis availablefor each3-D point.

Theremainingerrormeasuresshow clearlythatthesuccessof non-sequentialreconstruction

dependsstronglyonthetypeof imagesequence.In caseof thetwo turntablesequences,SantaTT-

752andArtifactHH-160, anobviousimprovementis achieved.They representadensesampling

of the scene,which resultsin short distancesfrom onecameraposition to its neighbors,and

thereforevery similar imagesin all directions.This prerequisiteis bene�cial for KLT tracking,

leadingto smallerrorsduringtracking.Theotherthreesequencesall constitutesparsesamplings

of the sceneto varying degrees,which can be seenin the comparisonbetweentwo of them

in Figure5.10. They aresuitedlessfor non-sequentialreconstruction,which is re�ected in a

worseningof bothPSNRandposeerrorsin thenon-sequentialcase.

Nevertheless,thisresultis still misleading,mainlybecausePSNR,asit is usedhere,measures

local light �eld quality, while non-sequentialprocessingimprovesthe resultsglobally—many

featuresarere-detectedwhich areotherwiselost, andthusvalid for a largernumberof images.

However, if only thecurrentimageis removedfor calculatingtheimagedifference,only a local

neighborhoodof imagesis drawn on for rendering.Themoreimagesin theneighborhoodof the

currentimageareremoved,thefartherawaytheimagesusedfor renderingwill be,thusre�ecting

bettertheglobalcorrectnessof reconstruction.
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Figure5.11:Localandglobalerrorin non-sequentialreconstructionusingPSNR,measuredby anincreas-
ing numberof imagesremovedduringPSNRcalculation

This is exempli�ed in Figure 5.11, wherean increasingnumberof imageswas removed

for PSNRcalculationfor sequencesCirclesART-501andGlobeART-501. In both cases,PSNR

getsbettereventuallyfor non-sequentialreconstruction,showing thattheresultis globallymore

correct. Additionally, the numberof local proxiesof neighboringimageswhich wereusedto

calculatedepthfor eachimagewas increasedfor this experiment,which improved PSNRfor

the non-sequentialcase.This shows that local proxiesaremoreconsistentaswell, asthey are

calculatedfrom fewer, non-ambiguous3-D points.

Summary: Thebene�tsof non-sequentialtrackingandreconstructiondependstronglyon the

way theinput imageswereacquired.In caseof a densesamplingof thescene,it mayconsider-

ably increasetheaveragenumberof correspondencesfor eachfeature,thusimproving therecon-

structionresults.Nevertheless,for lessdenselysampledscenes,the greaterglobal consistency

achievedis not necessarilyre�ected in light �eld quality. In thosecaseswhere,e.g., the image

sequencecontainsonly few images,theadditionalstepsof meshtrackingandreconstructionare

notnecessaryandcanbeomitted.

5.2.4 Automatic Selectionof Factorization Methods

As was pointedout in Section3.3, the factorizationmethodsusedto processan initial sub-

sequenceshow different propertiesregardingaccuracy and robustness. In general,the more
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Sequence Type PSNR back-proj. err. sphere dev. trans. err. rot. err.
GlobeART-501 para 29.2dB 0.184 0.0369% 8.46% 13.1%

christy 29.1dB 0.314 0.0508% 12.9% 20.3%
aff. upd. 4.44dB 64.3 99.7% 2280% 310%
quadric — — — — —

CirclesART-501 para 29.1dB 1.10 — 46.5% 74.4%
christy 29.9dB 1.03 — 30.6% 62.6%
aff. upd. 3.82dB 1.17 — 165% 212%
quadric 22.0dB 1.31 — 708% 89.2%

MilkHH-190 para 26.2dB 0.544 — — —
christy 26.1dB 0.595 — — —
aff. upd. 26.3dB 0.269 — — —
quadric 6.47dB 0.721 — — —

Table5.6: Automaticselectionof theinitial factorizationmethodfor threedifferentimagesequences.The
method�nally selectedaccordingto PSNRandback-projectionerroris emphasizedin eachcase.

accurateaprocess,thegreaterits shortcomingsin robustness.

The selectionschemeintroducedin Section3.3.4determinesthe bestfactorizationmethod

from four alternativesby judgingPSNRandback-projectionerrorof the reconstructionresults

of the initial subsequencethey wereappliedto. A block diagramof the selectionschemewas

alreadyprovidedin Figure3.4,page65,wherethefour alternativeprocessingchainsareshown

in direct comparison.They aredesignatedhereaccordingto their main factorizationandself-

calibrationmethods,respectively, i. e., paraperspective (para), as describedin Section2.2.2,

iterative by Christy and Horaud(christy), Section2.2.3, perspective with updateto a metric

reconstructionusing the af�ne solution (aff. upd.), explainedin Sections2.2.2and3.3.3,and

perspective factorizationwith self-calibrationusingthe absolutequadric(quadric). Detailsof

thelastmethodcanbefoundin Sections2.2.3and2.3.2.

In Table5.6, theapplicationto threeof theexamplesequencesis shown. In eachcase,the

lengthof thesubsequencewaspreset,andthebestsubsequencewasdeterminedwith respectto

the highestnumberof features.The threeexamplesselectedhereshow that indeed,the most

suitablemethoddependson theimagesequenceandshouldnot be�x edbeforehand.In caseof

the globesequence,the sphericalsetupof the featuresposesa degeneratecasefor perspective

reconstruction,so that self-calibrationfailed completely—i.e., the estimatedquadricwas not

positivede�nite—andtheaf�ne updateyieldednousableresulteither. For thesecondsequence,

theaf�ne approximationsperformbetteraswell, mostlyagainbecausethe featuresarelocated

on a roughly �at surface(the keyboard),being badly suited for reconstruction. However in

this case,the choiceis not asobviousasbeforeregardingonly back-projectionerror, which is
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comparablefor all four methods.Translationandrotationerrorscon�rm on theotherhandthat

the selectionregardingPSNRwascorrect. The third sequenceshows that, if imagequality is

suf�cient, perspectivefactorizationmayclearlyoutperformtheaf�ne ones,althoughthesolution

usingtheabsolutequadricfailedhereagain.The�nal selectionwasdoneregardingtheaverage

back-projectionerror.

Reconstructiontimesfor theautomaticselectionalgorithminclude,of course,time for eval-

uating the PSNRof eachindividual result. Thus,automaticselectionfor the CirclesART-501

sequencerequiresa total of 4:8 minutes,while thesumof reconstructiontimesalonecomputes

to 2:5 minutes.On theotherhand,theuseris not requiredto manuallyinspecttheresultsif one

of thealgorithmfails.

Summary: Thesuccessof a factorizationmethoddependson many differentfactorssothat it

is not obviouswhich methodis mostsuitablefor a certainimagesequence.Theautomaticse-

lectionschemeusingPSNRandback-projectionerrorreliably determinesthoseattemptswhere

reconstructionfailed completelyandselectsthe bestreconstructionfrom the successfulones.

Sincea successfuloverall reconstructiondependshighly on a correcttreatmentof the �rst sub-

sequence,usingthis selectionprocedureis recommendedwhenever timeenoughis availablefor

anumberof trials.

5.2.5 Robust Methods

Robustestimationtechniquesareusuallyrecommendedif theunderlyingdataareof low quality,

contaminatedby noiseor proneto othererrorswhich manifestthemselvesasoutliers. In Chap-

ter 3, a numberof thesetechniqueshave beendescribed,themostimportantonesof which will

beevaluatedhereregardingtheireffectivenessfor 3-D reconstruction.

Four robusttechniques,which areall appliedto theextensionof reconstructionafteran ini-

tial sequencehasbeenprocessedusinga factorizationmethod,arecomparedhereusingthree

differentimagesequences.Thefour methodsare:

� Outlier detection:theLMedStechniquedescribedin Section3.3.1is appliedasoutlined

in Section3.4.1for identifyingoutliersin 3-D pointpositions.

� Feature weighting: the third of the featureweighting approachesdescribedin Section

3.5.1,which usesthestructurematrix of eachfeaturede�ned by equation(3.31),page73,

is evaluated,beingthemostaccurateoneof thesemethods.



5.2. Evaluationof StaticLight Fields 139

without
threshold

LMedS weighting Huber Lorentzian

PSfragreplacements

Bilinear Linear
Tracking Reconstruction

Light Fields
Evaluation
� bp, PSNR

qf n

pnP f

(Sect.3.2.1)

(Sect.3.6)(Sect.5.1)

(Sect.3.4.1) (Sect.3.5.1) (Sect.3.5.2)(Sect.3.5.2)

Find initial sequence

Paraperspectivefactorization

Non-linearopt.of fact.result

f init

bpn init
, bP f init

bpn init
, bP f init

pn init , P f init

Extensionto wholesequence Estimatenext P f

Triangulatepn

Figure5.12: Processingstepsfor the comparisonof outlier detection,weightingof features,androbust
estimatorswith thestandardreconstructionmethodwithout error threshold.The � ve methodstestedare
appliedduringnon-linearoptimizationaspartof thelinearreconstructionmethod.

� Huber's minimaxestimator: this robustestimatorwhich wasintroducedin Section3.5.2

usingequation(3.33),page74, is appliedwith thethresholdparameterk = 2:0.

� Lorentzianestimator:for thissecondrobustestimator, theregulatingparameterof equation

(3.34)is setto k = 0:5. This valuefor k andtheonefor Huber's estimatorarecommonly

usedasthey approximatethequadraticerrorwell up to anerrorof aboutonepixel andare

thussuitablefor mostinput imagesequences.Further, sequence-dependentoptimization

is possiblebut notexaminedaspartof this thesis.

The completeprogressionof the experimentsconductedhereis shown in Figure5.12. As can

beseenthere,all therobusttechniquesareappliedto thenon-linearextensionmethodafterfac-

torizationof theinitial subsequence,includingthenon-linearre�nementstepof thefactorization

result. The factorizationmethodis appliedidentically for eachtechnique,but differentsettings

areusedfor differentimagesequences.

Thethreeimagesequencesselectedfor theseexperimentsareMilkHH-190, GlassART-150,

andGlobeART-501. ThesequenceGlassART-150wasincludedin orderto demonstratetheeffect

of badpoint correspondencesin a sequencewith largeareasof potentialoutliers,asis thecase

herewith thetransparentandre�ecting surfaces.

In Figure5.13,thefour robustmethodsarecomparedto thestandardreconstructionmethod

without discardingany badfeaturecorrespondencesabovea givenback-projectionerrorthresh-
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Figure5.13: Comparisonof PSNRvaluesof different robust reconstructionmethodsfor an increasing
numberof point features

old. This methodis labeled“no threshold”. The reconstructionsareperformedfor a varying

numberof trackedfeaturesperimage,rangingfrom 200to 1000features,andthePSNRis given

for quality measurement.In caseof the �rst two sequences,thefeaturesdetectedareobviously

goodenoughsothatneithera thresholdfor discardingfeaturesis necessaryfor goodreconstruc-

tion, nor do the robust methodsimprove the results. Exceptfor the Lorentzianestimator, the

robustmethodsevendecreasetheresultinglight �eld quality.

Thethird sequence,GlobeART-501 imposesgreaterdemandson thereconstructionmethod,

which is demonstratedby Figure5.13(c),sincethenormalmethodfails here.Again, theLoren-
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tzian estimatoryields consistentlygoodresults,outlier detectionhasa positive effect andHu-

ber's minimaxyieldsa goodreconstructionin somecases.Usingthestructurematrix asfeature

weightagainhasno effect on reconstructionquality, a resultwhich wasobtainedby Kanazawa

andKanataniin [Kan01b] aswell—thefeaturesdetectedautomaticallyaregoodenoughsothat

weightingdoesnotyield furtherimprovement.

Summary: The experimentsabove show that while robust estimatorslike the Lorentziando

notnecessarilyimprovethereconstructionquality, they mayindeedhelpto increasethestability,

i. e., robustness,of estimation. While the Lorentzianestimatorwith k = 0:5 seemsto be a

goodchoicein any case,this is not thecasefor theothermethodstested.Here,theconclusion

of [Kan01b] that probabilisticmodelingis not ef�cient if featurecorrespondencesarealready

well selectedholds,too. However, the reconstructionalgorithmsproved to be unperturbedby

thetransparentandre�ecting objectsin GlassART-150andlikewise in MilkHH-190, aslong as

enoughdiffusesurfacesareavailable.

5.2.6 SceneGeometry

In Section3.6 four differenttypesof scenegeometrywereintroduced:depthmapsby interpo-

lating reconstructed3-D points,a variationalstereodisparityapproach,local proxies,andthe

generationof oneglobal proxy. Now, thesetypesof geometryarecomparedto eachotherre-

gardingrenderingqualityandef�ciency.

Theexperimentsareperformedontwo differentimagesequences,MilkHH-190andColaTT-

40. In caseof the�rst sequence,only aninitial subsequenceof 30imageswasusedfor geometry

reconstructionsothataglobalproxyof the�rst type,i. e.,with themeshextendedupto theimage

borders,canbe generated.The secondsequenceconstitutesa completerotationof thecamera

aroundanobject,so thathere,the initial sequencehasto beshortsinceall featureswill be lost

eventually. In fact, the initial subsequencewhich alsocreatesthe initial proxy meshis only ten

imageslong,andfor therestof theimages,theextensiontechniquefor long imagesequencesis

appliedto theproxy asdescribedin Section3.6.3.

Figure5.14shows examplesfor thevariationalapproach,local, andglobalproxiesfor both

sequences.The left andmiddle imageseachrepresentdepthcorrespondingto oneimage,the

geometrymeshesontheright arevalid for thewholesequence.As canbeseenin thesecondrow,

the local andglobalproxiesof thesecondsequenceonly modeltheobjectpresentin thescene,

but not thebackground.While for theglobalproxy this is a consequenceof thealgorithmused,

it is anoptionfor thelocalproxieschosenhereto providecomparabilityfor thetwo approaches.
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Figure5.14: Examplesfor different typesof geometryfor the two imagesequencesMilkHH-190 (top
row) andColaTT-40 (bottomrow): variationalapproachby Alvarezetal. (left), localproxy(middleleft),
globalproxy (middleright), andanoriginal input imagefor comparison(right)

MilkHH-190 ColaTT-40
Type PSNR time/frame PSNR time/frame

3-D points 24.3dB 0.298s 27.1dB 0.370s
variational 22.0dB 0.352s 27.6dB 0.662s
local proxies 24.7dB 0.0643s 21.5dB 0.0193s
global proxy 24.6dB 0.0649s 21.4dB 0.0192s

Table5.7: Comparisonof renderingquality andspeedfor different typesof geometry:depthmapsin-
terpolatedfrom 3-D points, using a variationalimagedisparity approach,local proxies,or one global
proxy

The�gures of Table5.7 comparethe four resultinglight �elds for eachsequenceregarding

renderingquality in termsof PSNR,aswell asrenderingtimein secondsperframe.Theobvious

conclusionis thatboth typesof proxies,local andglobal ones,areconsiderablymoreef�cient

for renderingthan depthmaps. The variationalapproachlosesadditional time as it utilizes

con�dencemapsto maskout thoseareaswherenodepthinformationis available.

Theseareasarealsoresponsiblefor the badquality resultsof the variationalapproachfor

theMilkHH-190 sequence.Appearingpreferablyat theimageborder, areasmayremainduring

renderingwherenodepthwasfoundatall, resultingin ahigherrorcomparedto theoriginal im-

age.Thiseffect is visible in thedifferenceimagebetweenoriginalandrenderedimageshown in

Figure5.15(a).Additionally, thealgorithmgenerateswrongdepthvaluesfor re�ecting surfaces
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(a) (b) (c)

Figure5.15:Problemsoccurringfor differentkindsof geometry:(a)missingbordersresultin high image
differencesfor thevariationalapproach;(b) partsof theobjectaremissingif localproxiesarenotextended
to theimageborders;(c) globalproxiesmaybeincomplete.

like theCD casein sequenceMilkHH-190, wheretheotheralgorithmsjustuseanaveragedepth

of thesurroundingfeatures.For sequenceswheretheseproblemsdo not occur, asin thesecond

case,theaccuracy of thevariationalapproachconsequentlyyieldsthebestresults.

The low quality resultsof local andglobal proxiesfor the ColaTT-40 sequencecanbe as-

cribedto thelack of depthinformationoutsideandon therim of thecentralobjectin thescene.

Although local proxiesare easily extendedto eachrespective imageborder, this is not done

hereto ensurecomparabilitywith theglobalproxy in bothquality andrun-time.Theresultis a

somewhattruncatedbut well renderedobjectasshown in Figure5.15(b).

Theglobalproxyof sequenceColaTT-40exhibitsanotherof theremainingdrawbacksof the

algorithmusedfor generatingit. As canbe seenin Figure5.15(c),closingthe �nal gapon its

backsidewherethe algorithm�nished did not work out. While the algorithm is theoretically

ableto dothis, it is toorestrictive in thiscaseregardingthevisibility of featuresin thepertaining

imagesto succeedhere.

Summary: Regardingrenderingspeedaswell asquality, local proxiescurrentlyrepresentthe

bestchoicefor light �eld geometry. Evenregardingtheir generation,constructinga 2-D Delau-

naymeshcanbedoneveryef�ciently , andstoragerequirementsarevery low. Densedepthmaps

usingoptical �o w, suchasthe variationalapproachusedhere,yield potentiallybetterresults,

but arelessreliable,lessef�cient duringrendering,andrequiresigni�cantly moretime for their

computation.Globalproxieswouldposeaseriousalternativeto localonesoncetheir reconstruc-

tion could be donein a stablemanner. Renderingperformancebene�ts, however, canonly be

expectedfor muchlargersetsof input images.
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5.2.7 FeedbackLoops

For theexperimentsin thissection,thereconstructionalgorithmintegratingtrackingandcalibra-

tion in a singlepassis appliedaccordingto Figure3.13,page85. This reconstructionschemeis

equivalentto linearly trackingfeaturesthroughthesequencewithout the usuallyappliedback-

wardstrackingstep,followedby linearcalibration.Therefore,reconstructionquality is lower in

general,but theprocessoffersthebene�t of astreaming-likeprocessingof incomingimages.

Prediction by Back-Projection

The predictionof featuresfor trackingby back-projectingpreviously reconstructedpointsinto

the mostrecentimageasintroducedin Section3.7.1 is similar in its effectsto non-sequential

reconstructionof Section3.4.2. Two imagesequences,CirclesART-501 andCrawlerART-510,

wereselectedbecauseof their lengthandrepetitive motionpaths,andreconstructedusingfour

differentschemes:noprediction,predictionusingexhaustivesearchof sourceimages,andsource

imageselectionusingthehighestnumberof features(“selected”)aswell asweightingaccording

to equation(3.43)on page86 (“weighted”). For the last two schemes,thenumberof imagesto

trackfeaturesfrom waslimited to � ve.

Figure5.16offers a detailedoverview over the reconstructionprocessfor this experiment.

The iterationof tracking, reconstruction,andpredictionwhich is repeatedfor eachadditional

imageafter processingthe initial sequenceis labeledwith (2). The four different prediction



5.2. Evaluationof StaticLight Fields 145

CirclesART-501 CrawlerART-510
Type features avg. trail length features avg. trail length

no prediction 14716 20.4 28138 10.9
exhaustive 5769 63.3 8561 37.7
selected 5138 70.7 9245 34.2
weighted 5244 69.3 10380 30.3

Table5.8: Featurestrackedwithoutpredictionandwith differentselectionschemesfor prediction

Sequence Type PSNR b.-proj. err. trans. err. rot. err. time/image
CirclesART-501 no pred. 30.6dB 0.884 18.0% 30.8% 5.58s

exhaustive 30.8dB 25.9 15.8% 34.3% 12.6s
selected 30.0dB 43.8 14.2% 37.3% 9.49s
weighted 29.8dB 43.7 30.1% 51.2% 9.61s

CrawlerART-510 no pred. 26.0dB 0.697 8.35% 10.8% 6.46s
exhaustive 24.8dB 24.6 9.45% 9.65% 34.9s
selected 23.5dB 41.7 10.1% 10.7% 10.2s
weighted 23.9dB 42.5 11.2% 12.1% 10.3s

Table5.9: Comparisonof differentselectionschemesfor featurepredictionby back-projectionwith linear
reconstruction

schemesareall locatedin thesameprocessingstepin this loop.

As canbeseenin Table5.8,theaveragefeaturetrail lengthis increasedassubstantiallyasin

theexperimentsfor non-sequentialreconstruction(Section5.2.3),by afactorof morethanthree.

Surprisingly, this effect is not necessarilythemostpronouncedfor exhaustivesearch.In caseof

sequenceCirclesART-501it is moredistinctfor theselectiveschemes.

Justlike for non-sequentialreconstruction,theresultsshown in Table5.9 suggestthat local

correctnessis not necessarilyincreasedby prediction. Likewise, but on a much larger scale,

back-projectionerror increaseswhich is dueto the fact that reusedfeaturesmaybadly �t their

projectionsin the mostrecentimageandarediscarded,but continueto contribute to the total

error. This effect is lesspronouncedin thenon-sequentialcasesincethere,theorderof feature

trackingandreconstructionareboth determinedby theview mesh.However, errorscompared

to groundtruthandPSNRstayat thesamelevel comparedto normalreconstructionif prediction

by back-projectionis applied.

An increaseof globalcorrectness,which is examinedby againleaving out a highernumber

of neighboringimagesduringPSNRcalculation,wasonly observablefor sequenceCirclesART-

501. PSNRfor differentnumbersof imagesremovedis plottedin Figure5.17for bothsequences.

Theruntimebehavior is asexpected,ascomputationtime increasesmostfor exhaustivesearch,
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Figure5.17: Local andglobalerror for linearreconstructionandfeaturepredictionwith back-projection
usingPSNR

even distinctly moreso for CrawlerART-510 wherethe samesectionof the sceneis visible in

moreimages.Theselectiveschemeson theotherhandincreaseruntimeby a �x edamountsince

thenumberof imagesfor retrackingis �x ed, too. In general,the “selection”schemeperforms

slightly betterthanweighting.

Summary: While considerablyincreasingthelengthof featuretrailsbeingtracked,prediction

by back-projectiondoesnot necessarilyimprove the overall accuracy of reconstruction.The

approachis thusinterestingif commoninformationis requiredfor many differentimages,suchas

if aglobalproxywerereconstructed,or if bundleadjustmentor self-calibrationareto beapplied

subsequently. In that respectit also provides an advantageover non-sequentialtracking and

reconstructionasit requiresonly one,evenstreaming-like passover thesequence.In addition,

thisonepasscanbedonein a �x edamountof timeperframeusingoneof theselectiveschemes.

In that case,the simpleselectionproved superiorto the weightingschemeasit yieldedlower

absoluteerrors.

ClosingLoops in CameraMovement

In orderto exemplify theresultsof theclosingloopsalgorithmintroducedin Section3.7.2,the

two turntablesequencesColaTT-40andSantaTT-200arechosen.While the�rst consistsof only

onerevolution of a turntablewith 40 images,the secondsequencecomprises� ve revolutions.
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(a) (b) (c) (d)

Figure 5.18: Stepsof the closing algorithm for the ColaTT-40 sequence:(a) linear, erroneousrecon-
struction,(b) loop closedwithout consideringrotation,(c) loop closedconsideringrotation,and(d) �nal,
optimizedreconstructionwith 3-D pointpositionscorrectedaswell

As canbe seenin Figure5.18(a),the linear reconstructionof the ColaTT-40 sequenceyields

a considerablegapbetweenthe �rst andthe last image. The informationthat the sequenceis

circular is provided by addingthe �rst imageto the endof the sequenceand thenregistering

�rst and last imagewith eachother. The processof closing the loop is demonstratedby the

restof Figure5.18,with the intermediatestepsof closingtheloop consideringonly translation,

minimizing the residualvectorof equation(3.44),page88, andwith rotationsincluded,using

equation(3.45).For the�nal result,the3-D pointpositionsarerecalculated.

For SantaTT-200, theviewpoint meshalgorithmof Section3.4.2is usedto identify theend

of a loop. Thus,loopsweredetectedautomaticallyevery �fth imageafterreconstructionof the

�rst revolution,whichwasselectedasminimumlengthof a loop.

As mentionedin Section3.7.2 the closing of loops makes the more sensethe larger the

accumulatederror. This issueis re�ected by the resultsshown in Table 5.10. PSNR,back-

projectionaswell asposeerrorsaregiven for the reconstructionusingonly bundleadjustment

onidenti�ed loopsandfor thewholeprocessof closingloops,asopposedto thepurelysequential

cameracalibrationand3-D reconstruction.Thislinearreconstructionof sequenceColaTT-40has

a large accumulatederror, therefore,closingloopshasa greateffect on the positiondifference

while justapplyingbundleadjustmentis insuf�cient to reducethiserror. Closingthelooponthe

otherhandhasa largeeffect,especiallyonposeerror.

For sequenceSantaTT-200 on the other hand, the accumulatederror is rathersmall, and

thus, the cameraposition differenceis still lower without the closing step. The inaccuracies

introducedby closing,re�ected by the increasedback-projectionerror in bothsequences,were

notcompensatedsuf�ciently by bundleadjustment.
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Sequence Type PSNR back-proj. err. trans. err. rot. err.
ColaTT-40 linear 27.4dB 1.51 33.5% 31.6%

bundle 27.5dB 1.45 33.1% 31.3%
closing 26.9dB 3.06 20.1% 19.3%

SantaTT-200 linear 18.9dB 1.31 71.3% 65.8%
bundle 30.0dB 4.52 26.0% 26.4%
closing 26.8dB 6.13 26.1% 27.4%

Table5.10: Comparisonof linearreconstruction,bundleadjustment,andclosingof loopsfor ColaTT-40
andSantaTT-200sequences.

Summary: Sincetheclosingintroducessomeerroron eachcamerapositionit workswell for

the compensationof large errors,but for small displacements,using only bundle adjustment

mayyield betterresults.Thus,themain issuefor futurework would be thereductionof errors

introducedduringtheclosingprocess.

Extending Light Fields

In orderto testthemethodsintroducedin Section3.7.4for extendingexisting light �elds with

new input images,the experimentsof [Deu04] arerepeatedhere. The threeimagesequences

recordedfor thispurposeareOf�ceHH-109, CandyHH-113andSantaHH-207. For eachof them,

a secondsequencewasrecordedstartingat anarbitrarycamerapositionwithin, or closeto, the

convex hull of thecamerapositionsof the�rst sequence.

The principle setupof the following experimentsis outlined in Figure5.19. After feature

trackingandlinearreconstruction,a light �eld is generatedfor the �rst imagesequence.While

theparametersearchby renderingfeedbackrequiresthis �rst light �eld, it is not necessaryfor

SIFT featurematching. Both approachesyield an imageID determiningwhereto initialize

featuretrackingto theadditionalimages,andeitherahomographyaccordingto equation(3.50),

page93, or a cameraposeestimatefor featureprediction. Theposeestimateis obtainedusing

eitheradaptiverandomsearch,or theparticle�lter , solvingequations(3.53)through(3.55).

Bothapproaches,matchingwith SIFTfeatures,andparametersearchby renderingfeedback,

aretestedwith thesametwo experimentseach.For the �rst one,only the �rst imagesequence

is used.Oneof the imagesis removedfrom thesequenceandfed into thesearchalgorithmto

performasearchfor thenearestimage.Thiswasdonefor tenimagesfor eachof thethreescenes.

Thesecondsetof experimentsdealswith attachinga secondsequenceto theoriginal sequence.

Again, tenimagesareused,this time from thebeginningof thesecondsequence.

In caseof theSIFT featuremethod,animageneighboringthemissingimagein thesequence
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Figure5.19:Processingstepsfor thethreedifferentapproachesto addingnew imagesor imagesequences
to anexisting light �eld: SIFT featurematchingandparametersearchby renderingfeedbackusingeither
adaptive randomsearch(ARS) or theparticle�lter (PF)

Of�ceHH-109 CandyHH-113 SantaHH-207
Type ARS PF ARS PF ARS PF

Cardan � 0.642� 6.30� 0.529� 3.07� 2.81� 6.96�

Cardan � 0.654� 4.52� 0.963� 2.71� 2.32� 5.68�

Cardan 
 0.561� 2.22� 0.653� 1.87� 2.92� 9.12�

translation 145% 872% 108% 423% 328% 921%

Table5.11: Correctnessof estimationof closestimagefor adaptive randomsearch(ARS) andparticle
�lter (PF)

is foundfor all imagesin eachof theexperiments.Sincethemethoddoesnotcalculateany pose

parametersfor themissingcameraposition,no furtherstatementof accuracy canbemade.

For the useof renderingfeedbackon the otherhand,the calculatedcameraposescan be

comparedto the poseof the cameracomputedoriginally during a reconstructionof the whole

sequence.Table5.11shows the averagerotationalandtranslationalerror. In this case,the ro-

tationalerror is givenasCardananglesin absolutedegreesasin the original publication. The

translationalerrorfor removedimagef i is calculatedasjbt � t i j=jt i +1 � t i j, wherebt is thetrans-

lation foundandt i thepreviously reconstructedtranslationof imagef i . Thus,thetranslational

error is given as a percentageof the cameradistancearoundthe removed imageor, in other

words,theerroris 100%if, insteadof thetrueposition,thatof aneighboringimageis returned.
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Type Of�ceHH-109 CandyHH-113 SantaHH-207
feature dist. (I ) 49.0 58.6 41.6
feature dist. (H ) 2.11 2.31 1.59
% tracked (I ) 77.7% 35.3% 75.4%
% tracked (H ) 91.3% 90.0% 91.3%

Table5.12: Trackingaccuracy of SIFT featuresin pixelsandpercentageof featurestracked without (I )
andwith (H ) usingthehomographymatrix for prediction

Of�ceHH-109 CandyHH-113 SantaHH-207
Type ARS PF ARS PF ARS PF

feature dist. (all) 30.5 44.6 31.3 37.5 28.0 24.8
feature dist. (init) 38.1 33.6 20.1 33.8 29.7 34.5
% tracked (all) 87.6% 86.9% 76.0% 75.2% 84.4% 84.7%
% tracked (init) 86.9% 86.8% 76.0% 70.2% 84.8% 84.4%

Table5.13: Trackingaccuracy of adaptive randomsearch(ARS) andparticle �lter (PF) in pixels and
percentageof featurestrackedfor a full search(all) or initializedwith theclosestimage(init)

As canbeseen,theadaptiverandomsearch(ARS)methodoutperformstheparticle�lter (PF)

approachfor all sequences.The translationaldistancesaregenerallywithin a few neighboring

images,andtherotationaloneswithin afew degrees.Thoughthiserroris largerthanif theclosest

imageasper the SIFT methodhadbeenused,the resultsarequite usablefor a global search.

Comparedto the original publicationin [Deu04], the resultsaremuchimproved. This canbe

ascribedto distinct improvementsin renderingquality dueto a modi�ed selectionalgorithmfor

contributing images,theuseof local proxiesinsteadof depthmaps,andminor optimizationsof

thecalibrationprocess.

For the secondexperiment,the SIFT featureandrenderingfeedbackmethodscanbe com-

pareddirectly. Theextensionwasevaluatedby measuringtheaveragefeaturedistancefrom the

predictedposition,andthefractionof successfullytrackedfeatures.In caseof theSIFT feature

approach,a distinction is madebetweenusing the estimatedhomographymatrix betweenthe

imageto beaddedandtheclosestonein the�rst sequence,andnot usingit. FromTable5.12,it

is obviousthatthehomographymatrix mapsthefeaturesvery accuratelyfrom oneimageto the

otherastheaveragefeaturedistanceis below � vepixelsin all cases.Consequently, featuretrack-

ing is very successfulin this case.Without this mapping,the trackingalgorithmhasto match

featureswhich arevery far apart,andobviously, the basinof convergenceis not large enough

for distancesbeyond50 pixels,asdocumentedby the low rateof trackedfeaturesfor sequence

CandyHH-113.
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(a) (b) (c)

Figure5.20:Extendedreconstructionof theSantaHH-207imagesequence(a)andrenderedimageswith-
out (b) andwith (c) theadditionalinput imagesasseenfrom exactly thesamecameraposition

For evaluationof therenderingfeedbackmethods,initializationof thesearchwastestedboth

from cameraparametersof all imagesin the �rst sequence,andfrom theclosestcameraasper

the SIFT neighborsearch.The resultingproposedcameraparameterswerethenpassedto the

featuretrackingprocessby usingtheback-projectionsof every known 3-D point asanestimate

for thefeaturepositionssimilar to thehomographyH .

Theresultsarelisted in Table5.13. Here,anadvantageof adaptive randomsearchover the

particle�lter cannotbe observed asin the �rst experimentor in [Deu04]. The reasonmay be

that the higherquality of renderedimagespromotesthe speedof convergenceof the particle

�lter approach.While theaccuracy of featurepredictionis lower thanin theSIFT featurecase,

it is still high enoughto allow for a percentageof tracked featuresabove 70%for all methods

andsituations.However, it hasto bementionedthatextensionfailedin two out of tencasesfor

adaptiverandomsearchwith initializationappliedto sequenceSantaHH-207.

Regardingruntime,theSIFT featureapproachoutperformsrenderingfeedback,eventhough

the ef�cient unstructuredlumigraphrenderingis usedtogetherwith local proxies. In caseof

sequenceSantaHH-207, e.g.,SIFTfeaturesrequireatotalof 96:7 secondsfor �nding theclosest

neighboringimage,of which homographycalculationmakesup only 1 second.In contrastto

that, adaptive randomsearchtakesabout6:5 minutesfor the sametaskwithout initialization.

The condensationalgorithmrequireseven 8:9 minutesin average.In both cases,20 iterations

with 207particleswereused.

Figure5.20�nally shows theresultof addingthesecondsequenceto SantaHH-207. Image

(a) depictsthereconstructedcamerapositionsof bothsequenceswith thepositionsof theaddi-

tional sequencehighlighted. Images(b) and(c) show two imagesrenderedfrom the resulting
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light �eld without (b) andwith (c) the additionalimages,demonstratingthe increasedviewing

rangeof theextendedlight �eld.

Summary: Theexperimentsshow thateithermethodis ableto reliably solve theproblemof

extendinga light �eld. TheSIFT featureapproach,however, offersa muchhigheraccuracy in

predictingfeaturepositions,while therenderingfeedbackis suf�cient andfailsonly in very few

cases.Additionally, SIFTfeaturecalculationis moreef�cient hereunlessthenumberof particles

is reducedunreasonably.

Recommendations: The bestapproachto generatinga static light �eld from an imagese-

quencealwaysdependson variousfactors,suchasthetypeof recording,thetimeavailable,and

thepurposeof thelight �eld. Themostgeneralscenariois probablytheavailability of animage

sequencerecordedwith a hand-heldcamera,andno real-timeconstraints,althoughthe result

shouldbeavailablewithin severalminutes.In orderto achieve a goodresultsoonwith little or

noparameteradjustments,therecommendedprocedureis alinearreconstructionprocessaccord-

ing to Figure5.9 includingbilinear tracking. Linear reconstructionitself shouldbesubstituted

by automaticselectionof a factorizationmethodasshown in Figure3.4, page65, wherethe

subsequentextensionto thewholesequenceshouldmakeuseof therobustLorentzianestimator

of equation(3.34),page74, asshown in Figure5.12. Thefastestgenerationandbestrendering

resultsfor scenegeometryareachievedwith localproxiesaccordingto Section3.6.2onpage78.

Non-sequentialtrackingandreconstructionfollowing Figure5.9constitutesanoptional,suc-

cessiveprocessingstep.It shouldonly beappliedif linearreconstructionwassuccessfulsothat

thecameramesh,which is generatedusingequations(3.26)and(3.27),page70,containssensi-

bleinterconnectionsof neighbouringviewpoints.Thisstepis recommended,however, if aglobal

proxy is to begeneratedfrom the reconstruction.Finally, if theexisting light �eld is to beex-

tendedby new images,theapproachusingSIFT featurematchingandhomographyestimation,

shown in Figure5.19,shouldbepreferredfor thereasonsdescribedin thesummaryabove.

5.3 Evaluation of Dynamic Light Fields

Two different modelingtechniquesfor dynamiclight �elds have beenintroducedin Chapter

4, step-wisestatic light �elds andthe modelingof rigid objectmotion. Thesetwo modelsare

evaluatedin the following. As in the previous section,the different examplesequencesare

introduced�rst. As anoutlookto futurework, anexampleof anobjectlight �eld is presented.
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Figure5.21:Exampleimagesfrom thetestsequencesfor step-wisestaticlight �elds: HandSWS-468(top
row), HeadSWS-482(middlerow), andRotorSWS-576(bottomrow)

5.3.1 ExampleSequences

In caseof dynamiclight �elds, the examplesequencesaresubdivided into just two categories,

onefor eachtypeof modeling.Thecategoriesgivenin thesequenceidenti�ers areSWSfor step-

wisestatic,andROM for rigid objectmotion.Thesequencelengthfor step-wisestaticsequences

denotesthe sumof imagesin all sequences,asonesequencewasrecordedfor eachtime step.

All sequenceswererecordedusingthehand-heldSony DV cameraalreadyusedpreviously.

For step-wisestaticlight �elds, threesetsof imagesequenceswererecorded.Eachof them

shows a differentdynamicobjectin front of a staticbackground.Exampleimagesfor eachof

thesescenesareshown in Figure5.21. The numbersof imagesequences(time steps)for each

sceneare5, 6, and8 for HandSWS-468, HeadSWS-482, andRotorSWS-576, respectively. The

numberof imagespersequencevariesbetween64and108.

Another threeimagesequenceswerechosenfor the experimentson light �elds of moving
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Figure 5.22: Example images from the test sequencesfor light �elds of rigid, moving objects:
CrawlerROM-139(top row), PhoneROM-145(middlerow), andHeadROM-200(bottomrow)

but rigid objects. Two exampleimagesof eachsequenceareshown in Figure5.22. Besides

therotatingtoy crawler alreadyintroducedin Section4.3, thesequencesshow a telephonearm

beingrotatedrepeatedly, anda personturninghis headseveral times. Thesequenceidenti�ers

areCrawlerROM-139, PhoneROM-145, andHeadROM-200.

Finally, theexampleof an objectlight �eld which is given in Section5.3.4asa preview is

generatedfrom sequencePhoneROM-145withoutany modi�cationsto it.

5.3.2 Step-WiseStatic Light Fields

Theexperimentalevaluationof step-wisestaticlight �elds is donefollowing thesameprocedure

as in [Sch04b]. Although the sameimagesequenceswereexaminedthere,resultsmay differ

considerably. The reasonsare that insteadof the featuretracking schemeof Heigl [Hei98],

the more accurateand ef�cient implementationby Zinßer [Zin04] is used. Furthermore,the
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After independentreconstructionof eachsequence,thedynamiclight �eld is assembledafterregistration
andre�nement.

unstructuredlumigraphrenderer[Bue01],which is usedthroughoutthis thesis,is now employed

insteadof thefreeform rendererintroducedin [Sch01b].

Theexperimentalsetupis outlinedin Figure5.23.Theprocessingstepswhichareof special

interesthereareregistration,whichcombinestheindependentreconstructionsof theinput image

sequences,andre�nement,whichconsistsof meshtrackingandreconstructionfor all sequences

together. Registrationis explainedin Section4.2.2 and appliesthe transformationsgiven in

equations(4.1) to (4.4)onpages100to 102.Re�nementis describedin detail in Section4.2.3.

An assessmentof thequalityof registrationusingtheback-projectionerroris shown in Figure

5.24for theHandSWS-468sequence.In orderto ensurethecomparabilitybetweenregistration

by concatenationandthefollowing re�nement,thesamesetof point correspondenceswasused

for both. Theseconsistexclusively of featureswhich wereobserved in morethanoneof the

imagesequences.Unlike in thenormalcase,thecorresponding3-D pointswerenot takenfrom

the calibrationprocess,but weretriangulatedfrom the 2-D features.This way, featureswhich

areusuallydiscardedbecauseof aback-projectionthresholdareincludedaswell.

The comparisonin Figure5.24shows clearly that theback-projectionerror is considerably

smallerin eachimageof all sequencesafter the re�nement thanbefore. The reductionof the

back-projectionerrorof thetwo otherexamplesis givenin Table5.14,andis likewiseconsider-

able.
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Figure5.24: Back-projectionerrorof point correspondenceswith featuresin imagesof at leasttwo se-
quences.The error in eachframeof sequenceHandSWS-468is given in pixels, before(solid line) and
after(dashedline) there�nementstep.

Sequence back-proj. err. img. diffs meandiff .
concat re�ne concat re�ne

HandSWS-468 5.17 0.629 45.0 35.9 18.5
HeadSWS-482 5.02 1.69 30.0 21.3 14.1
RotorSWS-576 25.0 0.824 84.0 49.4 19.5

Table 5.14: Comparisonof back-projectionerror in pixels and backgroundshifts using averagecolor
valuedifferenceperpixel for theexamplescenesbeforeandafterre�nement.In column“img. diffs”, the
numberof imagecomparisonsfor averagecolor valuedifferenceis given.

The secondmeasurefor the quality of imagesequenceregistrationis the shift of the back-

groundfor two renderedimagesof differenttimesteps,but asseenwith exactly thesamevirtual

camerapose.Puttingthis shift into numbersis dif�cult, sotheaverageabsolutecolor valuedif-

ferenceperpixel waschosenasameasure.While this lackssomequantitativeexpressiveness,it

canstill give a goodqualitative impression.In orderto ensurethe validity of this comparison,

thetestimageswerealwaysrenderedwith approximatelythesamevisible objectsizes.An ex-

actmatchwasnot possiblesincethecoordinatesystemsdiffer beforeandafterre�nement. The

valuesin column“img. diffs” of Table5.14denotethenumberof imagecomparisonsperformed.

Sinceonly thebackgroundshift wasto beconsidered,thedynamicobjectsin theforeground

were removed by hand-coloringthem in black. Theseand any other colorlesspartsof the

images—they appearif no referenceimagesfor interpolationarecloseenoughto this area—

wereignoredin thedifference.Thelasttwo columnsof Table5.14show thepixel differencesfor

thesimpleimagesequenceconcatenationcomparedto thevalueafterthere�nementstep.In all

scenesthere�nementstepclearly improvestheregistration.This canbeseenin theexamplein



5.3. Evaluationof DynamicLight Fields 157

Figure5.25:Differenceimagesfor timesteps0 and3 of theHeadSWS-482sequencefrom similarcamera
positionsbeforeandafterre�nement

Figure5.26:Exampleimagesrenderedfrom thelight �elds of HandSWS-468andRotorSWS-576showing
differenttime steps.The imagesof the �rst row wererenderedusinga constantcamerapose,while for
thesecondrow thecamerawasmovedtowardsthescene.

Figure5.25wherethedifferenceimagesof two time stepsareplotted,before(left) andafterthe

re�nement (right) for sequenceHeadSWS-482. The hand-coloredregionsappearasuniformly

blackrectangles.

Finally, in Figure5.26 a seriesof exampleimagesis renderedfrom the light �elds of se-

quencesHandSWS-468and RotorSWS-576respectively, which were both generatedafter the

re�nement step. For the threedifferent time stepsrenderedthe observingcamera's posewas

keptconstantin the�rst case,to demonstratethestabilityof background.In thesecondcase,the

camerais movedtowardstheobjectwhile advancingin timeaswell.
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Figure5.27:Processingstepsfor generatingadynamiclight �eld with rigid, moving objects.In thiscase,
theprocessis shown for backgroundandoneobjectonly.

5.3.3 Rigid Object Motion

The block diagramof Figure5.27shows how the processingstepsof objectseparation,regis-

trationandtime stepidenti�cation areintegratedinto theusualprocessof light �eld generation.

They were introducedin Sections4.3.1 to 4.3.3anddenotethe main techniquesemployed to

reconstructthiskind of dynamiclight �eld. Objectseparationmakesuseof theshapeinteraction

matrixQ givenin equation(4.5),page105,andtheseparationcriterionof equation(4.10),page

107. Registrationfollows equations(4.11) to (4.14) on page111. Tracking,3-D reconstruc-

tion andlight �eld assemblyarereusedfrom staticlight �elds, althoughthe last is extendedby

con�dencemapgenerationwhich is requiredfor visualizationof thedynamiclight �eld.

Oneaspectof reconstructinglight �elds of moving but rigid objectswhich wasemphasized

in Section4.3.1is theproblemof �nding enoughfeatureson bothbackgroundandforeground

of the scene,which may be dif�cult if the object is either too small or moving too quickly.

The threeexamplesequencesusedin the following wereselectedkeepingthis issuein mind.

However, ascanbeseenin Table5.15,thetotal numberof featuresassignedto theobjectduring

reconstructionmaybeconsiderablysmallerthanfor thebackground,or otherwise,theaverage

trail lengthmaybeveryshort,asin caseof sequenceCrawlerROM-139. Theinitial factorization

wasthereforedoneon asfew as10 (CrawlerROM-139) to 35 (HeadROM-200) images.For the

remainingextensionto thewholesequence,eachfeaturehadto bevisible in at least8 imagesto

beincluded.
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Sequence images featuresbg. featuresfg. avg. trail length
CrawlerROM-139 139 2181 1049 15.5
PhoneROM-145 145 2207 266 38.0
HeadROM-200 200 1160 710 90.9

Table5.15: Somestatisticson the examplesequences:the columnsdenotethe total numberof images,
thetotalnumberof featuresonbackgroundandforeground,andtheaveragelengthof featuretrailson the
foregroundobject.

Figure5.28:Reconstructionandquantizationof thethreeobjectsinto 8 timestepsfor the�rst, and6 time
stepsfor theothertwo sequences.Fromleft to right: CrawlerROM-139, PhoneROM-145, andHeadROM-
200.

The�nal resultsof theobjectreconstructionsfor eachsequencearedepictedin Figure5.28.

Here,the�nal camerapathis visiblewhichresultsfrom deductingthecamera'sownmotion.The

quantizationby cameraposition,asdescribedin Section4.3.3,is illustratedby differentshades

for each“time” step.

Figure5.29shows four imagesrenderedfrom theresultinglight �elds for eachof the three

sequences,usingtherenderingmethodintroducedin Section4.4.2. For all four imagesof each

sequence,thecameraposewasthesame,which is re�ectedby theidenticalbackgroundin each

image.Theobject,however, wasrenderedfor four differenttime steps,andis thusat different

positions. Note that the cameraposesfor the renderedimageswere not part of the original

sequence,but chosenarbitrarily. For thecrawler light �eld theimagesequencewassubdivided

into eighttimesteps,while theothertwo light �elds consistof six timestepseach.

Themostobviouserrorsin renderingareapparentfor sequenceHeadROM-200, wherearti-

factsarevisiblearoundtheheadto varyingdegreesin all images.This is theresultof a lessthan

optimal partitioningof the input imagesinto foregroundandbackground,due to background

featureslying too closeto theobject.Thus,if partsof theobjectarenot maskedout by a con�-

dencemap,they arerenderedasbackgroundandleadto theobservedeffects.For theothertwo

sequences,thegenerouspartitioningis suf�cient to preventtheseerrors.



160 Chapter5. Experiments

Figure5.29:Renderedimagesfor four differenttimestepsof therigid objectlight �elds createdfrom the
CrawlerROM-139(top row), PhoneROM-145(middlerow), andHeadROM-200sequence(bottomrow),
seenfrom thesamecameraposition

5.3.4 Object Light Fields

As a furtherdevelopmentof thedynamiclight �elds of rigid objects,theobjectlight �eld was

introducedin Section4.4.3. It makesuseof the samesegmentationalgorithm,but insteadof

partitioningtheimagesinto time steps,anindividual light �eld is generatedfor backgroundand

objecteach.

For thepreliminaryexampleof anobjectlight �eld shown here,sequencePhoneROM-145is

reused.Fromits previousreconstructionshown in Figure5.28,thetwo individual light �elds for

backgroundandforegroundobjectaregenerated.For thebackgroundlight �eld, thedataalready

availablecanbe reusedwithout further processing,exceptthat thosecon�dencemapsaredis-

cardedwhich allow for theforegroundobjectto berendered.Thus,thetelephonearmis deleted

from thesceneandnot visible anymoreduringrendering,asis demonstratedin Figure5.30(a).
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(a) (b) (c) (d)

Figure5.30:Examplerenderingof anobjectlight �eld: background(a)andobject(b) of thePhoneROM-
145sequencearerenderedindividually usinghand-segmentedcon�dencemaps(c), andtogetherin one
renderer(d).

For theforegroundlight �eld, theobjectis cutouttoogenerouslyin theexistingcon�dencemaps

sothatthey haveto bere�ned by hand.For thelight �eld renderedfor Figure5.30(b),con�dence

mapssuchastheoneof Figure5.30(c)areused.

The combinationof backgroundandforegroundlight �elds to the �nal objectlight �eld is

shown in Figure5.30(d). Here,the renderingsoftwarewasextendedto allow the independent

manipulationof eitherbackgroundor foreground.Althoughtherearenoticeableartifactsaround

theobjectwhichresultfrom inaccuraciesin objectsegmentation,this�nally permitsacontinuous

representationof adynamiclight �eld withoutdiscretetimesteps.



162 Chapter5. Experiments



Chapter 6

Applications of Light Fields

In principle,light �elds constituteanothertypeof geometricmodel,with thespecialpropertythat

they areeasilycomputedfrom realimages.Applying themasmodelsfor real-world applications

suggestsitself, andexampleswerealreadyshown in [Hei04]. There,light �elds wereappliedto

two tasksin imageanalysis,viewpointselectionandself-localization.Thefollowing chapterwill

brie�y introducea numberof additionalapplicationsin augmentedreality, objectrecognition,

andminimally invasivesurgery.

6.1 AugmentedReality

Augmentedreality is arelatively young�eld of researchwith theaimof combiningrealenviron-

mentswith computer-generated,virtual objects.The impressiontheusershouldget is thatof a

seamlessintegrationof bothrealityandvirtuality. In its simplestform, augmentedreality is used

to enhancephotographswith, e.g., modelsof new buildingsor archaeologicalreconstructions.

In its mostsophisticatedform, theuserwearsa head-mounteddisplayin which hisenvironment

andvirtual objectsarecombinedon-the-�y in real-time.His surroundingsmayberecordedby

camerasthataremountedon his headaswell, his own headposehasto bereconstructedeither

from thesecameraimagesor from additionalsensors,suchasoptical trackingby externalcam-

eras.A comprehensivesurvey on thestateof theart in augmentedreality hasbeenpublishedin

[Bim06].

An examplefor a systemwhich wasdesignedfor applicationin head-mounteddisplayshas

beenintroducedin [Sch01d]and[Sch01e].It makesuseof a metalcubewith a sidelengthof 6

cm that is paintedwith a differentcolor on eachside,suchthat its positionandorientationcan

bedeterminedunambiguously. A realscenecanthusbeaugmentedby renderingavirtual object

163
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(a) (b) (c)

(d) (e)

Figure6.1: Two examplesof augmentation:Original (a), CSCsegmentedcut-out (b), andaugmented
image(c) ona turntable;original (d) andaugmentedimage(e)of cubeheldin hand.

in thesamepose,thusreplacingthecube.Headtrackingis notnecessaryusingthisapproach.

Thecubeis detectedby exploiting theknown colorsof its sides.Applying a resolutionhier-

archy, the imageis color segmentedusingtheColor StructureCode(CSC)algorithm[Reh98].

Candidateregionsareidenti�ed in eachresolutionregardingtheir color andveri�ed in thenext

resolutionlevel. Thisprocessis exempli�ed in Figures6.1(a)and6.1(b).Thecornersof thecube

areidenti�ed next, andusedto estimatethecameraposefor eachimage,assumingperspective

projectionandmakinguseof theknown shapeof thecube.Theaugmentationof thecubewith a

virtual objectusingthecomputedposeis shown in Figures6.1(c)and6.1(e).

Usinga light �eld insteadof thesynthetic,virtual objectaboveis asmallstepwhichhasbeen

implementedfor a slightly differentscenarioin [Mül02]. Here,the“calibrationobject”, which

wasthecubein thesystembefore,is the faceof a person,andthevirtual objectis replacedby

thelight �eld of a differentperson's head.Thus,thegoalhereis to exchangea person's facein

amovie with thatof adifferentperson.

Two maintaskshaveto besolvedhere.Firstly, therespectivefacesin boththeoriginal image

sequenceand the imagesusedfor reconstructingthe light �eld have to be identi�ed. This is

doneby detectingthe facesbasedon skin color [Cha98],andonly featuresinsidetheseimage
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(a)

PSfragreplacements
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(c)

Figure6.2: An imageof a person's facefrom theoriginal sequence(a) andthecorrespondingview from
thelight �eld of a differentperson(b). Augmentationis doneby matchingtheeye positionsandwarping
thelight �eld image(c). Imagestakenfrom [Mül02].

regionsareusedlateron for calibrationandreconstruction.Secondly, a facewith thesamepose

astheonein thecurrent,original imagehasto begeneratedfrom thelight �eld. This is achieved

by calibratingthe original imagesequencein the sameway as the imagesfor the light �eld

hadto be, using, in both cases,the methodsdescribedin Chapter3. By registeringthesetwo

reconstructions,the respective imageis easilyrenderedby usingthe cameraparametersof the

original imagesequence.Registration,however, is doneheremostlymanually.

In Figure6.2, theprocessis demonstratedfor oneexample. For theview from theoriginal

imagesequenceof Figure6.2(a),the correspondingview is renderedfrom the light �eld of a

secondperson,as shown in Figure 6.2(b). In order to achieve the correctmappingof light

�eld imageover the original facein Figure6.2(c), it is necessaryto warp the light �eld image

slightly, usingtheBeier-Neelywarpingalgorithm[Bei92]. As a correspondingpair of lines,the

connectingline betweentheeyesis detectedin eachimageusingtheir differencein color from

therestof theface.

Thisapplicationconstitutesaspecialkind of augmentedreality, asit combinesarealenviron-

mentwith “real” images,storedin a light �eld model.While theexampleabove leavesroomfor

improvement,it shows thatif seamlessaugmentationwererealized,usinga light �eld asvirtual

objectmodelmayenhancerealismwith little effort.
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6.2 Object Localization and Recognition

A numberof applicationsof light �elds in object recognitionor robot navigation have been

introducedbeforeby Heigl in [Hei04]. With theadvancesin both light �eld reconstructionand

renderingaswell asobjectrecognitiontechniques,differentapproacheshave becomefeasible.

Two of them,object trackingusingparticle �lters andfast training for object recognition,are

describedin thefollowing.

6.2.1 Visual Object Tracking

Object trackingis the taskof sequentiallyestimatingthe internal,unknown stateof a moving

objectfrom asequenceof observations.Modelbasedobjecttrackingexploits thefactthatinfor-

mationabouttheobjectis availablein form of amodel,from which it is possibleto predictwhat

observationsshouldbeexpected,if acertainstateof theobjectis assumed.Thispredictedobser-

vationis comparedto theactualobservationandtheestimatedstatemaybeupdatedaccordingly.

In 3-D objecttracking,thestateof theobjectis a vectorthatusuallycontainsthe3-D position

of theobject,its velocityandacceleration.Additionally, sometimestheposeof theobjectis also

of interestandis thereforeincludedin thestatevector. Theuseof a light �eld asobjectmodel

for 3-D objecttrackingwith poseestimationwasexaminedin [Fri02] and[Zob02] andwill be

summarizedhere.

In orderto obtaina suitableobjectmodelwhich providesinformationaboutanobjectfrom

all viewing directions,the recordingsetupof a cameramountedabove a turntableasdescribed

in Section5.2.1is usedhere.Unlike thelight �elds describedsofar in this thesis,thelight �elds

usedhereare not reconstructedusing structure-from-motionalgorithms. Instead,the camera

posesarederivedfrom thepositionsof turntableandrobotarm.Thisway, it is guaranteedthata

light �eld canbereconstructedfor any object. On theotherhand,no depthmapsareasreadily

availablefrom triangulatedfeaturepoints.Therefore,only �at depthmapsareusedhere.

Particle Filter Approach

Thevisual3-D objecttrackingalgorithmmakesuseof theparticle�lter (PF) technique,which

wasalreadydescribedfor the extensionof existing light �elds in Section3.7.4. It usesa set

of hypothesesR t for thecameraparameters,whereeachof thehypotheses� t;i ; i = 1; : : : ; jR t j,

representstheprobabilitydensityfunction(PDF)p(� t j ef ) for thecamerapose� t , i. e.,theview of

theobjectmodel,giventheobservedobjectef . Likebefore,theparticle�lter requiresanestimate
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for boththea priori densityp(� t ) andthelikelihoodp(ef j� t ) asstatedby equation(3.53)which

decomposesthePDFusingBayes'formula.

Here,bothapriori densityandlikelihoodareestimatedsimilar to Section3.7.4.For thelatter,

a Gibbsdistribution is usedasapproximation.In this case,the light �eld objectmodelpredicts

an imageof the objectassuminga certainstate. This imagehasto be comparedto the actual

observation. Therefore,the energy term E(ef j� t ) of the Gibbsdistribution given in equation

(3.55)hasto measurethesimilarity betweenthepredictedobservationandacertaintargetregion

in theactuallyobservedimage.

The energy E(ef j� t ) is de�ned by meansof the normalizedcorrelation coef�cient (NCC).

NCC is a commonsimilarity metric betweenimagesusedfor templatematching.Becausethe

likelihood de�nition of equation(3.55) requiresa high positive energy for bad matches,the

reciprocalof theabsoluteNCCis used.Additionally, theabsoluteNCCis increasedto thepower

of �� with �� > 1. �� is calleda strictnessparameterbecausethehigherthis parameteris chosen,

thebetterthematchhasto bein orderto �nally achieveahigh likelihood.

Experiments

In [Zob02], threedifferent objectswere usedfor experiments:besidethe SantaClaus�gure

alreadyseenin Chapter5 thesearea stuffed elk anda tapecassette.For eachof theseobjects

a light �eld objectmodel is constructedfrom 817camerapositionson a hemispherewith the

turntable-armassemblydescribedbefore.

In orderto evaluatetheaccuracy of theproposedtrackingtechnique,groundtruthdatais ob-

tainedby recordingtheobjectsagainfrom camerapositionson thehemispherethataredifferent

from thoseusedfor the generationof the light �eld objectmodels. In Figure6.3(a), the 687

camerapositionsfor theelk sequenceareplotted.Objectmotionwasthensimulatedby de�ning

differentpathsthroughthosecamerapositions.Thethreedifferentpathsof length72 for theelk

sequencearechartedin Figure6.3(a)aswell.

For trackingtheobjectsontheirpaths(i.e.,actually, therobotarmandturntablepositionsare

estimated)a particle�lter using200samplesfor representingtheposteriordensityis employed.

At eachtime stepthe estimatedstateis taken to be the samplemeanof the posterior, hencea

minimummeansquareestimatoris realized.In this case,thestateis restrictedto containonly

the3-D poseparameters,namely, thetwo angles� and� , their velocity, andtheir acceleration.

For eachof thethreeobjectstwo trackingexperimentswereconducted,settingthestrictness

parameter�� to either �� = 1 or �� = 5. For a qualitative impressionof the results,the tracking

of path1 for the elk objectwith �� = 5 is comparedto the original pathin Figure6.3(b). The
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Figure6.3: (a) Threedifferentmotionpathsthroughthecamerapositionson thehemisphere(dots). (b)
Originalpathandestimatedobjectmotionpathfor path1.
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Figure6.4: Comparisonbetweentheoriginal image(left) of thetestsequencefor objectelk onpath1 and
�� = 5, andtherenderedimage(right) from thelight �eld accordingto theestimatedstate.

remainingexperimentsyieldedsimilar results,althoughthesystemperformedbetterin all cases

for �� = 5. For theexact�gures of all experimentsreferto [Zob02].

The actualsimilarity of the renderedimagesto the original onesis demonstratedin Figure

6.4 for the sameexperimentasabove. For time stepsat regular intervals, the renderedimage

correspondingto theestimatedstateis placedbesidethe respective original imageto allow for

visualcomparison.It canbeseenthattheobject's poseis estimatedquiteaccuratelydespitethe

low renderingqualitywhich resultsfrom thelackof accuratedepthinformation.
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Figure6.5: Objectclassesusedfor recognition:(�rst row) cup,toy �re engine,mouse,pen,(secondrow)
toy passengercar, holepuncher, candybox, stapler. Eachimageshown is partof the respective training
sequence.

For theseexperimentsscalingwasnot considered.Thedistanceof thecamerason thehemi-

sphereto thecenterof gravity of theobjectsis assumedto be �x ed. In [Fri02], thescenariois

extendedandthe tracker is appliedto imagestaken by the cameraof a mobile robot platform

(MOBSY). Thestatevectoris extendedto includethe3-D positioninformationinsteadof just

theorientationangles,but velocity andaccelerationhave to beomittedto reducethedimension

of thestatespace.Tracking,however, is performedsuccessfullyaswell for thisapplication.

6.2.2 FastTraining for Object Recognition

In [Grz04], [Grz05],and[Grz07b],a differentaspectof light �eld reconstructionwasappliedto

objectrecognition.Insteadof the renderedimagesasin theapplicationbefore,the reconstruc-

tion processfor imagesequencesfrom hand-heldcamerasis now utilized to quickly generate

new objectmodels. It thusreplacesthe procedurecommonlyusedin appearance-basedobject

recognitionof recordingimagesusinga turn-tablesetupsuchastheonedescribedpreviously.

Objectmodelgenerationis doneby placingeachobjecton a black, homogeneoussurface

andrecordinganimagesequencewhichcoversawidevarietyof viewing directions.Theobjects

usedin [Grz04] areshown in Figure6.5. After cameracalibrationand3-D reconstructionusing

bilineartrackingandreconstructionasdescribedin Chapter3, thecameraposesareavailablein

thewell-known form derivedfrom equation(2.11). At this point, a parametertransformationis
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requiredsincetheobjectrecognitionsystemusesa differentparameterrepresentation.It com-

prisestwo translationsandonerotationin theimageplane,two rotationsoutsidetheimageplane

andonetranslationalongtheopticalaxis. Only four of theseparametersapplysincetheobjects

areassumedto beuprightandata �x eddistanceto thecamera.

At the beginningof statisticalmodeling,oneimageof eachclassis selectedasa reference

image,andthe poseparametersfor the remainingimagesarecalculatedrelative to the poseof

theobjectin this image.For all images,featuresarecomputedusinga wavelet transformation,

wherethewavelet coef�cients arecalculatedon a multi-scalegrid on eachimage. Featureson

thebackgroundarediscarded.Thecomputedfeaturevectorsareinterpretedasrandomvariables

and their componentsmodeledas normally distributed, thus comprisingthe statisticalobject

model. For localizationandclassi�cation, the samefeaturevectorsarecalculatedfor the test

image.Objectposeandclassaredeterminedusingmaximumlikelihoodestimation.For detailed

informationon thisprocedurereferto [Grz07a].

In the experimentsconductedfor [Grz04], [Grz05], and[Grz07b],a training sequencewas

recordedand3-D reconstructedfor eachof theeighttestobjectswith morethan200imageseach.

As testimages,a secondsequencewasrecordedfor eachobjectwith morethan120imagesand

likewise reconstructed.Dependingon the numberof training imagesused,the bestaverage

classi�cationrateachievedwas98:8%. Thebestlocalizationrateamountedto 45:5%, assuming

amaximumdeviationof 10pixelsfor translationand15degreesfor rotation,respectively.

The two most prominentbene�ts, however, are the time requiredfor acquiringthe object

models,andthelack of needfor specializedhardware.Recording200imageswith a hand-held

cameratakesabout13 seconds(at a rate of 15 framesper second),featuretrackingand3-D

reconstructionrequireaboutthreeminutes. Togetherwith preprocessingsteps,generatingone

objectmodel from the imagescanbe donein about35 seconds.Thus, from recordingto the

�nal modeltakeslessthanfour minutes. Comparedto this, the recordingof the samenumber

of imageson a turntableandrobotarmsetuprequiresabout20minutes,andadditionaltime for

modelgeneration.Theproposedapproachis thuswell suitedfor thead-hocsetupof arecognition

system,evenif no specializedhardwareis available.

6.3 Medical Applications

Light �elds have found their way into a numberof differentmedicaldisciplines.Oneof these

areasis endoscopicsurgery, wheresomeof themethodsintroducedin thepreviouschaptershave

beenappliedto addressa numberof problems. Theseissues,highlight substitution,progress
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Figure6.6: Highlight substitutionon light �eld imagesof agall bladderin laparoscopicsurgery: original
view (left) andsubstitution(right). An improvementis mainly visible in theimagecenterandupperright
corner. Imagestakenfrom [Vog06] usingimprovedrenderingtechniques.

monitoringof operations,andreconstructionfor �e xible endoscopes,will be introducedin the

following.

6.3.1 Highlight Substitution

In endoscopicsurgery, thecommonapproachis to enteranendoscopeinto acavity of thehuman

body, suchasthenose,or theabdomenin laparoscopy, wheretheoperationis performed.The

majorproblemthesurgeonfacesherearealimited �eld andqualityof vision,andalimited access

to theoperationarea,sincehis toolshave to beenteredthroughthesameor nearbyopenings.

A �rst issuethatwasapproachedusinglight �elds is thatof highlightsfrequentlyoccurring

oninternalorgansin laparoscopy. Sincethelight sourceis usuallyplacedright besidetheoptical

device, thelight is oftenre�ectedby wetsurfacesperpendicularto thecameralens,thusleading

to saturationof the optical sensor. In [Vog02b] and [Vog02c], the propertyof light �elds of

usingimagesof several viewing directionsto reconstructa novel view is exploited, similar to

themethodsfor renderingdynamiclight �elds introducedin Section4.4. In theoriginal images,

highlight regionsaredetectedusing,e.g., thresholdson the valuesof saturationandvalue in

HSV colorspace.Theseregionsaremarkedin con�dencemapsfor eachimage,just likemoving

objectsfor certaintimestepsin dynamiclight �eld rendering.As a result,thesurfaceregionsin

questionarerenderedfrom imagesclose-by, whichwererecordedfrom differentviewing angles.

In Figure6.6,anexamplefor highlight substitutionin thiswayon agall bladderis shown.
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Figure6.7: Dynamiclight �eld reconstructionin endoscopicsurgery: � ve imagesequenceswereacquired
during a gall bladderremoval (cholecystectomy),showing the progressof the operation. Imagestaken
from [Vog06].

6.3.2 ProgressMonitoring using Dynamic Light Fields

The areaof operationin endoscopicsurgery is intrinsically non-static:apartfrom continuous

movementdue to heartbeat,respiration,andother functionsof the body which are not sup-

pressedduringanesthetization,theoperationareaitself is changedin theprocessby thesurgeon.

Neglectingthe �rst kind of dynamics,it is still not sensibleto generateonestaticlight �eld in-

cluding imagesof differentstagesof theoperation.Therefore,[Vog06]makesuseof step-wise

staticlight �elds asdescribedin Section4.2,andespeciallytherenderingtechniquesintroduced

in Section4.4.1.

Figure6.7presentsa dynamiclight �eld with � ve time stepswhich wasrecordedduringthe

laparoscopicremoval of a gall bladder. As cameraposeinformationis obtainedby the optical

trackingsystemintroducedin Section5.1.2,registrationof thedifferenttimestepsis unproblem-

atic, andtheproblemof unknown depthis solvedby calibratingthe intrinsic parametersof the

camerabeforehand.Evenif the large interval betweentime stepsdoesnot allow for animpres-

sion similar to 3-D video, this approachis neverthelessuseful for physiciansto documentthe

progressionof anoperation.

6.3.3 3-D Reconstructionfor Flexible Endoscopes

So far, the endoscopesusedin this sectionto recordthe imagesfor light �eld reconstruction

wererigid, possessinglenseswith short focal lengthwhich yield a distorted,but nevertheless

correctableimageusingstandardcalibrationalgorithms.In [Win05b] on theotherhand,a �e xi-

ble glass-�berendoscope(a so-called�berscope)is used,which maybeassmall in diameteras

a staticone(below 3 mm) andcanbeusedto enterevencomplex cavities, which areotherwise

not accessible.On the otherhand,a �berscopeconsistsof only 3,000to 50,000�bers where

eachtransmitsonly oneintensityvalue,comparableto onepixel. Theseintensitiesarerecorded
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(a) (b) (c) (d)

Figure6.8: Exampleimageacquiredwith a �berscopeexhibiting honeycombstructure(a) andtheresult
of �ltering (b); exampleimageof theboresequence(c) and3-D reconstruction(d)

by a cameraat theoutsideendof the �berscope,resultingin anover-samplingof the informa-

tion available. Thus,the �nal imageexhibits a honeycombstructure,sincethe imagepoint of

each�ber is surroundedby a darkring, owedto thetransmissionpropertiesof glass�bers. An

enlargedexampleimageis shown in Figure6.8(a).

Thegoalin [Win05b] wasto generatea3-D modelof acylindrical boredespitethede�cien-

ciesof the available images. This wasachieved by �rst eliminating the honeycombstructure

usinga spectral�lter . Basedon thespectrumof a �berscopic image,anoptimalband-rejection

maskis generatedautomatically, usingthe methoddescribedin [Win05a]. As canbe seenin

Figure6.8(b),this processis ableto remove thecombstructurealmostcompletely, makingthe

imagesusablefor furtherprocessing.

Next, thecamerais calibratedin orderto determineits intrinsic parameters,aswell asradial

andtangentialdistortioncoef�cients. Thedistortioncorrectedimagesarethensuitablefor 3-D

reconstruction.In orderto reconstructtheboreshown in Figure6.8(c),bilinearfeaturetracking

asdescribedin Section3.2.3is appliedandtheextrinsic cameraparameters,aswell assurface

3-D points,areestimatedusingthetechniquesof Sections3.3.3and3.4.1.Theresulting,cylin-

drical point cloud is depictedin Figure6.8(d). In order to re�ne the availablefeatures,some

knowledgeon the observed objectsis applied,usingonly featurepoints in pre-de�nedimage

regions.

An interestingeffectwhichcanbeobservedhereis thattheoriginally completelycylindrical

tube appearsconical in reconstruction.Observationsindicatethat this is due to a systematic

errormadeduringfeaturepoint tracking.Thefeaturewindow transformationsareapproximated

by anaf�ne matrix, althoughin reality, the transformationsareperspective ones.This effect is

particularlyconspicuousherewherethecameramovesparallelto thesurfacein view. Theresult

is asystematicdistortionof thereconstruction.
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In [Wit06], the above approachis usedto reconstructthe sphenoidalsinus,a cavity of the

skull behindthe eyes,of a skull phantom.Anotherre�nementof point featurequality for en-

doscopicimagesis studiedin [Pop06]. By replacingtheconventionalring-shapedillumination

at theendoscopetip with four point-shapedlight sources,surfaceirregularitiesarehighlighted,

especiallyif the lights areturnedon alternatingly. Theresultingfeaturescanbetracked longer,

are lessnoisy andmorenumerous.The reconstructionof a metal tubeasabove thusshows a

distinctimprovementin 3-D point localization.



Chapter 7

Summary and Outlook

In the following chapter, themain aspectsof this thesisandits conclusionsaresummarizedin

Section7.1. Section7.2describescontinuativework andofferssomepossibilitiesfor extending

upontheresultsof differentmethodsandapplicationsintroducedin theprecedingchapters.

7.1 Summary

Theconceptof image-basedrendering,andasanimplementationof it thatof thelight �eld, was

introducedin orderto supplyameansfor modelingrealobjectsandscenesandto reproducethem

in photo-realisticquality. While earlypublicationson light �elds madeuseof dedicated,often

stationarycameramountings,thedesireto usecommercial,hand-heldcamerassoonemergedin

orderto easilycapturethenecessaryinput images.This requiresthecomputationof camerapose

informationfor eachimageandknowledgeabouttheprojectionpropertiesof thecamera,aswell

assomeknowledgeaboutthegeometryof thescene.

In this thesis,differentmethodsfor computingthesedataexclusively from theinput images

usingpoint featuretrackingand(self-)calibrationmethodswereexaminedandextended.Two

differentkindsof light �elds wereconsidered,staticanddynamicones,wherethelatterformsan

extensionof the�rst in thatit resolvesamajorconstraint,thestaticnatureof therecordedscene.

Regardingstaticlight �elds, themethodsintroducedcanbedividedagaininto thosewhich

increaserobustnessof thereconstructionmethodsemployed,andthosewhich aim at creatinga

globally valid 3-D reconstructionof the underlyingscene.A generaltool for achieving these

goalsis to feedback informationaboutthe currentstateof reconstructionin a loop to earlier

stagesof theprocess,andthusto re�ne theresultsiteratively. In orderto measurethequality of

reconstruction,the peaksignal-to-noiseratio (PSNR)wasintroducedfor this application. It is
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utilizedbesidetheback-projectionerrorwhich is commonlyemployedfor thispurposebut does

notnecessarilyre�ect theobjectivequalityof a light �eld.

Concerningrobustnessof reconstruction,a comparisonof SIFT featureswith the widely-

usedKanade-Lucas-Tomasi(KLT) featuretrackingalgorithmshowedthatareconstructionusing

SIFT featuresis onaparwith thosebasedonKLT features,workingevenmuchbetterif camera

positionsarefar apart.E.g., while increasingthespacingbetweencamerapositionsby a factor

of four in a commonimagesequenceincreasedthe translationalerror basedon groundtruth

for KLT trackingdrasticallyfrom 8:42% to 751%, it remainedunperturbedat around8% for

SIFT features. However, ascomputationalcomplexity is exponential,SIFT featuresare only

suitablefor smallsetsof imagesor specialapplicationssuchastheconcatenationof two image

sequencesrecordedindependently. Thus, appliedto a sequenceof 200 images,the time for

trackingamountedto severalhoursfor SIFTfeaturesasopposedto below oneminuteusingKLT

tracking.

PSNRwasutilized for the �rst time to make anautomaticdecisionbetweenseveral recon-

structionmethodsavailable. It wasappliedto thechoiceof factorizationmethodfor processing

a subsequenceto initialize reconstruction,whereparaperspective factorization,ChristyandHo-

raud's iterative version,andperspective factorizationwith two differentmetricupdateswereto

consider. It wasshown thatwhile theback-projectionerrordoesnot alwaysoffer a clearsolu-

tion, PSNRreliably rulesout thefailedattempts.Themethodis thereforeto bepreferredif it is

necessaryto obtainasuccessfulreconstructionwithoutadditionalmanualtrials.

Robustnesswasalsothemotivationfor applyingoutlierdetection,weightson individual fea-

tures,androbustestimatorsto the image-wiseestimationof cameraparametersand3-D points.

While for two outof threetestimagesequencesthehighqualityof KLT featurecorrespondences

aloneprovidedfor reliablereconstructions,theLorentzianestimatorwasshown to yield goodre-

sultswithout exception.It thusoutmatchedtheothermethodstestedwhich showedanimprove-

mentonly in few cases,andfailed entirely in reconstructingthe light �eld for a considerable

numberof theparametersettingsevaluated.

Increasingtheglobalvalidity of a staticlight �eld is aimedat for severalreasons.It reduces

renderingartifactswhich appearif errorsaccumulatewhile reconstructinga long sequenceof

images.Furthermore,it decreasesthesizeof themodelespeciallyif, asaresult,scenegeometry

canberepresentedby oneglobally valid 3-D mesh,calledaglobal proxy. Themainapproaches

introducedfor thispurposearethusintendedto increasethenumberof imagesthesamefeatureis

foundin. Thiswasachievedononehandby creatingameshof camerapositionswhichprovides

additionalneighborhoodrelationsbetweenimagesin a sequenceandwasusedduring feature
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trackingandcameracalibration. Theseapproacheswerenamednon-sequentialor meshtrack-

ing andreconstruction.On the otherhand,this relationshipwasgeneratedby back-projecting

known 3-D pointsinto theimagesandutilizing theresultingpositionsasinitializationof feature

tracking.Thissecondapproachwasthereforecalledfeaturepredictionbyback-projection.

The bene�t of non-sequentialtracking and reconstructionis most noticeablefor turntable

sequences,wherecameraposeerrorsdecreasedby morethan50 percentpoints to 17:3% and

13:4% for translationalandrotationalerror respectively, andPSNRincreasedby about10 dB

for bothsequencesexamined.For hand-recordedsequencesthesuccessis not asobvious,but is

revealedif PSNRis calculatedfor referenceimageswhich arefartherapart. The same,but on

a smallerscale,is true for featurepredictionby back-projection.Here,theaveragelengthof a

featuretrail couldbeincreasedby a factorof morethanthree,from 20:4 to morethan60images

per featureandfrom 10:9 to morethan30 imagesfor thetwo sequencestested,respectively. In

caseof non-sequentialtracking trail length increasedeven by a factorof 23 for one turntable

sequence.

Thus, if global validity is desired,both approachesare superiorto sequentialprocessing,

wherenon-sequentialtrackingandreconstructionis considerablymoreaccurate,but requirestwo

completeiterationsif no meshinformationis availablea priori. Predictionby back-projection

shouldonly be usedif streaming-like processingis necessary. Here, the simplesourceimage

selectionschemeprovidesthebestcompromisebetweenprocessingtimeandaccuracy.

Anotherapproachthat allows for increasingglobal consistency wasadoptedfrom robotics

andautonomousmappingof environments.By coercively closinga loop in cameramovement

if accumulatederrorspreventeda correctreconstruction,a globally correctconstellationcanbe

created.It wasshown exemplarilythatfor largeerrorsthemethodis ableto halvetheposeerror,

from, e.g., 71:3%to 26:1%translationalerror, althoughtheimprovedglobalcorrectnessis paid

for with anincreaseof local errors.In generalhowever, theapplicationof bundleadjustmentto

saidloopsis thepreferableapproach.

Besidethe parametersof the recordingcamera,a light �eld requiresdepthinformation in

orderto correctlyvisualizea virtual view. Originally, this informationwasprovided asdense

depthmapspertainingto eachinput image. Here, two alternativeswerediscussed,local and

global proxies. Both approachesencodedepthinformationastrianglemeshes,but wherethe

�rst requiresa meshfor eachinput image,the secondcombinesall depthinformation in one

globally valid mesh.While globalproxieswerealreadyrequiredaspartof theunstructuredlu-

migraph,local proxiesform a compromisebetweenthoseanddensedepthmaps.They areeasy

to generate,uselessmemoryandaremoreef�cient in renderingthandepthmaps.In thecontext
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of global consistency however, a new approachto generatinga global proxy from 2-D feature

correspondenceswasintroducedand�rst resultswerepresented.Althoughtheconstraintsin its

constructionarestill too restrictive for universalutilization, renderingis morethanfour times

fasterthanwith depthmaps,improving from 3:3 to 15 framespersecondfor a proxy affecting

thewholeoutputimage.It is thuson a parwith local proxies,andquality is not reduced.Addi-

tionally, a methodwaspresentedto improveglobalproxiesbasedon non-linearoptimizationof

renderingqualityusing,again,aninformationfeedbackloop.

Finally, the extensionof an existing light �eld with additionalimagesequencescanbe as-

signedto thesamecategory of increasingglobalcorrectness.Two methodsfor �nding thebest

imageto restartfeaturetrackingandthusintegrateanew sequenceweredescribed.Thereby, the

matchingwith SIFT featureswas20 to 30 pixelsmoreaccuratein predictingfeaturepositions

thantherenderingfeedbackapproachbasedon adaptive randomsearchor theparticle�lter , the

divergencebeingonly 2:0 pixelsin averagein contrastto 31:6 pixels.

Regardingthe secondmajor topic of this thesis,dynamiclight �elds, it wasstatedthat the

relaxationof thestatic-sceneconstraintcannotbegeneral.It is impossibleto capturea light �eld

denselyenoughwith only onecameraif parameterspaceis thus increasedby onedimension.

Therefore,the dynamiclight �eld modelsregardedherehadto includenew but lessstringent

constraintsthanfor thestaticcase.

Threedifferentmodelsandtheir mostlyautomaticreconstructionfrom oneor several image

sequenceswereintroduced.The�rst one,thestep-wisestaticlight �eld, requiresthatfor multiple

timestepsoneimagesequenceis recordedeach,in suchawaythatthesceneremainsstaticduring

eachrecording.Thesequencesarereconstructedindividually in a �rst step.In asecondstep,the

camerapathsareconcatenatedandsubsequently, thewholemodelis re�ned usingnon-sequential

trackingandreconstruction.During renderingof the resultinglight �eld, a switchingbetween

theoriginal time stepsaswell asfreenavigationwithin eachtimestepis thenpossible.

The secondtype of dynamiclight �eld doesnot requirean as laboriousrecordingstepas

the�rst one,asit permitsrecordingthedynamicscenein a singleimagesequence.It imposes,

however, the constraintthat a moving objectvisible in the scenehasto be rigid in itself. This

allows for theautomaticsegmentationof backgroundandforegroundon thepoint featurelevel

usingthesubspaceseparationmethodof Kanataniet al. Thus,backgroundandobjectgeometry

canbereconstructedindividually andarethenmergedinto acommoncoordinatesystem.Again,

thelight �eld is dividedinto differenttime steps,but now this is doneby groupingviews of the

moving objectusingvectorquantization.Thevisible time stepduring renderingis selectedby

maskingout all othersourceviews usingcon�dencemaps. Thus,the sameeffect asbeforeis
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achievedbut requiringconsiderablylessuserinteraction.

However, the �nal goal is to provide a continuousrepresentationof thedynamicpartof the

light �eld. Therefore,a�rst implementationof anobjectlight �eld waspresented,whichconsists

of onelight �eld perobjectin thescene.It is thuspossibleto view backgroundandforeground

individually, but alsotogetherin thesamecontext with auser-adjustabletransformationbetween

thetwo. Theapproach,however, still requiressomemanualpost-processingof con�dencemaps.

Both step-wisestaticlight �elds andlight �elds of rigid, moving objectsweredemonstrated

on threeexampleseach.For theobjectlight �eld, oneprototypemodelwaspresented.

In the previous chapter�nally , new applicationsof staticanddynamiclight �elds to other

areaswere shown. It was demonstratedthat light �elds are well suitedas object modelsin

augmentedrealitysincethey form representationsof real-world objectsthemselves.Thepossible

discrepancy betweenreality andvirtuality is thusavoided. Likewise, light �eld reconstruction

wasappliedto the classic�elds of objectlocalizationandtracking,eitherby directly utilizing

light �elds asobject modelsor by using the methodsfor their reconstructionto generatethe

requiredmodelsfrom hand-heldcamerasequences.

A differentandstill uncommonapplicationareais medicalimaging,particularly in endo-

scopicsurgery. Here,light �elds wereusedto reducehighlightswhich arecreatedby anendo-

scope's light sourceon wet tissue.Additionally, anapplicationof thestep-wisestaticlight �eld

modelwasdescribedwith thevisualizationof differentstagesof anoperationin [Vog06], thus

monitoringanddocumentingits progress.Finally, aninvestigationof theincreasingdemandson

thereconstructionsystemwhenusing�e xible insteadof rigid endoscopeswasintroduced,anda

�rst solutionpresented.

7.2 Futur eWork

The work presentedoffers a numberof startingpoints for future research.A �rst suchpoint

is the Kanade-Lucas-Tomasi featuretracking algorithm. As it was alreadyobserved for the

applicationto imagesacquiredby a �e xible endoscopein Section6.3.3, the af�ne distortion

correctionwhich is currentlyappliedto the featurewindows maynot besuf�cient in all cases.

If thesurfacesthefeaturesarefoundon aremostlyperpendicularto theviewing directionof the

camera,anaf�ne distortionmatrix is suf�cient. However, if featuresareon surfacesparallelto

theviewing directionandthecameramovesforwardor backwards,suchasthrougha corridor,

the resultingdistortionsof the featurewindows areperspective andthuspoorly modeledby an

af�ne distortionmatrix.
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Modelingperspective featuredistortionis equivalentto estimatinga homographywith eight

degreesof freedomfor eachfeature.Determiningtheseeightparametersall at oncemay, how-

ever, posea considerableissuefor stability of theestimation.Goodinitialization andlimitation

of theadditionaltranslationarethereforeessential.

Next, regardingthesubsequentreconstructionprocedures,selectinga suitablefactorization

methodusing PSNRis only one possibleway for modifying the processbasedon rendering

quality. Theapproachcould likewisebeusedto determineoptimalparametersfor trackingand

reconstruction,suchasthe numberof featuresto track or the maximumback-projectionerror.

Anotherapplicationwould beto monitortheprogressof reconstructionusingPSNRandin this

way to detecta failureof calibrationof thecurrentcamerapose.

A majorproblemfor globallyconsistentreconstructionwasclearlyvisiblein theexperiments

of Chapter5. The per-imageerror increaseseven if global consistency is improved,andthus

usually impairs renderingquality aswell. A solution is offeredby bundleadjustment,which

re�nes all 3-D pointandcameraparametersatonce.However, it alsorequiresconsiderabletime

for this task. A way out is presentedby ef�cient bundleadjustmentstrategiessuchasthe one

proposedin [Shu99]. It combinesseveral imagesinto segmentsandde�nes virtual key frames

for eachsegmentwhich areoptimizedassubstitutesfor thewholesegmentandthusreducethe

overallnumberof parameters.

Anotherpromisinginitial point for furtherwork is theglobalproxy, bothits constructionand

itsoptimization.Thesuccessfulapplicationof imagedifferenceaserrormeasurefor optimization

wasalreadydescribedin Section3.7.3.However, it maybelikewiseappliedto theconstruction

of theglobalproxy asa meansfor identifying nodeswhich wereinsertedwrongly. But not only

the seamlessintegrationof a new 3-D point is importantfor renderingquality. A setof four

non-collinearpointsmay be meshedin two differentwaysusingDelaunaytriangulation. The

common,internaledgeof the resultingtrianglesmay thusbe, in the worst case,perpendicular

to a 3-D edgein thescene.Morris andKanadeshowedin [Mor00] thatby �ipping thesekinds

of edgesandcalculatingan error basedon projectingan imageonto the mesh,the correctness

of themeshcanbeimproved. This facthasnot beenconsideredyet in neitherconstructionnor

optimizationof globalproxies.

The optimizationof global proxiesoffers someadditionalroom for re�nement. Currently,

full-sized imagesarerenderedin orderto calculatethe errormodi�cation for eachnodein the

mesh. However, only a fraction of the imageis affectedby the variationof onenode,namely

theadjacenttriangles.By restrictingrenderingto theseareas,a considerablespeed-upcouldbe

achieved. In additionto that, the algorithmdoesnot changethe numberof nodesin the mesh.
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Addingnew nodesmayfurtherimprovetheresultsif appliedin areaswith largeerrors.

Even more thanstatic reconstruction,the generationof dynamiclight �elds offers a large

numberof differentdirectionsfor futureresearch.Onemajor issuefor rigid motion light �elds

andobjectlight �elds is thedeterminationof scalingbetweenreconstructionsof differententities

in the scene.However, the problemis not easilysolved. A potentialsolutionis offeredagain

by an image-basedapproach.If scaledwrongly andviewedfrom a differentangle,themoving

objectis renderedat thewrongpositionrelative to thebackground.Theeffect would bevisible

in imagedifferenceif thesamemethodasthroughoutthis thesisof leaving out theoriginal image

is applied.

Theproblemof preciselysegmentingthemoving objectin eachimagemaybesolvedsim-

ilarly. Renderinga light �eld of the objectalone,imagequality insidethe object's boundaries

is high given correctcameraposeanddepthreconstruction.The surroundingbackgroundon

the otherhandis formedby many different,wrongly placedand thusoverlappingpatchesof

the original images.Thus,the objectboundaryis formedby a marked differenceof high and

low quality expressedby imagedifference,andcanbeapproximated,e.g., by anactive contour

modelsuchassnakes[Kas88]. This method,of course,is boundto fail if the backgroundis

mostlyhomogeneousin texture.

Thesegmentationof foregroundandbackgroundhassofar only beendemonstratedfor one

moving object in front of the static background. Nevertheless,it is theoreticallypossibleto

separateany numberof objectsprovided that enoughfeaturesarefound on eachone. Neither

cameracalibrationand3-D reconstructionnor the partitioninginto time stepsafterwardsform

anobstacle,only thenumberof possiblecombinationsof visible andinvisible objectsincreases

exponentiallywith the numberof objects. This posesa problemfor visualizationas for each

combination,onelight �eld is generated,leadingto vastmemoryrequirementsandnon-intuitive

userinteraction.Theseissuesdo notoccurfor objectlight �elds.

In the samecontext of multiple objectsfalls the next issueto be treated,occludingobjects

andthoseleaving the�eld of view of thecamera,or eventhecontinuedtrackingif movementis

discontinued.In this case,it is not possibleto rely on thesegmentationalgorithmany longer. In

orderto treatthesecircumstancescorrectly, additionalmethodsfor objecttrackinganda more

sophisticatedobjectmanagementhave to beincorporated.

Beginningfrom theinitial two-planelight �elds, constraintsontheobservedscenehavebeen

removedstepby stepin bothlight �eld reconstructionandrendering.Theautomaticgeneration

of dynamiclight �elds containingrigid, moving objectswill notbetheendof thisdevelopment.

Algorithmsexistswhichareableto reconstructthe3-D geometryof ascenedespitethepresence
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of moving anddeformingobjects.Onesuchalgorithmis, e.g., outlinedin [Har03]. Thedif�-

cultieshereareto �nd a stablesolutionfor long imagesequencesandto de�ne a suitablemodel

for visualizingtheresultinglight �eld. It shouldbeinterestingto follow thedevelopmentof this

complex andexciting areaof researchin yearsto come,especiallysincenew applicationssuch

asin medicineareemergingevennow.
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Mathematical Symbols

In this appendixall mathematicalsymbolsandnotationsusedin this work areexplained.First

somegeneralnotationsaregivenwhich areapplicableto differentsymbols.

� Scalarvaluesaredenotedby italic letterslikea, b, c.

� Vectorsaredenotedby bold italic letterslikex

� Thei -th elementof avectorx is denotedby x i .

� Matricesaredenotedby capitalbold italic lettersX .

� Theelementat thei -th row andj -th columnof amatrixX is denotedby x ij .

� Thetransposedof avectorx anda matrixX is denotedby x T andX T .

� Theinverseof amatrixX is denotedby X � 1.

� TheEuclideannormof avectoris denotedby kx k.

� TheFrobeniusnormof amatrix is alsodenotedby kX k.

� A homogeneousvectoris denotedby underlininglikex .

� An estimationto a valuex is denotedby bx. bx is alsousedfor a computedvaluewhen

comparedwith agroundtruth/realvalue.

� A matrixY composedof amatrixX andavectorx is denotedby Y = (X jx ).
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The following tablelists theusedsymbols,their meaning,andthepageof their �rst occur-

rence.

x w x-axisof world coordinatesystem 5

yw y-axisof world coordinatesystem 5

zw z-axisof world coordinatesystem 5

L Theplenopticfunction 5

� First viewing directionangle 5

� Secondviewing directionangle 5

� L Wavelengthparameterof theplenopticfunction 5

� Time instance 5

t 3-D translationvector 5

Lp Two-planelight �eld 6

up First coordinateaxisof cameraplane 6

vp Secondcoordinateaxisof cameraplane 6

sp First coordinateaxisof focalplane 6

tp Secondcoordinateaxisof focalplane 6

Mu;v Sizeof thegrid on thecameraplane 6

Ns;t Sizeof thegrid on thefocalplane 6

x i;j;k ;l Datapointon onepair of grid points 6

B i;j;k ;l Basisfunctionfor eachpair of grid points 6

~Lp The�nite dimensionallumigraphapproximatingL p 6

x c x-axisof cameracoordinatesystem 22

yc y-axisof cameracoordinatesystem 22

zc z-axisof cameracoordinatesystem 22

R 3-D rotationmatrix 22
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p 3-D point in world coordinates 22

pc 3-D point in cameracoordinates 22

p Homogeneous3-D point in world coordinates 23

p
c

Homogeneous3-D point in cameracoordinates 23

03 The3-D columnnull-vector 23

x m x-axisof imagecoordinatesystem 23

ym y-axisof imagecoordinatesystem 23

qm 2-D point in imagecoordinates 23

f Thefocal length 23

q
m

Homogeneous2-D point in imagecoordinates 24

o Origin of image 24

u s Horizontalaxisof thesensorcoordinatesystem 24

vs Verticalaxisof thesensorcoordinatesystem 24

dx Horizontalsizeof sensorelements 24

dy Verticalsizeof sensorelements 24

02 The2-D columnnull-vector 25

upp Horizontalcoordinateof principalpoint 25

vpp Verticalcoordinateof principalpoint 25

q Homogeneous2-D point in sensorcoordinates 25

f x Effective focal lengthin horizontaldirection 25

f y Effective focal lengthin verticaldirection 25

� Skew of sensorcoordinateaxes 25

K Thecalibrationmatrix 26

I 3� 3 The3 � 3 identitymatrix 26

P Theprojectionmatrix 26

pg Centerof gravity of anobject 27
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A An arbitraryaf�ne transformation 29

e Theepipoleof animage 30

l An epipolarline 30

q 2-D point in sensorcoordinates 30

F Thefundamentalmatrix 30

N Numberof featureandscenepoints 31

F Numberof frames 31

W Themeasurementmatrix 31

q Centroidof imagepoints 32

eq Registeredimagepoint 32

fW Theregisteredmeasurementmatrix 32

ep Registered3-D world point 32

	 Motion matrix 32

� Shapematrix 32

U Left matrixof singularvaluedecomposition 32

s A singularvalue 32

V Rightmatrixof singularvaluedecomposition 32

b	 EstimatedMotion matrix 33

b� EstimatedShapematrix 33

pf ;3 Distanceof objectcentroidto cameracenteralongprincipalaxis 34

� Projectivedepthof animagepoint 36

W p Themeasurementmatrix for projective factorization 36

xp Horizontalpositionof a2-D point for paraperspectiveprojection 39

W CH Themodi�ed measurementmatrix for iterative factorization 39

D A transformationfor ambiguousreconstructions 40

m 1 Theplaneat in�nity 41
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�s A scalefactor 41

Ca Theabsoluteconic 41

Qa Theabsolutequadric 41

E Theessentialmatrix 42

Q �
a Theabsolutedualquadric 43

C �
a Theabsolutedualconic 43

Q
�
a Theabsolutedualquadricin its canonicform 43

� SC Costfunctionfor non-linearself-calibration 45

� B Residualvectorof back-projectedfeaturepoints 45

J TheJacobianmatrix 46

f g A gray-level image 52

x Horizontalpixel positionin animage 53

y Verticalpixel positionin animage 53

g Gradientvectorof animage(window) 53

G Thestructurematrix 53

r Window radius 53

� An eigenvalueof thestructurematrix 53

d An imagedisplacementvector 54

� Displacementerrorbetweentwo featurewindows 54

da Theaf�ne motion�eld for featuretracking 55

D a Af�ne distortionmatrix for featuretracking 55

ga Af�ne gradientvectorof animage 55

� Contrastportionof illuminationcompensation 56

� Brightnessportionof illuminationcompensation 56

m SIFT Imagegradientmagnitudefor SIFT features 57

r SIFT Imagegradientrotationfor SIFT features 57
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c A SIFT featurevector 58

C A setof SIFT featurevectors 58

d TheEuclideandistancebetweentwo vectors 58

� SIFT A thresholdvaluefor thesimilarity of two SIFT featurevectors 58

� Fractionof initial numberof featuresin meshtracking 59

b� Thresholdfor outlierdetectionin LMedS 61

� Differencematrix for LMedSin factorization 62

� bp Theaverageback-projectionerror 62

f A color image 63

bf An imagerenderedfrom a light �eld 63

SNR Signal-to-noiseratio 63

PSNR Peaksignal-to-noiseratio 63

� Projectivescalefactor 66

N t Minimum numberof featuresfor triangulatinga3-D point 68

� t Averagedistancebetweentwo camerapositions 70

� Averageanglebetweenviewing directionsof two cameraposes 70

� t Multiple of averagecamerapositiondistance 70

� � Multiple of averageanglebetweencameraviewing directions 70

� i Minimum index differentbetweentwo frames 70


 Anglebetweencameramotiondirectionandneighbor 70


 min Thresholdon thedirectionangle 70

� SSD Sumof squareddifferencesof back-projectionerrors 71

� B Covariancematrixof featurelocations 72

� ML SquaredMahalanobisdistanceof back-projectionerrors 72

z A depthvalue 76

FGP Setof imageswhosefeaturesareconsideredin aglobalproxy 81
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T Faceof aglobalproxy 81

v Vertex of aglobalproxy 81

Tin Setof intersectedfaces 81

Eb Setof borderedgesof a globalproxy 82

w Weightvaluefor selectingframesfor trackingof predictedfeatures 86

� L Residualvectorfor closingloopsin cameramovement 88

� DO Residualvectorfor optimizingdepthmaps 89

x A pixel position 89

vJ Parametervectorfor optimizingaglobalproxy 91

� GP Residualvectorfor optimizingglobalproxies 91

a An accumulatorfor countingcommonSIFT features 93

� TheKroneckerdeltafunction 93

M A setof matchingSIFT featurevectorpairs 93

H A 2-D homography 93

� Camerastate(pose)vector 94

R Setof camerastatehypotheses 94

% Scalarratingfor ahypothesis� 94

S A 4 � 4 matrix for scalingprojectionmatrices 101

K Numberof objectsin adynamicscene 104

Q Theshapeinteractionmatrix for featuresegmentation 105

� Centermatrixof singularvaluedecomposition 105

W � Themeasurementmatrix in its canonicalform for segmentation 105

C Costfunctionfor sortingtheshapeinteractionmatrix 106

L A setof featuresgroupedtogether 106

J Residualvaluefor merging two groupsof features 107

G-AIC ThegeometricAIC of asubspace 107
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h A con�dencemap 115

F bg Setof input imagesusedfor renderingscenebackground 116

F fg Setof input imagesusedfor renderingdynamicsceneforeground 116

� t ;rel Relative translationerrorbetweentwo cameraposes 123

� R ;rel Relative rotationerrorbetweentwo cameraposes 123

� shape Normalizedrelativeshapeerrorfor asphere�t to reconstructed3-D points 123

�� A strictnessparameterfor thenormalizedcorrelationcoef�cient 167
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B.2 Einleitung

Die Modellierungvirtueller UmgebungenhatihrenWeg in viele Anwendungengefunden,nicht

nurin derUnterhaltung,sondernauchin dieBereicheTechnik,Medizin,WirtschaftundBildung.

In derUnterhaltungwerdendiesevirtuellenUmgebungenmeistin FilmproduktionenundVideo-

spieleneingesetzt.Währendhier jedochdie AkzeptanzunrealistischeroderkünstlicherSzenen

inhärent ist, ben̈otigen speziellmedizinischeAnwendungeneinenhohenGrad an Realismus.

ModerneTechniken der geometrischenModellierungerlaubeneine sehrrealiẗatsnaheRekon-

struktionschwierigerEigenschaften,jedochfordernsie aucheinigekünstlerischeFähigkeiten

umdieseErgebnissezuerreichen.

Eine Alternative zur herk̈ommlichengeometrischenModellierungwurdemit demKonzept

desbildbasiertenRenderings(IBR) eingef̈uhrt,derengängigsteRepr̈asentationenderLumigraph

[Gor96]unddasLichtfeld[Lev96] sind.DurchdieVerwendungvonBildernrealerUmgebungen

ermöglichensiees,ModellerealerSzeneundObjektezugenerierenundsiein photorealistischer

Qualiẗat zu visualisieren.Für Sammlungenvon Bildern oderBildsequenzenstatischerSzenen

stelltdieRekonstruktionsolcherbildbasierterModellebereitseineherausforderndeAufgabedar

und um so mehrnoch für sich dynamischänderndeUmgebungen.Ansätzezu derenrobuster

LösungsinddasThemadieserArbeit

B.2.1 Lichtfelder ausBildsequenzen

In einfachenWortenausgedr̈ucktben̈otigt einbildbasiertesModell wie einLichtfeld alsEingabe-

datennur einenSatzBilder sowie dasWissenüberdie LagederKamera(d.h. ihre Positionund

Orientierung)und ihre internenParameterwährendderAufnahmejedeseinzelnenBildes.Aus

diesenDatenkannein Bild desaufgenommenenGebietes,seiesein einzelnesObjektodereine

großeSzene,auseinembeliebigenBlickwinkel generiertwerden,solangedieserdenurspr̈ung-

lichenKamerapositionenhalbwegs ähnlichist. Als BeispielkannmansicheinenVerkäuferim

Internetvorstellen,der ein 3D-Modell seinerWarein seinemOnlineshoppräsentierenmöchte.

Benutzter ein Lichtfeld, so musser nur einige DutzendBilder seinesProduktesaufnehmen

undermöglicht essoseinenKundendasProduktausjedemBlickwinkel zu betrachtendensie

wünschen.

Ein weiteres,eherwissenschaftlichesBeispielfür die Verwendungvon Lichtfeldernist die

endoskopischeChirurgie [Vog06]. Hier werdendie Bilder aus einem Endoskop zusammen-

geführt, um demChirurgeneinendreidimensionalenEindruckdesOperationsgebietszu geben,

in demer nunohneEinschr̈ankungendurchunhandlichemedizinischeGer̈atenavigierenkann.
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(a) (b) (c)

(d) (e)

Bild B.1: Lichtfelder in derendoskopischenChirurgie: (a) SichtdesChirurgendurchein Endoskop, (b)
Ober�ächenrekonstruktion und(c) ausdemresultierendenLichtfeld generierteAnsicht,welchedieSzene
auseinergrößerenEntfernungzeigt.(d) Lichtfeld einesLeber-/Gallenblasenmodells mit (e) einerüberla-
gertenCT-Aufnahme.Bilder mit freundlicherGenehmigungvon F. Vogt [Vog06].

Dieswird durchAbbildungB.1verdeutlicht,diealsBeispieldaslaparoskopischeEntferneneiner

Gallenblase(Cholecystectomie)zeigt.DurchdasEndoskopstehtdemChirurgennureineNahan-

sichtmit begrenztemBlickwinkel zurVerfügung,sowie in AbbildungB.1(a).DurchdieRekon-

struktionderGeometriedesOperationsgebietsausmehrerenendoskopischenAufnahmen,wie in

AbbildungB.1(b)dargestellt,kanndie Szenewie in AbbildungB.1(c)von einerÜberblicksper-

spektiveausvisualisiertwerden,indemdie TexturinformationmehrererBilder kombiniertwird.

Darüberhinauskönnenbeierfolgreicher3D-RekonstruktionundbildbasierterModellierungun-

terschiedlicheModalitäten,wie beispielsweiseComputertomographie(CT), Kernspintomogra-

phie(MRI) oderUltraschall,eingeblendetwerdenundsodemChirurgenweitereInformationen

bereitstellen,die ansonstenunsichtbarwären.In AbbildungB.1(e)wurdediesfür dasLichtfeld

einesModellseinerLeberundGallenblase,dargestelltin AbbildungB.1(d),in Kombinationmit

einerCT-Aufnahmedurchgef̈uhrt.
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(a) (b) (c)

Bild B.2: Drei unterschiedlicheMöglichkeiten für die Bildaufnahmefür Lichtfelder: (a) Verwendung
einesRoboterarmsder auchdie Lageder Kameraliefert, (b) einesoptischenTrackingsystemsdasdie
KamerapositiondurchVerfolgungvonoptischenMarkernbestimmtoder(c) einerhandgef̈uhrtenKamera
undAlgorithmenausdemBereichStruktur-aus-Bewegungzur Lagescḧatzung.Abbildungen(a) und(b)
mit freundlicherGenehmigungvon F. Vogt [Vog06].

Für beideBeispielestellt sichdie Frage,woherdie Kameraparameterfür die einzelnenAuf-

nahmengenommenwerdenkönnen.In [Vog06] sindzweiOptionenfür dasSammelndieserDa-

tenein Roboterarmwie der in AbbildungB.2(a)dargestellteundein optischesTrackingsystem,

dasdie PositionundOrientierungdesEndoskopsmit zwei Kamerasverfolgt,wie in Abbildung

B.2(b)gezeigt.WährenddiespraktikableLösungenfür ein klinischesUmfeld sind,sindsieviel

zu teuerfür die zuerstbeschriebeneAnwendung.Für denInternetḧandlerwäreeseineakzepta-

ble Lösung,wenner eineVideokameraausdemEndanwendersegmentwie die ausAbbildung

B.2(c) benutzenkönnte,um so eineVideosequenzeinesGegenstandesaufnehmenzu können,

ohneaufspezialisierteHardwarezurückgreifenzumüssen,welchedie InformationenüberLage

undParameterderKameraliefert.

Im Prinzipenthaltendie Bilder die kompletteInformation,die zumLösendiesesSzenarios

ben̈otigt wird. DerSchl̈usseldazuist dieIdenti�kation vonPunktkorrespondenzenzwischenein-

zelnenBildern der Bildsequenz.DasWissenüberdie ProjektionbestimmterPunkteder Szene

in zweiBilder – die De�nition einerPunktkorrespondenz– erlaubtdie BerechnungeinerAbbil-

dungfür PunktevoneinemBild in einanderesinsofern,alsdiemöglichenPositionenim zweiten

Bild auf eineGeradeeingeschr̈anktwerden.Sinddie Korrespondenzenfür drei Bilder bekannt,

so kanndie Abbildung exakt berechnetwerden.Die drei relativen Lagender Kamerakönnen

sosogarinklusiveeinigerinternerParameterderKameragescḧatztwerden,solangeeinigeAn-
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Bild B.3: BeispieleinerBildsequenzfür dynamischeLichtfelder: ein Spielzeugfahrzeugbewegt sich in
einerstatischenUmgebungwährenddiehandgef̈uhrteKameraunabḧangigdavon bewegt wird.

nahmengemachtwerden.SindKorrespondenzenin weiterenBildern gegebensoist esmöglich,

dieseEinschr̈ankungenfür die internenParameterschrittweiseaufzuheben.

In derpraktischenAnwendungwird die ScḧatzungderKameraparameterdurchviele Fakto-

renerschwert.Die gefundenenPunktkorrespondenzensindüblicherweiseaufgrundvonBildrau-

schenleicht verschoben,oderbeispielsweiseaufgrundvon Verdeckungennicht für die gesamte

Sequenzverfügbar. Dahersind robusteVerfahrennotwendigdie in der Lagesind,die sich er-

gebendenFehlerzu kompensierenund sogarsehr langeBildsequenzenzu verarbeiten.Diese

MethodenbeinhaltenmeistdieVerwendungvon(wesentlich)mehrDatenalsnotwendigunddas

BestimmenderjenigenLösung,die diesenDatenambestenentspricht.Ausreißerdetektionund

probabilistischeModellierungkönnendie Ergebnisseweiterverbessern.

Zu diesemZeitpunktsindbereitsalle Datenfür die ModellierungeineseinfachenLichtfel-

deswie dasin der urspr̈unglichenVeröffentlichungzu Lichtfeldern[Lev96] beschriebenevor-

handen.Allerdings ben̈otigt die ParametrisierungdieserArt von Lichtfeld eine “dichte Abta-

stung”derSzeneausgehendvon einemregulärenGitter von Blickpunkten.Im Falle einerhand-

geführtenKamerasind wedereine dichte Abtastungnoch eine Abtastungvon regelmäßigen

Blickpunktenausmöglich, da die menschlicheHandschlechtfür eine derartigeAufgabege-

eignet ist. JüngereLichtfeldmodelleber̈ucksichtigendaherdiesezus̈atzlichenAnforderungen

[Hei99a, Sch01b,Bue01]. Aufgrund der dünnenAbtastungwerdendurch unbekannteOber-

� ächengeometriebedingteFehlerin ausdemLichtfeld generiertenBildernsichtbar. Wissenüber

die SzenengeometriereduziertdieseFehlerdaherentsprechend.Esexistiert eineReihevon Me-

thodenzur Scḧatzungder Tiefe einer SzeneausmehrerenAnsichten.Struktur-aus-Bewegung

sowie TiefenberechnungausStereobildernoder mehrerenAnsichtenkönnenhier angewendet

werden.

Um schließlichwiederzu demBeispieldesInternetḧandlerszurückzukehren,könntedieser
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nunnicht nurein statischesModell einesGegenstandesdemonstrierenwollen,sondernauchdie

FunktionsweiseeinessichbewegendenTeils oderzumBeispieldie BewegungeinesFahrzeugs

durchdie Umgebungwie im Falle desSpielzeugfahrzeugsin AbbildungB.3. In medizinischen

Anwendungenwie derendoskopischenChirurgie [Vog06]kannesnötig sein,dasBewegenvon

OrganenodermedizinischenInstrumentenzu modellieren.Ein solchesdynamischesLichtfeld

lässtsich wiederumam einfachstenmit Hilfe von spezialisierterHardwarerekonstruierenwie

beispielsweiseeiner Anordnungvon mehrerenKameras.Wird an dasProblemmit nur einer

(handgef̈uhrten)Kameraherangegangen,musseinesoftwarebasierteLösunggefundenwerden,

und dasEinsatzgebietist im Allgemeinennicht so allgemeing̈ultig wie im erstenFall. Mit der

Identi�zierung unterschiedlicherZeitschritteoderder Trennungsich unterschiedlichbewegen-

der Objektekannein zusammengesetztesLichtfeld rekonstruiertund mittels angepassterDar-

stellungstechnikenvisualisiertwerden.

DieseVerarbeitungsketteder RekonstruktionstatischeroderdynamischerLichtfeldmodelle

auseinerodermehrerenBildsequenzen,diemit einerhandgef̈uhrtenKameraaufgenommenwur-

den,ist dasHauptthemadieserArbeit. Der darauffolgendeSchrittderkorrektenVisualisierung

vonBildernauseinemsolchenLichtfeld heraus,mit seinenvielenverschiedenenAnsätzen,wird

nur kurz als Teil desÜberblicksüberdenStandder Technik in der Lichtfeldmodellierungim

nächstenAbschnittabgedeckt.Er wird eheralseinHilfsmittel zur ÜberwachungundBewertung

desErfolgsderRekonstruktionbetrachtet.

B.2.2 Standder Technik in der Modellierung von Lichtfeldern

Die IdeedesLichtfeldeswurdevon der plenoptischenFunktionL(� ; �; � L ; � ; t ), vorgestelltin

[Ade91],abgeleitet.SiebeschreibtdasAusseheneinessichtbarenRaumesmit Hilfe von sieben

Parametern,nämlichdemBlickpunkt t desBeobachtersin Weltkoordinaten,denzwei Winkeln

� und � für die Blickrichtungund die Wellenl̈ange� L desbeobachtetenLichtstrahlszu einem

bestimmtenZeitpunkt � . DieserAufbau ist in Abbildung B.4 für eineneinzelnenLichtstrahl

gezeigt.

McMillan undBishop[McM95] warendieerstendieeinbildbasiertesVisualisierungssystem

mit Hilfe derplenoptischenFunktionbeschrieben.Dort wird ein plenoptischesModell ausBil-

derneinerSzenegeformt– diesestellen“Abtastungen”derplenoptischenFunktiondar– diemit

einerKameraaufgenommenwurden,die um ihre vertikaleAchserotiert wird. DasModell wird

übereinezylindrischeParametrisierungrepr̈asentiert,die einemzweidimensionalenPanorama-

bild entspricht.Durch zus̈atzlicheDispariẗatsinformationkönnenbeliebigeAnsichtenausdem

InnerendesZylindersherausberechnetwerden.
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Bild B.4: Die plenoptischeFunktion:eineinzelnerLichtstrahlwird voneinemBeobachtermit Blickpunkt
t ausder Richtung,die mit � und � beschriebenwird, gesehen.Wellenl̈ange� L und Zeit � sind nicht
dargestellt.

DasLichtfeld reduziertdenhochdimensionalenRaumderplenoptischenFunktionindemes

einenanderenSatzan Restriktionenverwendet,der gleichwohl die Positionierungder aufneh-

mendenKameraanbeliebigenOrtenerlaubt.Eswird angenommen,dassdie beobachteteSzene

übereinegewisseZeit hinweg unver̈andertbleibt, undstattder Intensiẗat für jedeWellenl̈ange

wird nur ein Farbwertmodelliert,wodurchzwei Parameterwegfallen.Zus̈atzlichwird die Luft

zwischendemBeobachterund der Szenenober�̈acheals transparentangenommen,sodassdie

Intensiẗat desLichtstrahls,der von einemOber�ächenpunktin eineRichtungausgesandtwird,

konstantbleibt, egal wo sich der Beobachterauf diesemStrahlbe�ndet. Durch die Wahl einer

passendenParametrisierungwird die plenoptischeFunktionsoaufvier Parameterreduziert.

B.2.2.1 Lichtfeldmodelle und Visualisierungstechniken

Im Folgendenwird ein kurzer Überblick über die verschiedenenParametrisierungenund Vi-

sualisierungstechnikenfür Lichtfeldergegeben.Die Technikenwerdenin zweiHauptkategorien

eingeteilt,Zwei-Ebenen-LichtfelderundFreiform-Parametrisierungen.In einerdrittenKategorie

werdenweitereTypenvonLichtfeldernzusammengefasst.

Zwei-Ebenen-Parametrisierungen

Die Ansätzevon Levoy et al. [Lev96] und Gortler et al. [Gor96] benutzenbeideeine Zwei-

Ebenen-ParametrisierungL p(up; vp; sp; tp) zur DarstellungdesLichtfelds.JederLichtstrahlder

(reduzierten)plenoptischenFunktion wird hier durch je einenPunkt auf den Ebenen(up; vp)

und(sp; tp) beschrieben.Währendin [Lev96] die ProjektionszentrenderOriginalkamerasin die
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Bild B.5: (a) Zwei-Ebenen-ParametrisierungdesLichtfelds: jederLichtstrahlwird mittels der vier Ko-
ordinatensp, tp, up und vp parametrisiert.(b) OhneTiefenkorrektur in der Ebene(sp; tp) werdennicht
zusammengeḧorigeLichtstrahleninterpoliert.

Ebene(up; vp) gelegt werden,die alsKameraebenebezeichnetwird, unddie (sp; tp)-Ebenedie

gemeinsameBrennebenedieserKamerasist, wird in [Gor96] keine derartigeEinschr̈ankung

gemacht.In letzteremwerdendie zwei Ebenenparallel zueinandergelegt, wobei eine Ebene

z.B. in der Szenenob�̈acheund die anderenäheram Beobachterliegt, wie etwa in Abbildung

B.5(a)gezeigt.

Die Zwei-Ebenen-Parametrisierungvereinfachtdie ErstellungsynthetischerAnsichtenaus

demLichtfeld deutlich.Wie bereitsvorhererwähntist dasLichtfeld nur dünnabgetastetwenn

realeEingabebilderverwendetwerden,wasbedeutet,dassesunwahrscheinlichist, dassein be-

liebigerLichtstrahlvorherbeobachtetwurde.Gortleretal.generiereneineAnnäherungdesidea-

len, kontinuierlichenLichtfeldesL p indemsiedie zwei Ebenenin Gitter mit M u;v � M u;v und

Ns;t � Ns;t Punktenunterteilen,wobei x i;j;k ;l denFarbwertjedesPaaresausGitterpunktenbe-

zeichnet.(i; j ) bzw. (k; l) indizierendie Gitterpunktein denGittern (up; vp) bzw. (sp; tp). Eine

BasisfunktionB i;j;k ;l(up; vp; sp; tp) wird mit jedemGitterpunktpaarverkn̈upft unddazuverwen-

det, densogenanntenendlich-dimensionalenLumigraphen ~Lp zu rekonstruieren,welchereine

AnnäherungdeskontinuierlichenLichtfeldesdurchdiskreteWertemittels

~Lp(up; vp; sp; tp) =
M u;vX

i =0

M u;vX

j =0

N s;tX

k=0

N s;tX

l=0

x i;j;k ;lB i;j;k ;l (up; vp; sp; tp) (B.1)

darstellt.VerschiedeneBasisfunktionenstehenzu Auswahl, wie etwa eine Rechteckfunktion,

die denWert 1 um denzugeḧorigenGitterpunktherumbesitzt,undansonsten0, odereinequa-
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drilineareFunktion,welchedie InterpolationbenachbarterGitterpunkteerlaubtundsozu einer

kontinuierlichenFunktion~Lp führt.Die Wertex i;j;k ;l andenGitterpunktenwerdenausdenStich-

probenin L p, denEingangsbildern,̈uberdie DualederBasisfunktionberechnet.EineInterpola-

tion desnächstenLichtstrahlsim Lichtfeld zueinemdurch(up; vp; sp; tp) gegebenen,ben̈otigten

Strahlwird alsoauf einfacheWeiseaus~Lp berechnet.AnstattdieseInterpolationaberStrahlfür

Strahl,alsofür jedesPixel einesgeneriertenBildes,durchzuf̈uhren,könnendie Bildbereichein

jedemGitterelementder (up; vp)-Ebeneals Texturengespeichertund die Interpolationauf der

Gra�khardwarefür mehrerePixel aufeinmaldurchgef̈uhrtwerden.

Bis zudiesemPunktsinddieAnsätzevonLevoy etal.undGortleretal.sehrähnlich.Sinddie

PositionenderaufnehmendenKamerajedochnicht nahezusammen,könnenTiefen̈anderungen

in der Szenezu erheblicherUnscḧarfe der Ausgabebilder, densogenanntenGeisterartefakten,

führen.Der Grunddafür ist in Abbildung B.5(b) dargestellt,nämlich dass,auchwennLicht-

strahlendie (sp; tp)-Ebenean demselbenPunktkreuzen,sie nicht dengleichenPunktauf der

Szenenober�̈achezeigenfalls der Tiefenunterschiedzu großist. Der Ansatzvon Gortler et al.

ber̈ucksichtigtTiefeninformationundreduziertdadurchdieseArtefakte.

Der Vorteil desZwei-Ebenen-Ansatzesist seineEf�zienz in der Darstellung,der durchei-

ne Reihevon nachfolgendenVeröffentlichungenweiter verfeinertwurde.Sloanet al. [Slo97]

erḧohendieDarstellungsgeschwindigkeit zus̈atzlichdurcheineverbesserteAuswahlderKnoten

auf der (up; vp)-Ebene,jedochauf Kostender Qualiẗat. DasselbeZiel wird von Schirmacheret

al. [Sch00a] verfolgt, welchedie Technikdessogenanntenimage warpings(“Bildv erzerrung”)

hinzunehmenumdie Darstellungzubeschleunigen.DieserAnsatzist zwar nuranwendbar, falls

dichte Tiefeninformationfür jedesBild zur Verfügungsteht,kann dannaberdie Anzahl der

ben̈otigten Stichprobendeutlich reduzieren.Chai et al. [Cha00] untersuchtendie Anzahl an

Stichproben,die für dieoptimaleDarstellungeinerAnsichtauseinemLichtfeld notwendigsind.

Ein wesentlicherNachteil desZwei-Ebenen-Ansatzesist jedochseinegeringeFlexibilit ät

hinsichtlichderStichprobenbilder, dasiesichaufeinemregulärenGittermit gemeinsamerBren-

nebenebe�nden müssen.[Lev96] löst diesesProblem,indemeinespezielleKamerahalterung

verwendetwird, währendin [Gor96] die Bilder verzerrtwerden,um zu demregulärenGitter zu

passen,wasaberzu einemVerlustanQualiẗat führt.Aus diesemGrundwurdenneueParametri-

sierungenentwickelt, die eine�e xiblereKamerapositionierungerlauben.

Freiform-Lichtfelder

Die ersteLockerungderZwei-Ebenen-Bedingungwurdevon Heigl et al. [Hei99a]für Lichtfel-

der vorgeschlagen,die mit einerhandgef̈uhrtenKameraaufgenommenwurden.Die Bilder der
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aufnehmendenKamerawerdendabeiauf die Bildebeneder virtuellen Kameraabgebildet.Die

beitragendenKameraswerdenausgewählt, indemihre Kamerazentrenauf die virtuelle Bildebe-

neprojiziertunddiedreizumben̈otigtenSichtstrahlamnächstenliegendenProjektionengewählt

werden.Die virtuelle Bildebenewird in Dreiecke unterteiltundpassendeBildbereichederOri-

ginalkameraswerdenaufdiesesabgebildet.Geometrieinformationwird mittelsTiefenkartenfür

jedesBild eingebunden,wobeifür jedesDreieckeineEbeneapproximiertwird.

Der Begriff Freiform-Lichtfeldwurdevon Schirmacheret al. [Sch01b]für einenähnlichen,

aberef�zienterenAnsatzalsdemobigeneingef̈uhrt.Als Ausgleichfür die gesteigerteLeistung

müssendieOriginalkamerashierjedocheinekonvexeHülle umdieSzeneoderdasObjektherum

bilden,wobeijedesBild die kompletteSilhouettederSzeneeinsehenkann.

In [Bue01]de�nierenBuehleretal.einenSatzausachtAnforderungenandieLichtfeldvisua-

lisierungwie beispielsweiseKontinuität derFarbwerte,Au� ösungsemp�ndlichkeit oderunstruk-

turierteEingabedaten. GleichzeitigwerdenfrühereParametrisierungenundVisualisierungstech-

niken wie die obenbeschriebenenauf dieseAnforderungenhin analysiertund verglichen.Die

AutorenschlagenentsprechendeinenVisualisierungsalgorithmusgenanntUnstrukturierterLu-

migraphvor, derdieseAnforderungenber̈ucksichtigt.Der UnstrukturierteLumigraphstellt da-

herdenallgemeinstenFreiform-Lichtfeldrendererdar, derderzeitverfügbarist, undwird für alle

weiterführendenVerfahrenundExperimentein dieserArbeit verwendetwerden.

WeitereRepräsentationen

Analog zum Zwei-Ebenen-LichtfeldwurdenocheineReiheweitererRepr̈asentationeneinge-

führt, die beispielsweiseeine spḧarischeParametrisierungfür eine oder beideEbenenbenut-

zen.DieseAnsätzehabenallerdingsnie eineähnlichweitverbreiteteAnwendungwie die Zwei-

Ebenen-Parametrisierunggefunden.DergeneigteLeserwird daheraufdiekurzeZusammenfas-

sungdieserAnsätzein [Sch01b]verwiesen.

Ein weitererAnsatzder Freiform-Lichtfeldvisualisierungist daspunktbasierteRendering.

DasLichtfeld wird hierbeimit einerMengevon 3D-Punktenrepr̈asentiert,die gerichteteLicht-

remissionsinformationenthalten.Der Vorteil davon ist, dassandersalsbei derSpeicherungvon

Dreiecksnetzenals Geometrieinformationdie Verbindungsinformationzwischenden Punkten

weggelassenwerdenkann,waszueinemkleinerenModell führt.DerNachteilist, dassbeiNah-

aufnahmenund VerdeckungenLücken zwischenden gezeichnetenPunktenauftretenkönnen.

PunktbasiertesRenderingfür Lichtfelderwird in [ES03b] und[Vog05] beschrieben.

DasOber�ächenlichtfeld, eingef̈uhrt von Woodetal. [Woo00],ist eineParametrisierungdie

sich auf ein sehrgenauesGeometriemodelldesdargestelltenObjektsstützt. Remissionsinfor-
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mationfür Gitterpunkteauf der Ober�ächedesModellswird in sogenanntenLumispḧarenge-

speichert,welchedieLichtstrahlenrepr̈asentieren,dievondemGitterpunktausin jedebeliebige

Richtungabgegebenwerden.Die Sẗarke diesesAnsatzesliegt in derrealistischenModellierung

derRe�exionseigenschaftendesObjekts,sodasssogarGlanzlichtersehrgut reproduzierenwer-

denkönnen.

AbgesehenvondenobengenanntenLichtfeldmodellenundVisualisierungstechnikenwurden

nocheineReiheweitereBeiträgezu Lichtfeldrepr̈asentationenveröffentlicht.Ein ausf̈uhrlicher

ÜberblicküberdieseAnsätze�ndet sichin [Vog05].

B.2.2.2 Bildaufnahme

Wie weiterobenbeschriebenwurde,bestehtdieminimaleEingabefür einLichtfeld – abgesehen

von Tiefeninformation– auseinerMengeanBildern unddenzugeḧorigenKameraparametern.

Dieseumfassendie intrinsischenParameterwie z.B. Brennweite,Pixelseitenverḧaltnisundan-

dereParameter, welchedie internenEigenschaftender Kamerabeschreiben,und extrinsische

Parameter, alsoihre PositionundOrientierungfür jedesBild, die üblicherweisealsderenLage

bezeichnetwerden.Die Kameraparameterwerdenim Detail in Abschnitt2.1.1vorgestellt.Im

Allgemeinengibt eszwei Möglichkeiten,dieseParameterzu bestimmen,entwederübereinen

entsprechendenHardwareaufbauwie einenRoboterarm,oder ausschließlichausden Bildern

selbst.Diesgilt sowohl für die intrinsischenalsauchfür dieextrinsischenParameter.

Bleibendie intrinsischenParameterwährenddesgesamtenVorgangsderBildaufnahmekon-

stant,sowird ihreScḧatzungmeistmittelseinesKalibriermustersmit genaubekanntengeometri-

schenEigenschaftenvorgenommen.Die ParameterkönnensounterVerwendungeinesStandard-

kalibrieralgorithmuswie etwa [Tsa87]sehrgenauberechnetwerden.Kamerakalibrierungohne

Kalibriermusterwird Selbstkalibrierunggenanntund ist dannnützlich, wennsichdie Kamera-

parameterwährendderBildaufnahmeoderzwischenzweiAufnahmenver̈andern.Derderzeitige

StandderTechnikauf diesemGebietwird ausf̈uhrlicherin Abschnitt1.2.3vorgestellt.

Um die LagederKamerafür jedesBild zu erlangen,benutzendie verschiedenen,in diesem

AbschnittzusammengefasstenAnsätzeeineReiheunterschiedlicherTechniken.Für dasZwei-

Ebenen-Lichtfeldaus[Lev96] musssich die Kamerafür jedesBild an bestimmten,diskreten

Gitterpunktenauf einerEbenebe�nden.Um dieszu erreichenwird ein Aufbaueingesetzt,mit

dessenHilfe die Kameraauf einerEbenebewegt werdenkann,währenddie Kameraselbstmit

einerdreh-undneigbarenAufhängungausger̈ustetwurde,mit derdasObjektim Sichtfeldgehal-

tenwerdenkann.Um einenkomplettenRundum�ug aufzunehmenwurdedasObjektauf einen

Drehtellergesetztund jeweils um 90 Gradgedreht,sodassLichtfelderausvier Richtungenent-
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stehen.Eineähnliche,aberausgefeiltereKameraaufḧangungwird in [Mat02] benutztumspeku-

lareundtransparenteObjekteaufzunehmen.EinevertikaleReiheaussechsKameraswird über

einemDrehtelleraufgeḧangt,währendeinezus̈atzliche,rotierendeReiheLichtquellenfür eine

wechselndeBeleuchtungsorgt. Zus̈atzlich dazuliefern Monitore unterund nebendemObjekt

sogenannteenvironmentmattes[Zon99]. Die DarstellungderartigerObjekteerfolgt übereinen

punktbasiertenVisualisierungsansatz[Zwi01].

Ein weiterer, noch �e xibler hardware-basierterAnsatz für die Bildaufnahmeist der Ein-

satzeinesRoboterarms.Dabei ist die Lageder Kameraauf der SpitzedesArms überdie Ro-

tationender mechanischenGelenke bekannt.Im medizinischenUmfeld werdenRoboterarme

beispielsweisezur Aufnahmevon LichtfeldernwährendendoskopischerOperationeneingesetzt

[Vog04,Vog06].

Anstatt einer oder mehrererbeweglicher Kamerasstellt die Lichtfeldvideokamera [Wil02,

Wil05] eine Multikameramatrixausbis zu 100 Kamerasdar, die in der Lage ist, ihre Bilder

gleichzeitigaufzunehmen.Die HerausforderungbeidiesemAnsatzist dieexakteSynchronisati-

on einerderartgroßenAnzahlanKameras.Obwohl alsNachteilbei diesemAufbaudie Anzahl

derBilder im resultierendenLichtfeld aufdieAnzahlderphysikalischenKamerasbeschr̈anktist,

ist siesehrgut für dieErstellungdynamischerLichtfeldergeeignet,undwird dahernochmalsim

Detail in Abschnitt1.2.5behandelt.Der gleicheAnsatz,jedochin mikroskopischemMaßstab,

wurdefür die plenoptischeKamera eingesetzt[Ng05]. Hier wurdeeineMatrix aus296� 296

Mikrolinsen zwischender Hauptlinseund demoptischenSensoreinerhandgef̈uhrtenKamera

eingef̈ugt, die dannwie vielfacheeinzelneKamerasagieren.Abgesehenvon der Möglichkeit,

den Beobachterin der Makrophotographieverschiebenzu können,erlaubtdieseTechnik das

NeufokussierendesBildeswährendderNachbearbeitung.

Ein wenigeraufwendigerAnsatzzu BerechnungderLagederKameraist derEinsatzeines

KalibriermustersoderbestimmterMarker, die währenddergesamtenBildsequenzsichtbarsind.

DieseMethodewurdefür die Bildaufnahmefür denerstenLumigraphengewählt [Gor96]. Die

hier visualisiertenObjektewurdenvor undauf eineOber�ächemit speziellenMarkerngestellt,

derenPositionenrelativ zueinanderbekanntwaren.Auch hier wurdederAlgorithmusvon Tsai

[Tsa87]eingesetzt,um die Lageder Kamerazu bestimmen.Ähnlich dazuwird in [Sha02]die

LagederKameraüberzwei Ebenenberechnet,die jeweils vier Marker tragen,wobeisicheine

EbenehinterdemObjektbe�ndet unddie anderetransparenteEbenedavor.

Vor allemin medizinischenAnwendungenwerdenoptischeTrackingsystemeeingesetzt,die

auf demgleichenPrinzipwie Kalibrierungmit bekanntenMarkernbasieren[Sal01].Für Licht-

felderausendoskopischenBildern wie in [Vog06]wird die Kameramit einem“Target” ausge-
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stattet,dasvon einerStereokameraaufgenommenwird. Dadurchkanndie PositionderKamera

rechtgenauberechnetwerden.DieseTechnikben̈otigt jedochdieBerechnungeinersogenannten

Hand-Auge-TransformationzwischendemTargetundderEndoskopspitze[Tsa89, Sch04a].

Alle bishervorgestelltenBildaufnahmetechnikenumfasstenzus̈atzlicheHardwareabgesehen

von derKameraselbst.Es ist jedochmöglich, die ben̈otigte Informationausschließlichausder

Bildsequenzzu beziehen,sodasskeinezus̈atzlicheHardwarenotwendigist. Die Techniken,die

hierfür eingesetztwerden,sind Selbstkalibrierungfür die intrinsischenParameterder Kamera

undStruktur-aus-Bewegungfür die extrinsischenParameter. Ansätze,die ein Lichtfeld mit Hil-

fe dieserTechnikenaufbauenunddahernur eineeinzige,handgef̈uhrteKameraben̈otigen,sind

in [Koc99a, Hei99a, Bue01,Hei04] beschrieben.Da die vorliegendeArbeit auf demgleichen

Konzeptberuht,nämlichderVerwendungnur einerhandgef̈uhrtenKamerafür die Lichtfeldre-

konstruktion,wird der Standder Technikauf diesemGebietim nächstenAbschnittumrissen.

Trotzdemsollteein letztesLichtfeldaufnahmesystem,eingef̈uhrt in [Koc02], hier erwähntwer-

den.EsstellteineZwischenl̈osungzwischenhardware-basiertenundEin-Kamera-Methodendar,

daeseinenhandgef̈uhrtenMulti-Kamera-Aufbauverwendet,derauszwei odermehrKameras

besteht,derenLageparametermittelsStruktur-aus-Bewegungberechnetwerden.

B.2.2.3 Scḧatzung von Kameraparametern

Der ersteSchrittzur Scḧatzungvon KameraparameternausaufgenommenenBildern ist die Er-

kennungvon irgendwiegeartetenMerkmalenin denBildern,unddieErstellungvonKorrespon-

denzenzwischendenMerkmalenin unterschiedlichenBildern. DieseMerkmalekönnenunter-

schiedlicherArt sein,wobeidiehäu�gstenPunkteoderLinien sind.DerfolgendeAbschnittfasst

herk̈ommlicheAnsätzehinsichtlichPunktmerkmalenzusammen,da sie die Grundlagefür die-

seArbeit darstellen.Die Übersichtüberdie Kameraparameterschätzungselbstist unterteilt in

Ansätze,die verschiedeneFaktorisierungsmethodenverwenden,Selbstkalibrierungsmethoden

für die ScḧatzungintrinsischerKameraparameterund weiterführendeTechniken die beispiels-

weiselangeBildsequenzenbehandeln,die nicht von denfaktorisierungsbasiertenAnsätzenab-

gedecktwerden.

Punktmerkmalsdetektion und -verfolgung

Die Algorithmenzur Merkmalsdetektion,die in dieserArbeit betrachtetwerden,sindim Allge-

meinenintensiẗatsbasiert,wasbedeutet,dasssie einenGewichtungsoperatorde�nieren der die

Intensiẗatswertein einem– üblicherweiserechteckigen– FensterdesBildesbetrachtet.Die be-

kanntesten,und immernochamweitestenverbreitetenGewichtungsoperatorensinddiejenigen
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von Moravec [Mor77], Förstner[För87] und Harris [Har88]. Alle dieseAnsätzebasierenauf

der Autokorrelationsfunktion,währendjedochder erstenur die Ähnlichkeit einesFenstersmit

seinerNachbarschaftbetrachtet,de�nieren die andereneineMatrix, die daraufhinweist,ob ein

FensterhomogeneRegionen,eineKanteoder, idealerweise,eineEcke entḧalt. Eine Übersicht

undBewertungdieserundvielerandererGewichtungsoperatoren�ndet sichin [Sch00b].In den

vergangenenJahrenhabendie sogenanntenSIFT-Merkmale[Low99] einedeutlichePopulariẗat

erreicht.Dieserotations-undskalierungsinvariantenMerkmalsvektorenwerdenüblicherweisein

derObjekterkennungund-lokalisierungeingesetzt,sindaberauchauf die Merkmalsverfolgung

anwendbar. Die von TomasiundKanade[Tom91] explizit für die AufgabederVerfolgungde�-

niertenMerkmalesindinzwischenjedochein gängigerStandard.Hierbeisinddie bestenMerk-

malediejenigen,die signi�kante, senkrechtaufeinanderstehendeGradientenin ihren Fenstern

enthalten,wie beispielsweiseEcken.

WurdeninteressantePunktmerkmalemit Hilfe einesderobigenAlgorithmengefunden,soist

dernächsteSchrittdasWieder�ndenjedesMerkmalsin einemanderenBild oderdasAbgleichen

von zwei Merkmalsmengen,die in zwei Bildern gefundenwurden.Letztereswird oft von Hand

durchgef̈uhrt,fallsnurwenigeBilder mit wenigenMerkmalenbetrachtetwerden.Diesgeschieht

üblicherweisezuDemonstrationszwecken,wie beispielsweisein [Men99].DieseMethodekann

automatisiertwerden,falls AbstandsmaßezwischenMerkmalende�niert und die ähnlichsten

miteinanderidenti�ziert werden,wie in [Deu04]für SIFT-Merkmale[Low99] geschehen.Diese

Abgleichtechnikfunktioniertallerdingsnur danngut,wenngen̈ugendkorrespondierendeMerk-

malein beidenBilderngefundenwerden.

Die Alternative dazu,dasWieder�ndeneinesMerkmalsim folgendenBild, daseinmalde-

tektiertwurde,ist mittlerweileweit verbreitet,besondersfür BildsequenzenundgroßeMengen

an Bildern. Die Grundlageder meistendieserVerfolgungstechniken ist der sogenannteLucas-

Kanade-Tracker [Luc81]. Urspr̈unglich für die Bildregistrierunggedacht,benutzter eineMini-

mierungmittelsGradientenabstiegs,umdiebesteÜbereinstimmungfür jedeseinzelneMerkmal

im zweitenBild zu �nden. Der zu minimierendeFehlerist die DifferenzzwischendenInten-

sitätswertenin einemFensterum dasMerkmalherumin beidenBildern.DieseMethodewurde

in [Tom91] aufgegriffenundvon Shi undTomasi[Shi94]erweitert,umnichtnur translatorische

Bewegung,sondernaucheineaf�ne Deformationsmatrixfür dasMerkmalsfensterzuscḧatzen.

Der Algorithmuserfuhrim Folgendenviele weitereVerbesserungundModi�kationen. Eine

Methodezur Beleuchtungskompensation,die von Hagerund Belhumeur[Hag98] für die Ob-

jektverfolgungeingef̈uhrt wordenwar, wurde in [Jin01] zusammenmit einemVerfahrenzur

AusreißerdetektiondemVerfolgerhinzugef̈ugt.DasProblemdes“Wegdriftens”vonMerkmalen
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vomOriginal überlangeBildsequenzenhinweg wurdein [Mat03] behandelt.EinedeutlicheBe-

schleunigungwurdedurchdensogenanntenAnsatzder inversenVerknüpfungzurAktualisierung

derBewegungsparametererreicht[Bak01,Bak04].DieseVerbesserungenwurdenschließlichin

demEchtzeitverfolgungssystemvon Zinßeret al. [Zin04] kombiniert,welchesin dervorliegen-

denArbeit eingesetztwird.

FaktorisierungsbasierteStruktur -aus-Bewegung

Der faktorisierungsbasierteAnsatzzu Struktur-aus-Bewegungwurdeerstmalsvon Tomasiund

Kanadein [Tom92] vorgestellt.SeinzugrundeliegendesPrinzip ist die Zerlegungeinersoge-

nanntenMessmatrix,die alle Punktkorrespondenzenin einerMengevon Bildern entḧalt, in die

3D-StrukturderSzene,alsodie zu denBildmerkmalengeḧorenden3D-Punkte,unddie Kame-

rabewegung.EinedetaillierteEinführungzudiesenMethodenwird in Abschnitt2.2gegeben.

Im Anschlussan die ersteVeröffentlichungwurdenviele Verbesserungenund Variationen

vorgeschlagen.AbhängigvomerreichtenTyp derRekonstruktion(sieheAbschnitt2.3.1)können

dieseMethodenin af�ne undprojektive Faktorisierungeneingeteiltwerden.Die ersterenbein-

haltendie Originalmethode[Tom92], die ein orthographischesProjektionsmodellvoraussetzt,

unddieschwach-undparaperspektivischenErweiterungenaus[Poe97], dieauchin [Chr96] an-

gewendetwerden,um iterativ eineeuklidischeRekonstruktionausihnenabzuleiten.Projektive

RekonstruktionenwerdenüberdenAnsatzvonSturmundTriggs[Stu96]gescḧatzt,einealterna-

tiverAlgorithmuswurdevon Oliensis[Oli01] aufgezeigt.Ein rekursiver Ansatzzur projektiven

RekonstruktionbasierendaufeinerFaktorisierungwurdevonHeydenetal. [Hey99b] vorgestellt.

Er ist in derLage,mehrundmehrBilder zu integrieren,sobaldsiezur Verfügungstehen.Eine

ausf̈uhrlichereÜbersichtüberFaktorisierungsmethodenwird in [Kan98]gegeben,darunterz.B.

auchMethoden,dieLinien- anstattPunktmerkmalenverwenden.

In jüngererZeit wurdenFaktorisierungsmethodenauchin einemprobabilistischenKontext

betrachtet,entwederdurchGewichtungjedesMerkmalsim Hinblick auf seineZuverlässigkeit

[Aan02,Aan03],odermit Hilfe derModellierungjedesMerkmalsdurcheineKovarianzmatrix

[Ana02].Besondersfalls Informationenüberdie Verls̈slichkeit ausderPunktverfolgungheraus

zurVerfügungstehen,sinddieseMethodenin derLage,dieRobustheiteinerRekonstruktionaus

verrauschtenDatenzuerḧohen.

Selbstkalibrierung

Eine gemeinsameEinschr̈ankungder oben zusammengefasstenFaktorisierungsmethodenist,

dasssienur in derLagesind,die BewegungderKamerazu erfassen,nicht aberderenintrinsi-
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scheParameterwie z.B. ihreBrennweite.Die TechnikendiezudiesemZweckeingesetztwerden

heißenSelbstkalibrierungoderauchAutokalibrierung.

Die ersteLösungdesSelbstkalibrierungsproblemswurdevonFaugerasetal in [Fau92]unter

VerwendungderKruppa-Gleichungenangegeben.DiesequadratischenGleichungenwerdenaus

derFundamentalmatrixnur zweierAnsichtenberechnet.Obwohl derAnsatzim Folgendenver-

feinertwurde,z.B. in [Zel96],wird erüblicherweisenichtangewendet,daer im Allgemeinenals

zu rauschemp�ndlichangesehenwird undessichzeigte,dasser in mehrSituationenfehlschl̈agt

alsandereAnsätze[Stu00].

Ein weitererAnsatz,derebenfallsdie EigenschaftenderFundamentalmatrixzweierAnsich-

tenausnutzt,ist in [Men99]beschriebenundwurdein [Fus01] untersucht.AndersalsdieKruppa-

Gleichungenberechneter die intrinsischenParametervon mindestensdrei Bildern überdie ite-

rative MinimierungeinerFehlerfunktion.Da diesfür verrauschteDatenleicht in einemlokalen

Minimum endet,wurdenmehrereVerbesserungenmittels globalerOptimierungvorgeschlagen

[Rot02,Ben03].

Haupts̈achlich auf einer Minimierung desRückprojektionsfehlersder rekonstruierten3D-

PunkteundKameraparametermittelsderLevenberg-Marquardt-Optimierungbasiertderalsge-

schichteteSelbstkalibrierungbezeichneteAnsatzvon Hartley [Har93]. Die Idee dabei ist die

ErweiterungeinerprojektivenRekonstruktionerstaufeinequasi-af�ne unddannaufeinemetri-

sche,währenddie intrinsischenParameterals für jedesBild gleichangenommenwerden.Eine

alternative Erweiterung,die kritische Kamerabewegungenin Betrachtzieht wird in [Dem98]

aufgezeigt.

Triggs verwendetdie sogenannteabsoluteQuadrik, um die Erweiterungsmatrixvon einer

projektivenaufeinemetrischeRekonstruktionzubestimmen[Tri97]. DerVorteil dieserMethode

ist, dassdiezuberechnendenintrinsischenParameternicht konstantfür alleBilder seinmüssen,

wie von Pollefeys gezeigt[Pol98,Pol99, Pol04].In [Gib02] wird die RobustheitderScḧatzung

übereinedemRANSAC ähnlicheTechnikgesteigert.TheoretischeVoraussetzungenfür dieAn-

zahlderbekanntenParameterwerdenvon Heydenund 	Aström in [Hey97,Hey98, Hey99a] un-

tersucht.

Leider ist die Selbstkalibrierungweiterhin sehr emp�ndlich gegen̈uber Rauschen.Daher

schlagenviele der Autorenauf diesemGebietdie VerwendungeinerTechniknamensBündel-

ausgleichvor, umdieErgebnissederSelbstkalibrierungzuverfeinern.Bündelausgleichoptimiert

die3D-PunkteundKameraparameterfür einegroßeAnzahlanBilderngleichzeitigundstelltda-

hereinelangsameaberrobusteTechnikdar, dasieeinextremüberbestimmtesGleichungssystem

löst.Zwarwurdeesurspr̈unglichin derPhotogrammetrieentwickelt [Sla80],wurdeim Rechner-
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sehenaberin [Har93] eingef̈uhrt. Eine Erweiterung,genanntverschachtelter Bündelausgleich

[Sze98], wird in denmeistenFällenverwendet.

Da Selbstkalibrierungein wichtiges,aberschwierigesProblemdarstellt,wurdennochviele

weitereBeiträgezu diesemThemaveröffentlicht. AusführlichereZusammenfassungenals der

hier vorgestelltekönnenin [Pol99,Fus00,Har03]gefundenwerden.

Rekonstruktion langer Bildsequenzen

BildbasierteModellierungmit Lichtfeldernben̈otigt üblicherweisenicht nur einigewenigeBil-

der, sondernoft großeMengenmit mehrerenhundertBildern. Die obenbeschriebenenFakto-

risierungsmethodenteilendenbedeutendenNachteil,dasssie die Sichtbarkeit aller Merkmals-

punkte in allen Bildern fordern.Obwohl Methodenexistieren,welchedie Positionfehlender

MerkmaleunterBerücksichtigungderEinschr̈ankungauf denvon denMerkmalenaufgespann-

ten Unterraumscḧatzen[Tom92, Gue02], ist eswahrscheinlich,dassdiesedenFehlerder Re-

konstruktionüberGeb̈uhrerḧohen,falls zuviele Merkmaleersetztwerden.

Ein alternativer, oft benutzterAnsatzist es,mit einerprojektiv verzerrtenRekonstruktionder

Kameraparameterzu beginnen,indemdie Fundamentalmatrixnacheinanderfür alle Bildpaare

[Har93] oderdertrifokaleTensorfür alle Bildtripel [Bea96] gescḧatztwird, unddie resultieren-

denTeilsequenzrekonstruktionenverschmolzenwerden.Da sichdie für jedentrifokalenTensor

gemachtenFehleraufsummieren,schlagenFitzgibbonund Zisserman[Fit98] vor, den Fehler

gleichm̈aßigauf alle Kamerapositionenzu verteilen,falls kreisförmigeKamerabewegungenge-

gebensind.DerAnsatzwurdeweiterdurchdieVerwendungeineshierarchischenVerschmelzens

verbessert,um dasgleicheZiel einergleichm̈aßigenFehlerverteilungzu erreichen,sowie durch

unterschiedlicheBildauswahlverfahren[Nis00, Gib02, Sai03].DassogenannteWebeneinesAn-

sichtennetzesvon Koch et al. [Koc99a]erstellt eine 3D-Topologieder Kamerapositionenund

ermöglicht sodasVerschmelzenvon Teilsequenzenin mehrereRichtungen.

Die Einschr̈ankungder Faktorisierungsmethodenauf kurzeBildsequenzenwird von Heigl

undNiemannin [Hei99b]dadurchvermieden,dasssiesukzessiveFaktorisierungenkombinieren

und so rekonstruierte,̈uberlappendeTeilsequenzenverschmelzen.Die VerwendungeinerFak-

torisierungals Initialisierungfür die ScḧatzungderKameraparameterderverbleibendenBilder

durchnicht-lineareMinimierungdesRückprojektionsfehlerswird in [Hei04] beschrieben.

B.2.2.4 Szenentiefe

Wie vorhererläutertben̈otigendünnabgetasteteLichtfelder, unddamitspeziellFreiform-Licht-

felderaushandgef̈uhrtenKamerasequenzen,InformationenüberdieTiefederSzenefür diekor-
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rekteVisualisierung.Die Berechnungvon Tiefe ausmehrerenBildern ist seit etwa 30 Jahren

ein sehraktivesForschungsgebietinnerhalbdesRechnersehens.Daherwird hier nur einekurze

Einführungin dasThemamit Blick aufdie Lichtfeldmodellierunggegeben.

Abgesehenvomurspr̈unglichenLichtfeld von Levoy verwendenallebishereingef̈uhrtenVi-

sualisierungsmethodenzus̈atzlicheTiefeninformation.In denmeistenFällen,aberbesondersfür

Freiform-Lichtfelder, wird die Tiefeninformationmeistin einerTiefenkarteproEingabebildab-

gelegt. Im Zwei-Ebenen-Fall, wie etwa im urspr̈uglichenLumigraphen,wird Tiefeninformation

oft global in dasModell integriert,währendderLichtfeldansatzvon Isaksen[Isa00]einegloba-

le Brennebeneverwendet,die dynamischan die Szenentiefeangepasstwerdenkann.Der Un-

strukturierteLumigraph[Bue01] hingegenverwendetein globales3D-Netz,um die komplette

Szenengeometrieanzun̈ahern.

EsexistierteineVielzahlvonMöglichkeiten,umTiefenkartenproBild auseinerBildsequenz

herauszu berechnen.Falls, wie bei Heigl [Hei04] geschehen,eine3D-RekonstruktionderSze-

ne ausdenMerkmalskorrespondenzenberechnetwird, kanndie resultierende3D-Information

verwendetwerden,um einedünneTiefenkartefür jedesBild abzuleiten.Sinddie Kamerapara-

meterbekannt,kanndie Tiefe jedochauchausdemoptischenFlussin Stereobildpaarenoder

mehrerenBildern berechnetwerden.Haupts̈achlichbasierendauf demAlgorithmusvon Horn

und Schunck[Hor81] zur BerechnungdesOptischenFlusseswurdenin denfolgendenJahren

viele verschiedeneTechnikenundVerbesserungenfür denStereofall vorgeschlagen.Umfassen-

deÜbersichtensindin [Bar94, Bea95]zu �nden, wennauchdieEntwicklungin diesemBereich

nichtstillsteht,wie z.B. andenskalenraumbasiertenAnsätzenvonAlvarezetal. [Alv00, Alv02]

zu sehenist. Die BerechnungdesoptischenFlussesausmehrerenBildern wurdeerstkürzlich

z.B. in [Ira99, Kan04] untersucht.

Ähnlich wie Heigl benutzenKang und Szeliski [Kan96b] einemittels Struktur-aus-Bewe-

gungberechnete3D-Rekonstruktionumeinglobales3D-Szenenmodellfür zylindrischePanora-

mabilderzuerhalten.Für beliebigeKamerapositionenwurdenmehrereAlgorithmenvorgeschla-

gen,umStereotiefenkartenzueinemglobalenModell zuverschmelzen[Hig94,Cur96,Koc99b].

Wird nureineinzelnesObjektbetrachtet,daszuverlässigvomHintergrundgetrenntwerdenkann,

so kannein sogenannterForm-aus-Silhouette-Ansatzangewendetwerden[Pot87, Den98].An-

dernfalls generiertdie TechnikdesSpaceCarvings[Kut99] iterativ einenVoxelraum,indemdie

KonsistenzderOber�ächenvoxel mit allenBildernüberpr̈uft wird. DerNachteil,derallendiesen

Ansätzengemeinist, liegt darin,dasssieauf einesehrgenaueKalibrierungderKameraparame-

ter angewiesensind,um konsistenteglobaleTiefeninformationzu generieren.Kleine Fehlerfür

einzelneBilder könnensich bei Verwendungaller Bilder derartaufsummieren,dassder Algo-
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rithmusfehlschl̈agt.

B.2.2.5 DynamischeLichtfelder

Im GegensatzzustatischenLichtfeldernwurdenbishernurwenigeBeiträgezudemThemadyna-

mischeLichtfelderveröffentlicht.DasichdasProblemfelddrastischerweitert,wenneineweitere

DimensionzumParameterraumhinzugef̈ugt wird, wurdenbishernurSpezialf̈alle behandelt.Im

Hinblick aufdieVisualisierungvonLichtfeldernsichbewegenderObjektewarenLi etal. [Li98]

die ersten,die eineLösungvorschlugen,wennauchnur für synthetischeDatens̈atze.Dasdyna-

mischeLichtfeld wird hierauseinerAnzahlstatischerTeillichtfelderzusammengesetzt,die sich

frei im Raumbewegenundrotierenkönnen.

Ein sehrdirekter Ansatzfür die VisualisierungdynamischerLichtfelder realerSzenenist

dasGenerierenmehrererstatischerLichtfelderunterschiedlicherZeitschritte.In einemBeispiels

wurdedieszuerstin [Bue01] für denUnstrukturiertenLumigraphendemonstriert.Die periodi-

scheBewegungeinesBeispielobjektswird hier von Handin mehrereZeitschritteunterteilt.Der

AnsatzderdynamischenTexturen[Dor03a]zielt daraufab,dasAussehenvon Pḧanomenenwie

Wellen und Rauchzu modellieren.In [Dor03b] schlagendie Autorenvor, einendynamischen

Lumigraphenfür die ModellierungdynamischerTexturenzu verwenden,wobei dieserAnsatz

nicht implementiertwurde.

Die vorhererwähnteLichtfeldvideokamera(sieheAbschnitt1.2.2),die mehreresynchroni-

sierteKameraskombiniert,vereinfachtdie HerstellungdynamischerLichtfelder deutlich.Ein

statischesLichtfeld kannso,abḧangigvonderBildwiederholfrequenzderverwendetenKamera,

mehrereMaleproSekundegeneriertwerden,unddasLichtfeldkannwieein3D-Videobetrachtet

werden,bei demderBlickwinkel beliebiggewählt werdenkann[Gol02]. ÄhnlicheKameraauf-

bautenwerdenin [Ooi01, Sch01a,Yan02]vorgestellt.

Im Fall, dassnur eineeinzigeKamerafür die ErfassungeinesdynamischenLichtfeldesbe-

nutzt wird, ist ein möglicherAnsatz,zuerstdie bewegtenDinge oderRegionenin der Szene

zu identi�zieren. Für denSpezialfall starrer, sich bewegenderObjektein eineransonstensta-

tischenSzenewurden mehrereunterschiedlicheAnsätzevorgeschlagen.Bei eingeschr̈ankter

Bewegung kann eine 3D-Rekonstruktiongleichzeitigfür alle Objektein der Szenebestimmt

werden,soetwa für lineareObjektbewegung[Avi99, Han00,Sha01,Han03] oderObjektbewe-

gung entlangeinesKonikschnitts[Sha99]. Die 3D-Bewegung kann jedochnur bis auf einen

Skalierungsfaktor bestimmtwerden.Für beliebigeObjektbewegungwurdenmehrereähnliche

MethodenvorgeschlagenumdieunterschiedlichenObjektein derSzenevoneinanderzutrennen

[Cos98,Kan01a,Kan03, Vid04]. Eine 3D-Rekonstruktionwird dannunabḧangigvoneinander
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für jedesObjekterstellt.Die in Abschnitt4.3vorgestelltendynamischenLichtfelderbasierenauf

diesenMethodenzurTrennungvon Objekten.

B.2.3 Beitrag dieserArbeit

Die im vorliegendenText entwickelten Methodenbasierenauf der Arbeit von Heigl [Hei04]

und verwendendieselbeImplementierungsumgebung.Die hier gemachtengrundlegendenAn-

nahmensinddaherähnlich:UnterVerwendungnur einerhandgef̈uhrtenKamerawird ein bild-

basiertesModell einerSzeneauseineraufgenommenenBildsequenzgeneriert.Die Rekonstruk-

tion der KameraparameterjedesBildes erfolgt mittels einespunktmerkmalsbasierterStruktur-

aus-Bewegung,wasvoraussetzt,dasssich die Kamerarelativ langsambewegt und sich so die

Blickwinkel von Bild zu Bild nur wenigver̈andern,wasdie Punktverfolgungermöglicht.Keine

AnnahmenwerdenüberdasAnwendungsgebietder aufgenommenenBilder gemacht,wasbe-

deutet,dassbeliebigeSzenenverwendbarseinsollten,seienesnunInnenraumszenenodersol-

cheim Freien,mit nur einemsichtbarenObjektodereinerkomplexenUmgebung.Die einzige

Anforderunghier ist, dassdie Szenenober�̈acheeinegewisseTextur oderStrukturaufweist,die

eineErmittelungvonPunktmerkmalenerlaubt.Die Beleuchtungwird alskonstantangenommen,

daBeleuchtungs̈anderungenwährendderVisualisierungnichtmodelliertwerden.

EinewichtigeEinschr̈ankungin HeiglsArbeit wird hieraufgehoben,undzwar dieKonstanz

derSzene.AnstattreinstatischerSzenenwerdennunauchdynamischeSzenenin Betrachtgezo-

gen,wennauchkeineallgemeineBewegungzugelassenwird, sonderneinigeEinschr̈ankungen

weiterhinangewendetwerden:die Bewegungmussschrittweise,sich wiederholendoderstarr

sein.

Der BeitragdieserArbeit kannin drei unterschiedlicheAspekteunterteiltwerden.Der erste

stellt VerbesserungenundneueAnsätzefür die RekonstruktionstatischerLichtfeldmodelledar,

wohingegender zweiteAspektdie Rekonstruktionund ModellierungdynamischerSzenenfür

die Lichtfeldvisualisierungdarstellt,inklusivederAnpassungderVisualisierungstechniken.Der

dritteAspektistdieAnwendungvonLichtfeldmodellenaufandereGebietederMustererkennung

sowie derBild- oderVideoverarbeitung.

StatischeLichtfelder. Die RekonstruktionvonLichtfeldernerforderteinegroßeAnzahlVerar-

beitungsschritteunddie Verbindungvieler verschiedenerTechniken.Die in [Hei04] vorgeschla-

geneVerarbeitungskettewird soum neueAnsätzefür die Punktverfolgung[Zin04], Faktorisie-

rung [Chr96] undTiefenkartenscḧatzung[Alv02] erweitert.Zus̈atzlichwerdenAnsätzezu pro-

babilistischen[Kan01b] und robusten[Ham86] Modellierungvon unterschiedlichenAspekten
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desRekonstruktionsprozessesuntersucht.Ein wichtiger Beitragist die Entkopplungder linea-

renVerarbeitungsketteunddie UntersuchungunterschiedlicherMöglichkeitenzurRückführung

vonInformationaussp̈aterenVerarbeitungsschrittenhin zufrüherenSchritten.Beispielesinddie

VerwendungvonKalibrierinformation,umdiePunktverfolgungzuverfeinern,oderdieVerwen-

dungderabschließendenBildsynthesefür die VerbesserungdervorhandenenTiefenkarten.Die

ErweiterungbestehenderLichtfeldermit neuenBildernist Teil derEntkopplungdesRekonstruk-

tionsprozesses.Schließlichwird aucheineMethodevorgestellt,umglobaleSzenengeometriezu

erzeugen,welchedie Leistungsf̈ahigkeit derVisualisierungdeutlicherḧoht.

In AnbetrachtdieserModi�kationen wird eineMöglichkeit zur Evaluationder resultieren-

denVerbesserungben̈otigt. Eswird eineMethodevorgestellt,die einequantitativeMessungder

QualiẗatderauseinemstatischenLichtfeld erzeugtenBilder ermöglichtundsoeineMöglichkeit

zumVergleichunterschiedlicherAnsätzederLichtfeldrekonstruktionbietet.

DynamischeLichtfelder. Der haupts̈achlicheBeitragdieserArbeit in Bezugauf dynamische

Lichtfelderist,dassim Gegensatzzudenin Abschnitt1.2.5erwähntenAnsätzennureineKamera

für die Aufnahmevon Bildern einerSzenebenutztwird, unddasLichtfeld mittelsAnsätzender

Struktur-aus-Bewegungrekonstruiertwird. Die Einschr̈ankungauf eineKameramachteinige

Bedingungenfür die Szenenbewegungerforderlich.Abhängigvon der Rekonstruktionsmetho-

desinddieseEinschr̈ankungen,dassdieSzenenbewegungentwedernurschrittweiseist odernur

starre,sichbewegendeObjekteundsichwiederholendeBewegungentḧalt.FallsschrittweiseBe-

wegungvorhandenist, kanndie Rekonstruktionüberherk̈ommlicheAlgorithmenderStruktur-

aus-Bewegungerfolgen.Für starre,bewegteObjektewerdenzus̈atzlicheSegmentierungsmetho-

den [Kan03] angewendet.Zus̈atzlich zu den Rekonstruktionsmethodenwerdendie vorhande-

nenVisualisierungsalgorithmenerweitert,um die Visualisierungder dynamischenLichtfelder

zuermöglichen.

Anwendungenvon Lichtfeldern. Da LichtfelderModellevon SzenenodereinzelnenObjek-

tendarstellen,ist eseinelogischeKonsequenz,siein verschiedenenmodellgetriebenenAnwen-

dungender Bildverarbeitungeinzusetzen.AussehensbasierteObjektlokalisierung,-erkennung

und -verfolgungsind einige der Gebiete,in denenLichtfelder erfolgreicheingesetztwurden.

Hier werdennunAnsätzevorgestellt,die entwederdenTrainingsschritteinesErkennungs-und

Lokalisierungssystemsvereinfachenoderbei denenLichtfelderdirekt alsObjektmodelleeinge-

setztwerden.Ein anderesGebiet,auf demLichtfelder nützlicheWerkzeugedarstellen,ist die

ErweiterteRealiẗat, die in denvergangenenJahrenein gesteigertesInteressehervorgerufenhat.
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Aus realenBildern rekonstruierteLichtfelder werdenhier eingesetzt,um Szenennicht nur um

synthetische,sondernumrealeObjektezuerweitern.

B.2.4 Überblick

Im Folgendenwird einkurzerÜberblicküberdenInhaltdieserArbeit gegeben.NachderEinfüh-

rungdesProblemfeldesderLichtfeldrekonstruktionin Kapitel1 beschreibtKapitel2 die theore-

tischenGrundlagenderProjektionsmodelle,KamerakalibrierungundAlgorithmenderStruktur-

aus-Bewegungwie etwadieFaktorisierungsmethode.

In Kapitel 3 wird derRekonstruktionsprozesseinesstatischenLichtfeldsausBildsequenzen

im Detail erklärt. Nach einer Einführungin den Aufbau desRekonstruktionssystemswerden

die unterschiedlichenVerarbeitungsschrittebeschrieben,angefangenmit der Punktverfolgung,

derFaktorisierungvonTeilsequenzenundderErweiterungaufeinekompletteBildsequenz.Das

Kapitel deckt zus̈atzlich die Themender probabilistischenAnsätzeund der Berechnungvon

Szenengeometrieab. Die UnterschiedlichenSchrittewerdenschließlichin neuerReihenfolgein

sogenanntenInformationsr̈uckkopplungsschleifenzusammengesetzt.

Die ErweiterungderAnsätzezur statischenLichtfeldrekonstruktionauf dynamischeSzenen

wird in Kapitel 4 untersucht.NachderDe�nition derzus̈atzlichenAnforderungendynamischer

LichtfelderwerdenverschiedeneAnsätzezuihrerRekonstruktionausBildsequenzenvorgestellt.

DasKapitelbescḧaftigt sichauchmit denzus̈atzlichenAnforderungen,diefür dieVisualisierung

dynamischerLichtfelderentstehen.

NachdentheoretischenBeschreibungenstelltKapitel5 eineexperimentelleAuswertungder

statischensowie derdynamischenAnsätzezurLichtfeldrekonstruktionvor. EineMethodefür die

quantitativeBewertungderVisualisierungsqualitätwird eingef̈uhrt.

Im AnschlussandieExperimentebeschreibtdasnächsteKapitelmehrereAnwendungenvon

Lichtfeldernin ErweiterterRealiẗat,Objekterkennungund-verfolgung,unddemmedizinischen

Umfeld.Die letzterezeigtihreNützlichkeit besondersin derUntersẗutzungvonChirurgenin der

minimal-invasivenMedizin.

Das letzteKapitel stellt schließlicheineZusammenfassungder Arbeit und einenAusblick

aufmöglichezukünftigeErweiterungenundVerbesserungendesRekonstruktionssystemsdar.
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B.3 Zusammenfassungund Ausblick

Im folgendenKapitel werdendie HauptaspektedieserArbeit und ihre Schlussfolgerungenin

AbschnittB.3.1zusammengefasst.AbschnittB.3.2beschreibtweiterführendeArbeitenundbie-

tet einigeMöglichkeiten,auf denErgebnissender unterschiedlichen,in denvorangegangenen

KapitelnvorgestelltenMethodenundAnwendungenaufzubauen.

B.3.1 Zusammenfassung

Das Prinzip der bild-basiertenVisualisierungund, als eine Implementierungdavon, das des

Lichtfeldswurdeeingef̈uhrt, um eineMöglichkeit zur Verfügungzu stellen,realeObjekteund

Szenenzu modellierenund sie in photorealistischerQualiẗat wiederzugeben.Währendfrühe

Veröffentlichungenzu Lichtfeldernspezialisierte,oft station̈areKameraaufḧangungenverwen-

den,ergabsichbaldderWunsch,kommerzielle,handgef̈uhrteKamerasverwendenzu können,

um die nötigenEingabebilderauf einfacheWeiseaufzunehmen.Dieserfordertdie Berechnung

vonLageinformationderKamera,sowie Wissenüberdie GeometriederSzene.

In dieserArbeit wurdenunterschiedlicheMethodenuntersuchtunderweitert,umdieseDaten

ausschließlichausdenEingabebildernmit Hilfe vonPunktmerkmalsverfolgungund(Selbst-)Ka-

librierungsmethodenzu berechnen.Zwei unterschiedlicheArten von Lichtfeldern,statischeund

dynamische,wurdenbetrachtet,wobeiletztereeineErweiterungdesersteninsoferndarstellt,als

esdie haupts̈achlicheEinschr̈ankung,die statischeNaturderaufgenommenenSzene,au� öst.

Im Hinblick aufstatischeLichtfelderkönnendieeingef̈uhrtenMethodenwiederumin solche,

welchedie RobustheitdereingesetztenRekonstruktionsmethodenerḧohen,undsolche,die auf

die Erstellungeinerglobalgültigen3D-Rekonstruktionabzielen,unterteiltwerden.Ein generel-

lesWerkzeugzurErreichungdieserZiele ist dasRückführenvonInformationüberdenaktuellen

StandderRekonstruktionin einerSchleifezu früherenStufendesProzesses,um sodie Ergeb-

nisseiterativ zu verfeinern.Um die Qualiẗat der Rekonstruktionzu messen,wurdedasSignal-

Rausch-Verḧaltnis (“PeakSignal-to-NoiseRatio”, PSNR)für dieseAnwendungeingef̈uhrt. Es

wird nebendemRückprojektionsfehlerverwendet,der üblicherweisefür diesenZweck einge-

setztwird, abernichtunbedingtdie objektiveQualiẗateinesLichtfeldswiderspiegelt.

HinsichtlichderRobustheitderRekonstruktionzeigteeinVergleichzwischenSIFT-Merkma-

len und demoft verwendetenKanade-Lucas-Tomasi(KLT) Merkmalsverfolgungsalgorithmus,

dasseineRekonstruktionmit Hilfe derSIFT-MerkmalegleichwertigzudenaufKLT-Merkmalen

basierendenist, undsogardeutlichbesserist, wenndieKamerapositionenweit voneinanderent-

fernt sind.Beispielsweiseführtedie ErhöhungdesAbstandszwischendenKamerapositionenin
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einerüblichenBildsequenzum denFaktor vier zu einerdrastischenEröhungdesTranslations-

fehlersgegen̈uberdenwahrenDatenvon 8; 42%auf 751%für KLT-Punktverfolgung,während

er für SIFT-Merkmaleunver̈andertbei etwa 8% blieb. Da die Berechnungskomplexität jedoch

exponentiellist, ist diesnur für kleineBildmengenoderspezielleAnwendungen,wie dasAnein-

anderf̈ugenzweierunabḧangigvoneinanderaufgenommenerBildsequenzen,möglich. Bei der

AnwendungaufeineBildsequenzmit 200BildernbetrugdieZeit für diePunktverfolgungdaher

mehrereStundenfür SIFT-Merkmale,im VergleichzuwenigeralseinerMinutebeiderVerwen-

dungderKLT-Punktverfolgung.

DasPSNRwurdezumerstenMal verwendet,um eineautomatischeEntscheidungzwischen

mehrerenunterschiedlichenRekonstruktionsmethodenzu ermöglichen.Eswurdeauf die Wahl

zwischenFaktorisierungsmethodenangewendet,die eineTeilsequenzverarbeiten,um die Re-

konstruktionzu initialisieren.DabeistandendieparaperspektivischeFaktorisierung,Christyund

Horaudsiterative Versionsowie die perspektivischeFaktorisierungmit zwei unterschiedlichen

metrischenUpdateszur Auswahl. Es wurdegezeigt,dass,währendder Rückprojektionsfehler

nicht immer eineklare Lösungvorgibt, dasPSNRzuverlässigdie fehlgeschlagenenVersuche

aussortiert.DasVerfahrenist daherzu bevorzugen,falls esnötig ist, eineerfolgreicheRekon-

struktionohneweiteremanuelleVersuchezuerlangen.

Robustheitwar auchdie Motivation zur Anwendungvon Ausreißerdetektion,Gewichtung

einzelnerMerkmaleund robusterScḧatzerauf die bildweiseScḧatzungvon Kameraparame-

ternund3D-Punkten.Währendfür zwei derdrei Testbildsequenzendie hoheQualiẗat derKLT-

Merkmalskorrespondenzenausreichendwar, um einezuverlässigeRekonstruktionzu ermögli-

chen,konntegezeigtwerden,dassder Lorentz'scheScḧatzerohneAusnahmeguteErgebnisse

liefert.Er warsodenanderengetestetenMethoden̈uberlegen,dienurin wenigenFälleneineVer-

besserungzeigten,jedochfür einebedeutendeAnzahlderuntersuchtenParametereinstellungen

bei derRekonstruktiondesLichtfeldsvollkommenfehlschlugen.

Die globaleGültigkeit einesstatischenLichtfelds zu erḧohen,wird ausmehrerenGründen

angestrebt.EsverringertVisualisierungsartefakte,die auftreten,wennsich Fehlerwährendder

RekonstruktioneinerlangenFolgevonBildernaufsummieren.AußerdemreduziertesdieGröße

desModells,besonderswenn,alseinErgebnisdavon,Szenengeometriedurcheinglobalgültiges

3D-Netz,genanntglobalerProxy, repr̈asentiertwerdenkann.Die wichtigsten,für diesenZweck

eingef̈uhrtenAnsätzezielendaherdaraufab,dieAnzahlderBilder zuerḧohen,in denendasglei-

cheMerkmal gefundenwird. Dieswurdeeinerseitsdadurcherreicht,dassein Netz der Kame-

rapositionengeneriertwurde,daszus̈atzlicheNachbarschaftsbeziehungenzwischenBildern in

einerSequenzzur Verfügungstellt undwährendderMerkmalsverfolgungundKamerakalibrie-
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rungeingesetztwurde.DieseAnsätzewurdennicht-sequentielleoderNetz-Punktverfolgungund

Rekonstruktiongenannt.Auf der anderenSeitewurdedieseBeziehungdurchRückprojektion

bekannter3D-Punktein dasBild erstellt,unddie sichergebendenPositionenals Initialisierung

derMerkmalsverfolgungverwendet.DieserzweiteAnsatzwurdedaheralsMerkmalsvorhersage

durch Rückprojektionbezeichnet.

Der Nutzen nicht-sequentiellerPunktverfolgungund Rekonstruktionist für Drehtellerse-

quenzenamdeutlichsten,wobeidie LagefehlerderKameraum mehrals50 Prozentpunkteauf

17; 3% bzw. 13; 4% für Translations-und Rotationsfehlerverringertwurdenund sich dasPS-

NR für beideuntersuchtenSequenzenum etwa 10 dB erḧohte.Für von Handaufgenommene

Sequenzenist der Erfolg nicht sodeutlich,zeigt sich aber, wenndasPSNRfür Referenzbilder

berechnetwird, dieweitervoneinanderentferntsind.Dasgleiche,wennauchin kleineremMaß-

stab,gilt für die MerkmalsvorhersagedurchRückprojektion.Hier konntedie durchschnittliche

LängeeinerMerkmalsspurum einenFaktorvon mehralsdrei, von 20; 4 auf mehrals60 Bilder

pro Merkmalbzw. von 10; 9 auf mehrals30 Bilder für die beidengetestetenSequenzen,erḧoht

werden.Für denFall dernicht-sequentiellenPunktverfolgungerḧohtesichdie Spurl̈angesogar

umeinenFaktorvon 23für einederDrehtellersequenzen.

WennalsoglobaleGültigkeit erwünschtist, sind beideAnsätzeder sequentiellenVerarbei-

tung überlegen,wobei die nicht-sequenzielleVerfolgungund Rekonstruktiondeutlichgenauer

ist, aberauchzweikompletteIterationenben̈otigt, fallsNetzinformationennichtapriori vorhan-

densind.Die VorhersagëuberRückprojektionsolltenur verwendetwerden,falls eineVerarbei-

tungalskontinuierlicherDatenstromnotwendigist. Hier bietetdaseinfacheAuswahlverfahren

denbestenKompromisszwischenVerarbeitungszeitundGenauigkeit.

Ein weitererAnsatz,dereineErhöhungderglobalenKonsistenzerlaubt,wurdeausderRo-

botik undderautonomenKartierungvon Umgebungenübernommen.DurchdasErzwingendes

Schließensvon Schleifenin derKamerabewegung,falls aufsummierteFehlereinekorrekteRe-

konstruktionverhinderten,kanneineglobal korrekteKonstellationerzeugtwerden.Es wurde

beispielhaftgezeigt,dassdieseMethodefür großeFehlerin derLageist, die Lagefehlerzu hal-

bieren,vonbeispielsweise71; 3%auf26; 1%Translationsfehler, obgleichdieverbesserteglobale

Korrektheitmit einemAnwachsender lokalenFehlerbezahltwird. Generelljedochist die An-

wendungdesBündelausgleichsaufdiebesagtenSchleifenderzubevorzugendeAnsatz.

NebendenParameternderaufnehmendenKameraben̈otigt ein Lichtfeld Tiefeninformation,

umdievirtuellenAnsichtenkorrektvisualisierenzukönnen.Urspr̈unglichwurdedieseInforma-

tion in Form von dichten,jeweils zu einemEingabebildpassendenTiefenkartenzur Verfügung

gestellt.HierwurdennunzweiAlternativen,lokaleundglobaleProxys,diskutiert.BeideAnsätze
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kodierendieTiefeninformationin FormvonDreiecksnetzen,dochwährendderersteeinNetzfür

jedesEingabebildben̈otigt, vereintderzweitealleTiefeninformationenin einemglobalgültigen

Netz.WährendglobaleProxysbereitsalsTeil desUnstrukturiertenLumigraphenben̈otigt wur-

den,stellendie lokalenProxyseinenKompromisszwischendiesenunddendichtenTiefenkarten

dar. Siesind leicht zu erstellen,ben̈otigenwenigerSpeicherundsind in derVisualisierungef�-

zienteralsTiefenkarten.Im Kontext derglobalenKonsistenzjedochwurdeeinneuerAnsatzzur

ErstellungeinesglobalenProxysaus2D-Merkmalskorrespondenzeneingef̈uhrt,understeErgeb-

nissewurdenvorgestellt.Obwohl dieEinschr̈ankungenin seinerKonstruktionnochzustrengfür

eineuniverselleEinsetzbarkeit sind,ist dasVisualisierenjedochmehralsvier malsoschnellwie

für Tiefenkarten,und verbessertsich von 3; 3 auf 15 Bilder pro Sekundefür einenProxy der

sich auf dasgesamteAusgabebildauswirkt.Er ist damit auf gleichemNiveauwie die lokalen

Proxys,wobeidie Qualiẗat nicht sinkt. Zus̈atzlichwurdeeineMethodevorgestellt,mit dersich

globaleProxysbasierendauf einernicht-linearenOptimierungder Visualisierungsqualität und

untererneuterVerwendungeinerInformationsr̈uckkopplungsschleifeverbessernlassen.

Die ErweiterungeinesbestehendenLichtfeldesum zus̈atzlicheBildsequenzenkannschließ-

lich ebenfalls dergleichenKategoriederSteigerungderglobalenKorrektheitzugewiesenwer-

den.Zwei MethodenzumAuf�nden desbestenBildesalsAusgangspunkteinererneutenMerk-

malsverfolgung,undsozur IntegrationeinerneuenSequenz,wurdenbeschrieben.Dabeiwarder

Abgleich überSIFT-Merkmalefür die Vorhersageder Merkmalspositionenum 20 bis 30 Pixel

genaueralsdie AnwendungderRückkopplungausderVisualisierung,basierendauf deradapti-

venZufallssuchebzw. demPartikel�lter . Die Abweichungbetrugdabeiim Schnittnur2; 0 Pixel

im Vergleichzu31; 6 Pixeln.

HinsichtlichdeszweitenHauptthemasdieserArbeit, dendynamischenLichtfeldern,wurde

erklärt, dassdie Lockerungder Einschr̈ankungauf statischeSzenennicht allgemeinseinkann.

Esist unmöglich,ein Lichtfeld mit nureinerKameradichtgenugabzutasten,wennderParame-

terraumauf dieseWeiseum eineDimensionerḧoht wurde.Dahermusstendie hier betrachteten

dynamischenLichtfeldmodelleneue,aberwenigerharteEinschr̈ankungenalsderstatischeFall

umfassen.

Drei unterschiedlicheModelle und ihre größtenteilsautomatischeRekonstruktionauseiner

oder mehrerenBildsequenzenwurdenvorgestellt.Das erste,dasschrittweisestatischeLicht-

feld, setztvoraus,dassfür mehrereZeitschrittejeweils eineBildsequenzaufgenommenwird,

wobei die Szenewährendjeder Aufnahmeunbewegt bleibt. Die Sequenzenwerdenin einem

erstenSchritt einzelnrekonstruiert.In einemzweitenSchritt werdendie Kamerapfadeanein-

andergeḧangt,unddaraufhinwird dasModell mittelsnicht-sequenziellerPunktverfolgungund
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Rekonstruktionverfeinert.Währendder Visualisierungdessich ergebendenLichtfeldesist an-

schließendein UmschaltenzwischendenOriginalzeitschrittensowie die freie Navigationinner-

halbjedesZeitschrittsmöglich.

Der zweiteTyp dynamischerLichtfelderben̈otigt diesenaufwendigenAufnahmeschrittdes

erstenTyps nicht, da er es ermöglicht, die dynamischeSzenein einer einzigenSequenzauf-

zunehmen.Er führt jedochdie Einschr̈ankungein, dassein in der Szenesichtbares,bewegtes

Objektin sichselbststarrseinmuss.Diesermöglichtdie automatischeSegmentierungvonHin-

tergrundundVordergrundaufderEbenederPunktmerkmaleunterVerwendungderUnterraum-

trennungsmethodevonKanatanietal. SokönnenHintergrund-undObjektgeometrieindividuell

rekonstruiertundanschließendin ein gemeinsamesKoordinatensystem̈ubertragenwerden.Das

Lichtfeld wird wiederumin unterschiedlicheZeitschritteunterteilt,wobeidiesnundurchGrup-

pierungderAnsichtendesbewegtenObjektsmittelsVektorquantisierunggeschieht.Derwährend

der Visualisierungjeweils sichtbareZeitschrittwird durchAusmaskierungaller anderenQuel-

lansichtenunterVerwendungvon Vertrauenskartenausgewählt. Sowird dergleicheEffekt wie

zuvor erzielt,jedochmit deutlichwenigerBenutzerinteraktion.

Dasendg̈ultige Ziel ist jedochdie BereitstellungeinerkontinuierlichenRepr̈asentationdes

dynamischenTeils einesLichtfeldes.Daherwurde eine ersteImplementierungeinesObjekt-

lichtfeldspräsentiert,dasauseinemLichtfeld proObjektin derSzenebesteht.Soist esmöglich,

Hintergrundund Vordergrundunabḧangigvoneinanderzu betrachten,aberauchzusammenim

selbenKontext mit einerdurchdenBenutzereinstellbarenTransformationzwischenbeiden.Der

Ansatzben̈otigt jedochweiterhineinemanuelleNachbearbeitungderVertrauenskarten.

Sowohl schrittweisestatischeLichtfelder alsauchLichtfelderstarrer, sichbewegenderOb-

jektewurdenjeweilsanhandvondreiBeispielendemonstriert.Für dasObjektlichtfeldwurdeein

Prototypmodellpräsentiert.

Im vorangegangenenKapitel wurdenschließlichneueAnwendungenstatischerund dyna-

mischerLichtfelder auf andereGebietegezeigt.Es wurde demonstriert,dassLichtfelder gut

als Objektmodellein der ErweitertenRealiẗat geeignetsind, da sie selbsteineRepr̈asentation

realerObjektedarstellen.Die möglicheDiskrepanzzwischenRealiẗat und Virtualität wird so

vermieden.Die Lichtfeldrekonstruktionwurdeweiterhinauf die klassischenFelderderObjekt-

lokalisationund -verfolgungangewandt,entwederdurch direkte VerwendungdesLichtfeldes

für die Objektmodelleoderüberdie AnwendungderMethodenzu ihrer Rekonstruktionauf die

Generierungderben̈otigtenModelleausSequenzeneinerhandgef̈uhrtenKamera.

Ein anderesund immer noch ungewöhnlichesAnwendungsgebietstellt die medizinische

Visualisierungdar, besondersin der endoskopischenChirurgie. Hier wurdenLichtfelder dazu
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verwendet,Glanzlichterzu reduzieren,welchedurchdie LichtquelledesEndoskopsauf feuch-

tem Gewebeerzeugtwerden.Zus̈atzlich wurde eine Anwendungdes schrittweisestatischen

LichtfeldmodellszurVisualisierungunterschiedlicherAbschnitteeinerOperationin [Vog06]be-

schrieben,wodurchihr Verlauf beobachtetund dokumentiertwerdenkann.Schließlichwurde

eineUntersuchungder gesteigertenAnspr̈uchean dasRekonstruktionssystembei Verwendung

�e xibler anstattstarrerEndoskopevorgestellt,undein erstesErgebnisdemonstriert.

B.3.2 Zukünftige Arbeit

Die vorgestellteArbeit bieteteineReihevonAnsatzpunktenfür zukünftigeForschung.Ein erster

solcherAnsatzpunktist derKanade-Lucas-Tomasi-Punktverfolgungsalgorithmus.Wie bereitsin

Abschnitt6.3.3für die Anwendungauf Bilder, die überein �e xibles Endoskop aufgenommen

wurden,beobachtetwurde,ist die derzeitauf die Merkmalsfensterangewendete,af�ne Verzer-

rungskorrekturnicht in allenFällenausreichend.FallsdieOber�ächen,aufdenendieMerkmale

gefundenwerden,haupts̈achlichsenkrechtzur BlickrichtungderKamerastehen,ist eineaf�ne

Verzerrungsmatrixausreichend.Be�nden sichdieMerkmalejedochaufOber�ächenparallelzur

Blickrichtung und bewegt sich die Kameravorwärtsoderrückwärts,wie beispielsweisedurch

einenKorridor, soist dieentstehendeVerzerrungderMerkmalsfensterperspektivisch,unddaher

schlechtdurcheineaf�ne Verzerrungsmatrixanzun̈ahern.

Die ModellierungperspektivischerMerkmalsverzerrungist äquivalentzur Scḧatzungeiner

Homographiemit achtFreiheitsgradenfür jedesMerkmal.DieseachtParameterauf einmalzu

bestimmen,magjedochein betr̈achtlichesProblemfür die Stabiliẗat der Scḧatzungdarstellen.

EineguteInitialisierungundEinschr̈ankungderzus̈atzlichenTranslationist daherunabdingbar.

Als nächstesist im Hinblick auf die folgendenRekonstruktionsverfahrendie Auswahl einer

geeignetenFaktorisierungsmethodeunterVerwendungdesPSNRnur eineMöglichkeit zur Mo-

di�kation desVerfahrensbasierendauf der Visualisierungsqualität. Der Ansatzkanngenauso

dazuverwendetwerden,die optimalenParameterfür Punktverfolgungund Rekonstruktionzu

bestimmen,wie beispielsweisedie Anzahlderzu verfolgendenMerkmaleoderdenmaximalen

Rückprojektionsfehler. EineweitereAnwendungwäredie BeobachtungdesFortschrittsderRe-

konstruktionmit Hilfe desPSNR,um auf dieseWeiseein Fehlschlagender Kalibrierungder

aktuellenKameralagezuerkennen.

Ein haupts̈achlichesProblemfür die global konsistenteRekonstruktiontrat in denExperi-

mentenin Kapitel 5 deutlich zum Vorschein.Der bildweiseFehlersteigt an, selbstwenndie

globaleKonsistenzverbessertwird, wodurchim Allgemeinenauchdie Visualisierungsqualität

geschm̈alertwird. EineLösungbietetderBündelausgleich,deralle 3D-PunkteundKamerapa-
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rametergleichzeitigverfeinert.Er ben̈otigt jedochauchbetr̈achtlicheZeit für dieseAufgabe.

EinenAusweg zeigenhier ef�ziente Bündelausgleichsstrategienwie die in [Shu99]vorgeschla-

gene.MehrereBilder werdenhierzuSegmentenzusammengefasstundvirtuelleSchl̈usselframes

für jedesSegmentde�niert, die alsErsatzfür dasgesamteSegmentoptimiertwerdenundsodie

GesamtanzahlderParameterreduzieren.

Ein weiterer, vielversprechenderAusgangspunktfür weitereArbeitenist derglobaleProxy,

sowohl hinsichtlichseinerErstellungalsauchseinerOptimierung.Die erfolgreicheAnwendung

derBilddif ferenzalsFehlermaßzur Optimierungwurdebereitsin Abschnitt3.7.3beschrieben.

Siekannjedochgenausoauf die ErstellungdesglobalenProxysangewendetwerden,um Kno-

tenzu identi�zieren, die falscheingef̈ugt wurden.Aber nicht nur die nahtloseIntegrationeines

neuen3D-Punktesist für dieVisualisierungsqualitätvonBedeutung.EineMengeausvier nicht-

kollinearenPunktenkann auf zwei verschiedeneArten mit Hilfe der Delaunay-Triangulation

vernetztwerden.Die gemeinsame,interneKanteder sich ergebendenDreiecke kannso – im

schlimmstenFall – senkrechtzu einer3D-Kantein derSzenesein.Morris undKanadezeigten

in [Mor00], dassdurchdasUmdrehendieserArt von Kantenund die BerechnungeinesFeh-

lersbasierendaufderProjektioneinesBildesaufdasNetzdieKorrektheitdesNetzesverbessert

werdenkann.DieseTatsachewurdebisherwederin derErstellungnochin derOptimierungder

globalenProxysber̈ucksichtigt.

Die OptimierungglobalerProxysbietetRaumfür weitereVerfeinerungen.Derzeitwerden

Bilder kompletterGrößegezeichnet,umdie Ver̈anderungdesFehlersfür jedenKnotendesNet-

zeszu berechnen.Jedochist nur ein geringerTeil desBildes von ÄnderungeneinesKnotens

betroffen,nämlichdie benachbartenDreiecke.DurchEinschr̈ankungderVisualisierungaufdie-

seBereichekanneinedeutlicheBeschleunigungerreichtwerden.Darüberhinausver̈andertder

Algorithmusdie AnzahlderKnotenim Netznicht.NeueKnotenhinzuzuf̈ugenkanndasErgeb-

nisweiterverbessern,falls diesin Gebietenmit großemFehlerangewendetwird.

Noch mehrals die statischeRekonstruktionbietet die ErstellungdynamischerLichtfelder

einegroßeAnzahlunterschiedlicherRichtungenfür zukünftigeUntersuchungen.Ein wichtiges

Problemfür Lichtfelder mit starrerBewegungsowie Objektlichtfelderist die Bestimmungder

SkalierungzwischenRekonstruktionenunterschiedlicherBereicheder Szene.DiesesProblem

ist jedochnicht leicht zu lösen.EinemöglicheLösungbietetwiederumein bildbasierterAnsatz.

Falschskaliertundvon einemanderenWinkel ausbetrachtetwird dasbewegteObjekt in einer

falschenPositionrelativ zumHintergrunddargestellt.Der Effekt wärein Bilddif ferenzensicht-

bar, falls die in dieserArbeit benutzteMethodedesWeglassensdesOriginalbildesangewandt

würde.
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DasProblemder exaktenSegmentierungdesbewegtenObjektsin jedemBild könnteähn-

lich gelöstwerden.Bei deralleinigenVisualisierungeinesLichtfeldesdesObjektsist dieQualiẗat

innerhalbderGrenzendesObjektshoch,vorausgesetzt,dieKameralagen-undTiefenrekonstruk-

tionensindkorrekt.DerumgebendeHintergrundwird andererseitsausvielenunterschiedlichen,

falschpositioniertenundsichdaherüberlappendenTeilenderOriginalbilderzusammengesetzt.

Die ObjektgrenzestelltsichsoalseindeutlicherUnterschiedzwischenhoherundniedrigerQua-

lit ät,ausgedr̈ucktalsBilddif ferenz,dar, undkannbeispielsweisedurcheinaktivesKonturmodell

wie Snakes[Kas88] angen̈ahertwerden.DieseMethodeist naẗurlich zum Scheiternverurteilt,

fallsderHintergrundgrößtenteilshomogenist.

Die Segmentierungvon Vorder- undHintergrundwurdebishernur für ein bewegtesObjekt

vor einemstatischenHintergrunddemonstriert.Nichtsdestotrotzist estheoretischmöglich,eine

beliebigeAnzahlObjektezu trennen,vorausgesetztdassgen̈ugendMerkmaleauf jedemgefun-

denwerden.WederKamerakalibrierungund 3D-Rekonstruktionnochdie nachfolgendeParti-

tionierungin Zeitschrittestellenein Hindernisdar, nur die Anzahl möglicherKombinationen

sichtbarerundunsichtbarerObjekteerḧoht sich exponentiellmit der Anzahl der Objekte.Dies

stellt ein Problemfür die Visualisierungdar, da für jedeKombinationein Lichtfeld generiert

wird, waszu erheblichenSpeicheranforderungund wenig intuitiver Benutzerinteraktionführt.

DieseProblemetretenfür Objektlichtfeldernichtauf.

In denselbenKontext der mehrfachenObjektefällt dasnächstezu behandelndeProblem,

nämlich verdeckteObjekteund solche,die denSichtbereichder Kameraverlassen,odersogar

die weitereVerfolgungfalls die Bewegung nicht fortgesetztwird. In diesemFall ist es nicht

mehrmöglich, sichauf denSegmentierungsalgorithmuszu verlassen.Um dieseGegebenheiten

korrektbehandelnzu können,müssenzus̈atzlicheMethodenfür die Objektverfolgungundeine

verbesserteObjektverwaltungintegriertwerden.

Angefangenbei denerstenZwei-Ebenen-LichtfeldernwurdenEinschr̈ankungenfür die be-

obachteteSzene,sowohl in derLichtfeldrekonstruktionalsauchin derVisualisierung,Schrittfür

Schrittrückg̈angiggemacht.Die automatischeGenerierungdynamischerLichtfeldermit starren,

bewegtenObjektenwird nicht dasEndedieserEntwicklungdarstellen.Es existierenAlgorith-

men,die in derLagesind,die 3D-GeometrieeinerSzenetrotz derAnwesenheitsichbewegen-

derunddeformierenderObjektezu rekonstruieren.Ein solcherAlgorithmusist z.B. in [Har03]

skizziert.Die SchwierigkeitendabeisinddasAuf�nden einerstabilenLösungfür langeBildse-

quenzenund die De�nition einesgeeignetenModells für die Visualisierungdesresultierenden

Lichtfeldes.Es sollte interessantsein,die Entwicklungin diesemkomplexenund aufregenden

Forschungsgebietin denkommendenJahrenzuverfolgen,besondersdaneueAnwendungenwie
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MathematikII, UniversiẗatErlangen-N̈urnberg, October2006.

[Hor81] Berthold K. P. Horn and Brian G. Schunck. Determiningoptical �o w. Arti�cial

Intelligence, 16(1-3):185–203,August1981.

[Ira99] Michal Irani. Multi-frameoptical�o w estimationusingsubspaceconstraints.In Pro-

ceedingsof theIEEE InternationalConferenceon ComputerVision, volume1, pages

626–633,Corfu, Greece,September1999.IEEE ComputerSocietyPress,Washing-

ton.

[Isa98] MichaelIsardandAndrew Blake.Condensation—conditionaldensitypropagationfor

visualtracking.InternationalJournalof ComputerVision, 29(1):5–28,August1998.

[Isa00] AaronIsaksen,LeonardMcMillan, andStevenJ.Gortler. Dynamicallyreparameter-

ized light �elds. In Proceedingsof SIGGRAPH2000, pages297–306,New Orleans,

LA, USA, July2000.ACM Press,New York.

[Jäh95] BerndJähne.Digital imageprocessing. Springer-Verlag,London,3rdedition,1995.

[Jin01] Hailin Jin, PaoloFavaro,andStefanoSoatto. Real-timefeaturetrackingandoutlier

rejectionwith changesin illumination. In Proceedingsof theIEEEInternationalCon-

ferenceon ComputerVision, pages684–689,Vancouver, Canada,July 2001.IEEE

ComputerSocietyPress,Washington.

[Kan96a] KenichiKanatani.StatisticalOptimizationfor GeometricComputation:Theoryand

Practice, volume18of MachineIntelligenceandPatternRecognition. Elsevier, 1996.

[Kan96b] SingBing KangandRichardSzeliski.3-D scenedatarecoveryusingomnidirectional

multibaselinestereo. In Proceedingsof the IEEE Conferenceon ComputerVision

andPatternRecognition, pages364–370,SanFrancisco,CA, USA, June1996.IEEE

ComputerSocietyPress,Washington.



234 BIBLIOGRAPHY

[Kan98] Takeo KanadeandDaniel D. Morris. Factorizationmethodsfor structurefrom mo-

tion. PhilosophicalTransactions:Mathematical,PhysicalandEngineeringSciences,

356(1740):1153–1173,May 1998.

[Kan01a] KenichiKanatani.Motion segmentationby subspaceseparationandmodelselection.

In Proceedingsof theIEEE InternationalConferenceon ComputerVision, volume2,

pages586–591,Vancouver, Canada,July2001.IEEEComputerSocietyPress,Wash-

ington.

[Kan01b] YasushiKanazawa andKenichiKanatani.Do we really have to considercovariance

matricesfor imagefeatures? In Proceedingsof the IEEE InternationalConference

on ComputerVision, volume2, pages301–306,Vancouver, Canada,July2001.IEEE

ComputerSocietyPress,Washington.

[Kan02] Kenichi Kanatani. Evaluation and selectionof modelsfor motion segmentation.

In A. Heyden, G. Sparr, M. Nielsen,and P. Johansen,editors,ComputerVision –

ECCV2002.7th EuropeanConferenceon ComputerVision, volume3, pages335–

349,Copenhagen,Denmark,May 2002.Springer-Verlag,Berlin.

[Kan03] KenichiKanataniandYasuyukiSugaya.Multi-stageoptimizationfor multi-bodymo-

tion segmentation. In Proceedingsof the Australia-JapanAdvancedWorkshopon

ComputerVision, pages25–31,Adelaide,Australia,September2003.

[Kan04] SingBing Kang andRichardSzeliski. Extractingview-dependentdepthmapsfrom

a collectionof images. International Journal of ComputerVision, 58(2):139–163,

2004.

[Kas88] Michael Kass,Andrew Witkin, andDemetriTerzopoulos. Snakes: Active contour

models.InternationalJournalof ComputerVision, 1(4):321–331,January1988.

[Koc99a] ReinhardKoch,MarcPollefeys,BennoHeigl, Luc vanGool,andHeinrichNiemann.

Calibrationof hand-heldcamerasequencesfor plenopticmodeling. In Proceedings

of theIEEEInternationalConferenceonComputerVision, volume1, pages585–591,

Corfu,Greece,September1999.IEEEComputerSocietyPress,Washington.

[Koc99b] ReinhardKoch, Marc Pollefeys, andLuc van Gool. Robust calibrationand3D ge-

ometric modeling from large collectionsof uncalibratedimages. In W. Förstner,

J.M. Buhmann,A. Faber, andP. Faber, editors,Mustererkennung1999,21. DAGM-

Symposium, pages413–420,Bonn,September1999.Springer-Verlag,Heidelberg.



BIBLIOGRAPHY 235

[Koc02] ReinhardKoch,Jan-MichaelFrahm,Jan-FrisoEvers-Senne,andJanWötzel.Plenop-
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Proceedings,Beiträge zur 107.Tagungder DeutschenGesellschaft für angewandte

Optik, Weingarten,Germany, June2006.DeutscheGesellschaftfür angewandteOptik

e.V., Erlangen.

[Pot87] MichaelPotmesil.Generatingoctreemodelsof 3D objectsfrom their silhouettesin a

sequenceof images.ComputerVision,Graphics,andImage Processing, 40(1):1–29,

October1987.

[Pre93] William H. Press,Brian P. Flannery, SaulA. Teukolsky, andWilliam T. Vetterling.

NumericalRecipesin C: The Art of Scienti�c Computing. CambridgeUniversity

Press,2ndedition,1993.

[Reh98] Volker Rehrmannand Lutz Priese. Fast and robust segmentationof naturalcolor

scenes.In Proceedingsof the3rd AsianConferenceon ComputerVision, volume1,

pages598–606,HongKong,China,January1998.Springer-Verlag,Berlin.

[Rot02] GerhardRothandAnthony Whitehead.Someimprovementson two autocalibration

algorithmsbasedonthefundamentalmatrix. In Proceedingsof theInternationalCon-

ferenceon PatternRecognition, volume2, pages312–315,Québec,Canada,August
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[Vid04] Reńe Vidal and RichardI. Hartley. Motion segmentationwith missingdatausing

PowerFactorizationandGPCA. In Proceedingsof theIEEEConferenceonComputer

Vision and Pattern Recognition, volume2, pages310–316,Washington,DC, USA,

June/July2004.IEEEComputerSocietyPress,Washington.

[Vog02a] ChristianVogelgsang,IngoScholz,GüntherGreiner, andHeinrichNiemann.lgf3 - a

versatileframework for visionandimage-basedrenderingapplications.In G.Greiner,

H. Niemann,T. Ertl, B. Girod,andH.-P. Seidel,editors,Vision,Modeling, andVisu-

alization2002, pages257–264,Erlangen,Germany, November2002.Aka/IOSPress,

Berlin, Amsterdam.

[Vog02b] FlorianVogt,Dietrich Paulus,andHeinrichNiemann.Highlight substitutionin light

�elds. In Proceedingsof the InternationalConferenceon Image Processing, pages

637–640,Rochester, NY, USA, September2002. IEEE ComputerSociety Press,

Washington.

[Vog02c] FlorianVogt,DietrichPaulus,IngoScholz,HeinrichNiemann,andChristophSchick.

Glanzlichtsubstitutiondurch Lichtfelder. In M. Meiler, H. Handels,F. Kruggel,

T. Lehmann,andD. Saupe,editors,6. WorkshopBildverarbeitungfür die Medizin,

pages103–106,Leipzig,Germany, March2002.Springer-Verlag,Berlin.
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[Zin04] Timo Zinßer, ChristophGräßl, and Heinrich Niemann. Ef�cient featuretracking

for long video sequences.In C. E. Rasmussen,H. H. Bülthoff, M. A. Giese,and
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