ReconstructiomndModeling of Staticand
DynamicLight Fields

Der Technischerrakultatder
Universi@at Erlangen—Nirnbeg
zur ErlangungdesGrades

DOKTOR—-INGENIEUR

vorgelegt von

Ingo Scholz

Erlangen— 2008



Als Dissertatiorgenehmigtzon der
Technischerrakultat der
Universitat Erlangen-Nirnbeg

TagderEinreichung: 26.11.2007

TagderPromotion:
Dekan: Prof.Dr. J.Huber
Berichterstatter: Prof.em.Dr. H. Niemann

Prof.Dr. G. Greiner



In memoryof Dieter Scolz






Acknowledgements

Writing athesissuchasthis oneis a majorventurein one's life, andmostpeople,including
me, would neitherstartnor be ableto nish it without the encouragemensupport,andcontri-
bution of mary others. Sincel would probablyfail to considerall of themif | tried, | would
neverthelesdik e to expressmy gratitudehereto all involved, and namethosepersonallywho
weremostimportant.

Foremost,| would like to thank my advisorProf. em. Dr. Heinrich Niemannfor his trust
in offering me a doctorateposition as part of Sonderforschungsberei¢BFB) 603, fundedby
the GermanResearchoundation(DFG), and his fair commentandadviceover the pastyears.
Likewise,my thanksgoto Prof. Dr. JoachimDenzlerwho rst invited meto stayatthe Chairfor
PatternRecognitionafter graduatiorand his continuoussupportduringmy rst yearsthere,to
Prof. Dr. JoachimHorngggerwho kindly offeredme asylumin the yearafter| hadalreadyleft
theinstitute,andto Prof. Dr. GuntherGreinerfor my warmandfruitful inclusionatthecomputer
graphicsdepartmenandfor reviewing my work.

| hadthegreatluck of workingin anenvironmentwhichwasbothpleasanandprofessionally
stimulating,thanksto my colleaguesat the Chair for PatternRecognitionand throughoutthe
SFB. My long-time of ce matesDr. JochenSchmidtand Dr. Florian Vogt were always there
to discussmy problemswith me, offer adviceor explanation,or just sharea goodjest, a thing
whichisrareto nd andwhich| greatlyappreciateThesameis truefor Dr. Marcin Grzegorzek
sharinganof ce with melateron, who alwaysoffereda helpinghandwhene&er necessaryJust
asimportantto mewasthe cooperatiorandsupportof mary othercolleaguesStefan Wenhardt,
BenjaminDeutschChristophGral3l,andTimo Zin3er justto nameafew, aswell asthetechnical
supportprovidedby Fritz PoppandWalter Fentze.

From my predecessan projectC2 of SFB 603, Dr. BennoHeigl, | receved aninvaluable
headstartfor my researchandhe thusmademostof my resultspossiblein the rst place. My
copartnein C2 atthe Chairfor ComputerGraphicsDr. ChristianVogelgsangsharesanequally
large portion of the succes®f my work by providing theimplementatiorof all renderingtech-
nology which | sorelied on. The SFB offereda very fruitful environmentfor cooperatiorand
interdisciplinarywork, thanksto peoplelike Marco Winter, Martin Meister Ulrich Fecler, and
mary othersl workedwith who lled thisideawith life. And nally, | would notwantto forget
my studentsvhosework helpedconsiderablyto give my thesisits nal shapegspeciallyMario
Fritz, ChristianHopfgartnerRogerMller, andThomasSiinkel.



Especiallyover the lastyearatfter | hadleft the institute, my family, friends,andmostim-
portantmy girlfriend Isabellawereessentiato meto keepme goingon. | would not only want
to expressmy gratitudeto themfor their supportandencouragemenbut alsoto apologizefor
neglectingthemfor suchalongtime.

Ingo Scholz



Contents

1

Intr oduction 1
1.1 Light FieldsfromImageSequences. . . . . . . . . . . . ... ... 1
1.2 Stateof theArt in Light FieldModeling . . . . . ... .. ... ... ...... 5
1.2.1 Light Field ModelsandRenderinglechniques . . . . . ... ... ... 6
1.2.2 ImageAcquisition . . . . . . . . . .. 9
1.2.3 CamerdParameteEstimation . . . . ... ... .. ... ... ..... 11
1.2.4 SceneDepth . . . . . . . 15
1.2.5 DynamicLightFields . .. ... ... ... ... ... ... ..... 16
1.3 ContributionofthisWork . . . . . . .. .. ... .o 17
1.4 OVEeIVIBN . . . . o e e 19
CameraParameter Estimation 21
2.1 CamereCalibration. . . . . . .. . . ... . . e 21
2.1.1 CamerdParameters . . . . . . . . . 22
2.1.2 ProjectionModels . . . . . ... 26
2.1.3 EpipolarGeometry. . . . . . .. 30
2.2 FactorizationrMethods . . . . . . . . .. .. .. ... 31
2.2.1 Orthographidmactorization. . . . . .. . . ... ... ... ....... 33
2.2.2 \Weak-andParaperspeote Factorization . . . . ... ... ....... 34
2.2.3 Perspectie FactorizatiorMethods. . . . . ... ... ... .. ..... 36
2.3 CamereSelf-Calibration . . . . . . ... ... .. ... 40
2.3.1 Reconstructiofypes. . . . . . . . . . it e 40
2.3.2 Self-CalibrationMethods. . . . . . . ... ... ... ... ....... 42
2.3.3 BundleAdjustment. . . . . .. ... 45



3 Reconstructionof Static Light Fields 49

3.1 SystemOVEIVIBN . . . . . . o e e e e 49
3.2 FeatureExtractionandTracking . . . .. ... ... ... ... ......... 52
3.2.1 Kanade-LucasdmasiTracking . . . . ... ... ... ......... 52
3.2.2 EstablishingCorrespondencddsingSIFT Features . . . . .. ... .. 57
3.2.3 Non-Sequentialracking. . . . . . . . . . . 58

3.3 AutomaticSelectionof FactorizationrMethods. . . . . ... ... ... ... .. 60
3.3.1 RolustEstimationUsingOutlierDetection . . . . ... ... ... ... 60
3.3.2 QualityMeasures. . . . . . . ... ... 62
3.3.3 AlternatveProcessin@ghains . . . . . ... ... ... ... . ... 64
3.3.4 AutomaticSelection . . . . . .. ... L 67

3.4 ExtensiontoLonglmageSequences . . . . . . . . . . .. e 67
3.4.1 Extensionby Non-LinearOptimization . . . ... ... ... ...... 68
3.4.2 Non-SequentiaReconstruction. . . . ... ... ... ......... 69

3.5 RolustandProbabilisticModeling . . . . . .. .. ... ... ... . .. ... 71
3.5.1 WeightedParameteEstimation . . . . . .. ... ... ... ...... 72
3.5.2 RohkustEstimators . . . . ... . ... .. . ... 74

3.6 SceneGeometryReconstruction. . . . . . ... oo 75
3.6.1 DepthMaps. . . . . . . . . ... . . 76
3.6.2 LocalGeometryModels . . . . . ... ... .. ... .. ... ... 78
3.6.3 GlobalGeometryModels. . . . . . ... ... ... ... ... ..., 79

3.7 InformationFeedbackoops . . . . . .. . .. .. .. ... 85
3.7.1 FeaturePredictionby Back-Projection. . . . . .. ... ... ...... 85
3.7.2 ClosingLoopsin CameraMovement . . . . . . . ... ... ...... 87
3.7.3 OptimizingSceneGeometry. . . . . . . . . . . . e 89
3.7.4 ExtendingExistingLightFields . . . . ... ... ... ......... 92

4 Dynamic Light Fields 97
4.1 FromStaticto Dynamic:AdditionalRequirements. . . . . . . ... ... ... 97
4.2 Step-WseStaticLightFields. . . . . .. ... .. . . . . . .. 99
4.2.1 StaticLight FieldReconstruction. . . . . .. ... ... ... ..... 100
4.2.2 Raistration. . . . . . ... 100
423 Renement. . . .. . . . . . . . e 102

4.3 MovingbutRigidObjects. . . . . . . ... ... ... 104
4.3.1 Sgmentatiorof FeaturePoints . . . . . ... ... ... ... ..... 104



6

4.3.2 Ragistrationof ObjectReconstructions. . . . . . ... ... ...... 110

4.3.3 TimeStepldentication . . ... ... ... ... .. .. ........ 112
4.4 ExtendedRenderinglechniques. . . . . . . . . . . ... .. 113
441 MultipleLightFields. . . . .. ... ... ... ... ... ... .... 113
442 UsingCondenceMaps . . ... ... ... ... ... ... 114
4.4.3 ObjectlightFields. . . . .. ... ... ... .. ... .. ....... 117
Experiments 119
5.1 LightFieldQualityAssessment. . . . . ... .. ... ... .. .. .0..... 119
5.1.1 Back-ProjectiorErrorandPSNR . . . . . .. .. ... ... ... ... 119
5.1.2 Relatve PoseandGeometryErrorfrom GroundTruthData . . . . . .. 122
5.1.3 Comparisorof EvaluationMethodsfor StaticLight Fields . . . . . . .. 124
5.1.4 Quality Measuregor DynamicLightFields. . . . ... ... ... ... 125
5.2 Evaluationof StaticLightFields . . . . . ... .. ... ... ... ....... 125
5.2.1 TestSequenceandHardwareDescription. . . . . ... .. ... .... 125
5.2.2 SIFTFeatureandKLT Tracking . . . ... ... ... ......... 129
5.2.3 Non-SequentialrackingandReconstruction. . . . . . ... ... ... 133
5.2.4 AutomaticSelectionof FactorizatiorMethods . . . . . ... ... ... 136
5.25 RolustMethods . . . ... ... .. ... .. ... 138
5.2.6 SceneGeometry . . . . . ... 141
5.2.7 Feedbackoops . . ... .. . . ... 144
5.3 Evaluationof DynamicLightFields . . . . . ... ... ... ... ....... 152
5.3.1 ExampleSequences. . . . . . . . . ... 153
5.3.2 Step-WseStaticLightFields . . ... .. ... ... ... ....... 154
5.3.3 RigidObjectMotion . . . . ... ... .. ... . ... 158
5.3.4 ObjectLightFields. . . ... ... .. ... ... . ... .. ...... 160
Applications of Light Fields 163
6.1 AugmentedReality . . . . . . . .. ... 163
6.2 ObjectLocalizationandRecognition. . . . . . . ... .. ... ... ...... 166
6.2.1 VisualObjectTracking. . . . . . ... ... . . . . .. . .. ... ... 166
6.2.2 FastTrainingfor ObjectRecognition . . . . . .. ... ... ...... 169
6.3 MedicalApplications . . . . . . . . ... 170
6.3.1 Highlight Substitution . . . . .. ... .. ... ... .......... 171
6.3.2 ProgresMonitoringusingDynamicLightFields . . . . .. .. ... .. 172



6.3.3 3-D Reconstructiorfor Flexible Endoscopes. . . . . ... .. ... .. 172

7 Summary and Outlook 175
7.1 SUMMANY . . o o e e e e e e e e e e 175
7.2 FutureWork . . . . . . e 179

A Mathematical Symbols 183

B German Title, Contents,Intr oduction and Summary 191
B.1 Inhaltswerzeichnis. . . . . . . . . . .. .. ... 191
B.2 Einleitung . . . . . . . . e e 195

B.2.1 LichtfelderausBildsequenzen. . . . . . . ... ... ... ....... 195
B.2.2 StandderTechnikin derModellierungvonLichtfeldern . . . . . . . .. 199
B.2.3 BeitragdieserArbeit . . . . .. ... 213
B.2.4 Uberblick . . . . ... 215
B.3 ZusammerdssungindAusblick . . . . .. ... oo oo oo oL 216
B.3.1 ZusammerdSSung . . . . . . . . o v v it e e 216
B.3.2 ZukunftigeArbeit. . . . .. ... 221

Bibliography 225

Index 247

Curriculum Vitae 251



List of Figures

1.1 Light elds in endoscopisumgery . . . . . . . . oo 2
1.2 Imageacquisitionusingrobotarm,opticaltrackingor ahand-heldcamera. . . . 3
1.3 Exampleof animagesequencéor adynamiclight eld . . . . .. ... ... .. 4
1.4 Theplenopticfunction . . . . .. ... ... ... ... 5
1.5 Two-planeparameterizatioof thelight eld anddepthinformation . . . . . .. 7
2.1 Mappingfrom world to camerecoordinates. . . . . ... ... ... ...... 22
2.2 Thepinholecameramodel . . . . . . .. ... ... ... ... 24
2.3 Sensorcoordinates . . . . . . ... 25
2.4 Projectionmodels. . . . . . . ... 27
2.5 Epipolargeometry . . . . . .. e 30
2.6 Theiterative factorizatiomalgorithmby ChristyandHoraud. . . . . . . ... .. 40
3.1 Systemoverview: thelinearprocessinghain . . . ... ... ... ....... 50
3.2 Themodulesof theLGF® framevork . . . .. .. ... ... ... ....... 51
3.3 Non-sequentidrackingin animagesequence . . . . . . ... ... .. .... 59
3.4 Alternative processinghainsfor factorizationrmethodselection . . . . . . . .. 65
3.5 Extensiorof thereconstructiorirom aninitial subsequend® therestof theimages 68
3.6 Consideringheangleto themotiondirectionof thecamera. . . . . . .. .. .. 71
3.7 Outlineandreal-world examplefor weightingbasedon structurematrix . . . . . 73
3.8 TruncatedquadraticHuber's minimax,andLorentzianestimators . . . . . . .. 75
3.9 Differentdepthrepresentationsfanimage . . . . .. ... ... ... ..... 76
3.10 Generatingaproxy for initial sequences. . . . . . . . .. ... ... .. ... 80
3.11 Adding new featuredo theoutsideof aproxymesh. . . . . . . ... ... ... 82
3.12 Projectionof proxy borderto imageplaneandspecialcase . . . . . .. ... .. 83
3.13 Lineartrackingandcalibrationin asinglepass. . . . . . . ... ... ... ... 85
3.14 Examplereconstructiorof acamergpatharoundanobject . . . . . . ... . .. 87

\'



3.15 Depthmapgeneratedrom at initialmap . . . . . ... ... .. .. ...... 91

3.16 Globalproxygeneratedrom at initial proxy . . . .. ... ... ... ..... 92
4.1 Reistrationof twoimagesequences . . . . . . . . . .. e e e 101
4.2 Creatingameshbetweerimagesequences . . . . . . . . . . .o v 103
4.3 Twoimagesof theCrawlerexamplesequence . . . . . . ... ... ... ... 105
4.4 Shapanteractionmatrix . . . . . . . . . .. 106
4.5 FeaturesrackedontheCrawlerobject. . . . . . . ... ... ... ... .... 109
4.6 Cameranotionrelatvetoamovingobject. . . . . . . .. ... L. 110
4.7 Partitioningof theCrawlersequence . . . . . . . . . . . . ... ... ..., 112
4.8 Renderingime stepsfor step-wisestaticlight elds . . . . ... ... ... ... 114
4.9 Examplecon dencemapsandtheirconstruction . . . . . . ... ... ... .. 115
4.10 Visualizingdynamiclight elds usingcondencemaps. . . .. ... ... ... 117
5.1 Back-projectiorerrorandPSNRfor al00imagessubsequence. . . . . . . .. 121
5.2 Back-projectiorerrorandPSNRfor an8 imagesexamplesequence. . . . . . . 121
5.3 Sory DV cameraequippedvith tagetandARTtrack2cameras. . . . . . . . .. 122
5.4 Testimagecollections. . . . . . . . . . .. . . ... . 126
5.5 Testsequencetakenwith ahand-helccamera. . . . . .. ... ... ...... 128
5.6 Testsequencesfobjectsonaturntable . . . . . ... ... ... ........ 129
5.7 Testsequencewith posedatafrom opticaltracking . . . . . . . ... ... ... 130
5.8 Imagegenderedrom theGlobeSET17 andFountainSET35light elds . . . . . 131
5.9 Processingtepsfor linearandnon-sequentialeconstruction. . . . . . ... .. 133
5.10 Cameraneshedor two examplesequences. . . . . . . . . . . .. .. ... .. 135
5.11 Localandglobalerrorin non-sequentialeconstruction. . . . . ... ... ... 136
5.12 Processingtepsfor the comparisorof robustreconstructioomethods . . . . . . 139
5.13 Comparisorof differentrobustreconstructioomethods . . . . . . ... ... .. 140
5.14 Exampledor differenttypesof geometry . . . . . . . . .. ... ... 142
5.15 Problemsoccurringfor differentkindsof geometry . . . . . . . .. .. ... .. 143
5.16 Theintegratedprocessf trackingandreconstructinganimagesequence . . . . 144
5.17 Localandglobalerrorfor linearreconstructiorandfeatureprediction . . . . . . 146
5.18 Stepsof theclosingalgorithmfor theColaTF40sequence. . . . . . . ... .. 147
5.19 Processingtepsfor addingnewn imageso anexistinglight eld . . . . ... .. 149
5.20 Extendedeconstructiorof the SantaHH-207magesequence . . . . . . . . .. 151
5.21 Testsequencefor step-wisestaticlight elds . . . . ... ... ... ... ... 153

Vi



5.22 Testsequencefor light elds of rigid, movingobjects . . . . . ... ... ... 154

5.23 Processingtepsfor generatinga step-wisestaticlight eld . . . . ... ... .. 155
5.24 Back-projectiorerrorbeforeandafterre nementstep. . . . . . ... ... ... 156
5.25 Differencemagesbeforeandafterrenement. . . . . . . ... ... ... ... 157
5.26 Renderedxampleimages . . . . . . . . . . . e 157
5.27 Processingtepsfor generatingadynamiclight eld with rigid, moving objects . 158
5.28 Reconstructiomndquantizatiorof thethreeobjects. . . . . . . ... ... ... 159
5.29 Renderedmagedor four differenttimesteps . . . . . . . ... ... ... ... 160
5.30 Examplerenderingof anobjectlight eld . . . . ... ... ... ... ..... 161
6.1 Augmentedealityusingacolorcube . . . ... ... ... ... ........ 164
6.2 Replacingapersonsfacewith aview fromalight eld . . ... ... ...... 165
6.3 Objectmotionpathsandestimatednotion. . . . . ... ... ... ....... 168
6.4 Comparisorbetweeroriginal andrenderedmageaccordingto the estimatedstate168
6.5 Objectclassesisedfor recognition. . . . . .. . ... .. .. ... ....... 169
6.6 Highlight substitutioronlight eld imagesof agallbladder . . . . . ... ... 171
6.7 Dynamiclight eld reconstructionn endoscopicsulgery . . . . ... ... ... 172

6.8 Imagesacquiredwith a berscope,spectralltering andreconstructiorof abore. 173

B.1 Lichtfelderin derendoskpischerChirurgie . . . . . . .. .. ... ... .... 196
B.2 Bildaufnahmemit Hilfe einesRoboterarmspptischerPositionserfolgungoder
einerhandgefihrtenKamera . . . . . . . . ... ... ... ... .. ... ... 197
B.3 BeispieleinerBildsequenZir dynamische.ichtfelder . . . . . ... ... ... 198
B.4 Dieplenoptischd=unktion . . . . . ... ... ... ... ... ... ... 200
B.5 Zwei-Ebenen-BrametrisierunglesLichtfeldesund Tiefeninformation. . . . . . 201

Vii



viii



List of Tables

2.1 Typesof transformationgn 3-Dreconstruction . . . . . ... ... .. ... .. 41
5.1 Comparisorof back-projectiorerrorandPSNR . . . . . . ... ... ... ... 120
5.2 Reconstructiomesultsfor two setsof photographsisingSIFT features. . . . . . 131
5.3 Comparisorof reconstructionsisingSIFT featuresaandKLT tracking . . . . . . 132
5.4 Featuredrackedwith sequentiabndnon-sequentiakacking . . . . . ... . .. 134
5.5 Comparisorof sequentiahndnon-sequentialeconstruction . . . . . . ... .. 134
5.6 Automaticselectionof theinitial factorizationrmethod . . . . . . ... ... .. 137
5.7 Comparisorof differenttypesof geometry. . . . . . . . . ... ... ... ... 142
5.8 Featuredrackedwithoutandwith prediction. . . . . .. . ... ... ... ... 145
5.9 Comparisorof featurepredictionwith linearreconstruction . . . . .. ... .. 145
5.10 Comparisorof linearreconstructionbundleadjustmentandclosingof loops . . 148
5.11 Correctnessf estimationof closestmage. . . . . ... ... ... ... .... 149
5.12 Trackingaccurag of SIFTfeatures . . . . .. .. ... ... ... ....... 150
5.13 Trackingaccurag of adaptverandomsearchandparticle lter . . . . . ... .. 150
5.14 Comparisorof back-projectiorerrorandbackgroundhiftsin the examplescenesl56
5.15 Statisticsonthe examplesequencebor rigid objectmotion . . . . . .. ... .. 159






Chapter 1
Intr oduction

Modeling of virtual ervironmentshasfound its way into mary applicationsnot only in enter
tainment,but alsoin engineeringmedicine,economicsandeducation.In entertainmentthese
virtual environmentsaremostcommonlyusedin movie productionsandvideogamesput while
herethe acceptancef non-realisticor arti cial sceness inherent,medicalapplicationsn par
ticular requirea very high amountof realism. Moderntechniquesn geometricmodelingallow
for averyrealisticreconstructiorof dif cult featuresput they alsorequiresomeartisticabilities
to obtaintheseresults.

An alternatve to traditionalgeometricmodelingwasintroducedwith the conceptof image-
basedrendering(IBR), its mostprevalentrepresentationbeingthe lumigraph[Gor9g andthe
light eld [Lev96]. By usingimagesof a real environmentthey allow to createmodelsof real
scenesndobjectsandto visualizethemin photo-realisticquality. Neverthelessteconstruction
of suchanimage-basedodelfrom collectionsof imagesor imagestreamss a challengingask
for staticscenesput even moresofor dynamicallychangingervironments. Approachedo its
robustsolutionarethetopic of this work.

1.1 Light Fieldsfrom Image Sequences

Simply speakinganimage-basethodelsuchasalight eld requiresonly asetof imagesandthe
knowledgeof the cameras pose(i. e., positionand orientation)andinternal parametersluring
recordingof eachimageasinput data. From this data, it is possibleto generatean image of
therecordedarea,beit asingleobjector alarge scenefrom ary viewpointwhich is reasonably
closeto the original camergositions.As anexample ,imagineaninternetvendorwho wishesto
presenta 3-D modelof his merchandisén his onlineshop.Usingalight eld, heonly needgo

1



2 Chapterl. Introduction

(d) (e)

Figurel.1: Light elds in endoscopisumgery: (a) view of the sugeonthroughanendoscopg)b) surface
reconstructiorand (c) imagerenderedrom the resultinglight eld shaving the scenefrom a greater
distance. (d) Light eld of a liver/gall bladdermodelwith (e) a superimposedCT scan. Imagesby
courtesyof F. Vogt[Vog04§.

take afew dozenimagesof a productandthusenableshis customerso inspectthe productfrom
ary viewpointthey desire.

Another more scienti c examplefor the useof light elds is endoscopicsumgery [Vog06].
Here,theimagesof anendoscop@arecombinedo give the sulgeonathree-dimensionampres-
sion of the operationsite wherehe cannavigatein without ary restrictiondueto cumbersome
medicalinstruments.This is illustratedby Figure 1.1 shaving anexamplefrom alaparoscopic
removal of thegall bladder(cholegstectomy).Throughtheendoscopenly aclose-upview with
limited viewing angleis availableto the suigeon,suchasin Figurel.1(a).By reconstructinghe
geometryof the operationareafrom several endoscopidmages,as depictedin Figure 1.1(b),
the scenemay be visualizedfrom an overview perspectie asin Figure 1.1(c) by combining
the texture informationof severalimages.Additionally, if 3-D reconstructiorandimage-based
modelingwere successfuldifferentimaging modalities,suchas computedtomography(CT),
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@) (b) (©

Figure1.2: Threedifferentwaysof imageacquisitionfor light elds: (a) Usingarobotarm,which also
yieldsthecameragose (b) usinganopticaltrackingsystemwhichtracksthe camergositionby following

opticalmarkersor (¢) usingahand-helccamerandstructure-from-motiomlgorithmsfor poseestimation.
Imageg(a) and(b) by courtesyof F. Vogt[Vog04§.

magneticresonancémaging (MRI), or ultrasonographymay be superimposedndoffer infor-
mationto the suigeonwhich is otherwiseinvisible. In Figure1.1(e),this wasdonefor thelight
eld of amodelof liverandgall bladdey shavnin Figurel.1(d),combinedwith a CT scanof it.

In bothexamplegshequestions wherethe camergparameterfor eachimagearetakenfrom.
In [Vog06], two optionsfor gatheringthis dataare a robot arm, like the one shavn in Figure
1.2(a),or anopticaltrackingsystemwhich tracksthe endoscope positionandorientationwith
two camerasshovnin Figurel.2(b). While theseareviablesolutionsfor aclinical ernvironment,
they aremuchtoo expensve for the rst application.For the vendor a feasiblesolutionwould
beif he couldusea consumewrideo camerdike in Figure1.2(c)to take animagesequencef
anitemwithout having to rely on specializechardwareto gatherinformationaboutcamergpose
andparameters.

In principle, the imagescontainall information requiredto solve this scenario. The key
is theidenti cation of point correspondencesetweenindividualimagesof animagesequence.
Knowledgeof the projectionsof certainpointsin ascenanto two images—theale nition of point
correspondences—all@ the computationof a mappingof pointsfrom oneimageto the other
sothatthepossiblepositionin thesecondmageis restrictedo aline. If thecorrespondencese
known in threeimageshemappingcanbecalculatedexactly, andthethreerelative camergoses
canbeestimatedncludingevensomeof the internalparametersf the cameraaslongassome
assumptiongre made. Given correspondences yet moreimagesit is possibleto gradually
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Figure 1.3: Exampleof animagesequencdor a dynamiclight eld: atoy vehicle movesin a static
environmentwhile the hand-heldcameras movedindependently

reducetheserestrictionson theinternalparameters.

In practice,camergparameteestimationis complicatedby mary factors. The point corre-
spondencefund areusuallyslightly shifteddueto noisyimages,or they arenot availablefor
the whole sequencee.g., becausef occlusion. Therefore robust methodsarerequiredwhich
areableto compensaté¢he resultingerrorsandhandleevenvery long imagesequencesThese
methodsusuallyincludethe useof (much)moredatathanstrictly requiredand nding the solu-
tion which best ts this data. Outlier detectionandprobabilisticmodelingmay furtherimprove
theresults.

At this point, all datafor modelinga simplelight eld asproposedin the original light
eld publication[Lev96] is available. However, the parameterizationf thislight eld requires
a “densesampling” of the scenefrom a regular grid of view points. In caseof a hand-held
cameraneithera densesamplingnor a samplingfrom regularview pointsis possible sincethe
humanhandis ill-suited for suchatask. More recentlight eld modelsthereforeaccountfor
theseadditionalrequirement$Hei99a,Sch01bBue0]. Throughsparsesamplingerrorsdueto
unknown surfacegeometryof the sceneébecomevisible in imagesrenderedrom thelight eld.
Consequentlyknowledgeaboutscenegeometryreducesheseerrors. Many methodsexist for
estimatingthe depthof a scenefrom severalimages. Structue-from-motionaswell asdepth
from stereocor multiple imagescanbe appliedhere.

Finally, going backto the exampleof the online vendor he might wish to demonstrateot
only astaticmodelof anitem, but alsothefunctioningof ary moving parts,or, for instancethe
movementof vehiclesthroughthe environmentlik e thetoy vehiclein Figurel.3.

In medicalapplications suchasendoscopisugery [Vog06], it may be requiredto model
organsor medicalinstrumentsvhich arebeingmoved. Again, sucha dynamidight eld is most
easilyreconstructedsingspecializechardwarelik e anarrayof multiple camerasif theproblem
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viewpointt
viewing direction

world scene
coordinatdrame

Figurel.4: Theplenopticfunction: asinglelight ray seerby anobserer atviewpointt from thedirection
denotedoy and . Wavelength | andtime arenotdepicted.

is approachedisingonly one (hand-held)}camera,a software solutionmustbe found, andthe
problemdomainis usually not asgeneralasin the former case. By identifying differenttime
stepsor separatinglifferentlymoving objects,a composedight eld maybereconstructeénd
visualizedusingadaptedight eld renderingtechniques.

This processingchain of reconstructinga static or dynamiclight eld modelfrom one or
several image sequencesaken by a hand-heldcamerais the main topic of this thesis. The
subsequenstepof correctlyrenderingimagesout of sucha light eld, with its mary different
approacheswill only be coveredshortly as part of the overvien over the stateof the art in
light eld modelingin thefollowing section.It is regardedratherasa meansof monitoringand
evaluatingthe succes®f reconstruction.

1.2 Stateof the Art in Light Field Modeling

Theideaof thelight eld wasderivedfrom theplenopticfunctionL( ; ; ; ;t) introducedn
[Ade91]. It describeshe appearancef a volumein spaceusingseven parametersnamelythe
viewpointt of theobsenrerin world coordinatesthetwo angles and of theviewing direction
andthewavelength | of theobsenedlight ray ata certainpointin time . This setupis shavn
for asinglelight rayin Figurel.4.

McMillan andBishop[McM95] werethe rst to describeanimage-basedenderingsystem
using the plenopticfunction. Here, a plenopticmodelis formed usingimagesof the scene—
whichconstituté'samples”of theplenopticfunction—talenby acamerawhichis rotatedaround
its vertical axis. The modelis representedising a cylindrical parameterizationvhich corre-
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spondgo this two-dimensionapanoramidmage. Using additionaldisparityinformation, arbi-
trary views of themodelcanbe computedrom theinsideof thecylinder.

The light eld breaksdown the high dimensionalspaceof the plenopticfunction using a
differentsetof restrictions,which neverthelessallow the placemenbf the recordingcameraat
arbitrarypositions. The obsened scenes assumedo be constanover time, andinsteadof the
intensityfor every wavelengthonly onecolor valueis modeled thusremorving two parameters.
In additionto that,theair betweertheobsenerandthescenesurfaceis assumedo betransparent
sothattheintensityof thelight ray emittedfrom a surfacepointin onedirectionstaysconstant,
no matterwherethe obseneris locatedon thisray. By selectinga suitableparameterizatiothe
plenopticfunctionis thusreducedo four parameters.

1.2.1 Light Field Models and Rendering Techniques

In the following, a shortsummaryof the differentparameterizationand renderingtechniques
for light elds will begiven. Thetechniquesaresubdvidedinto two maincatejories,two-plane
and free form parameterizationsyhile in a third cateyory additionaltypesof light elds are
subsumed.

Two-plane parameterization

Both the approachesf Levoy etal. [Lev96] andGortleret al. [Gor96] usea two-planeparam-
eterizationL p(up; Vp; Sp; tp) to representhe light eld. Here, eachlight ray of the (reduced)
plenopticfunctionis describedy onepointon eachof the planes(up; vp) and(sp; tp). While in
[Lev96] the projectioncentersof theoriginal camerasreplacedontheplane(up; vp), calledthe
camen plang andthe(sy; t,) planeis thecommonfocal planeof thosecamerasthereis nosuch
restrictionin [Gor96]. In the latter, the two planesaresetparallelto eachotherwith, e.g., one
planethroughthe scenesurfaceandthe othercloserto the obsenrer, asshavn in Figurel.5(a).
The two-planeparameterizatiorsimpli es the renderingof syntheticviews from the light
eld considerably As mentionedbefore,whenusingreal input imagesthe light eld is only
sparselysampledwhichmeanghatit is unlikely thatary arbitrarylight ray wasobseredbefore.
Gortleret al. createan approximationof the ideal, continuoudight eld L, by subdviding the
two planesinto gridsof My, My, andNgs: Ng; points,wherex;;x . denotesthe color
valueof eachpair of grid points. (i; j ) and(k; ) index thegrid pointsin the (up; v,) and(sp; ty)
grids,respectiely. A basisfunction B . (Up; Vp; Sp; tp) is associatedo eachgrid point, which
is thenusedto reconstructhe so-called nite dimensionalumigraph C,, an approximationto
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Figure 1.5: (a) Two-planeparameterizatioof the light eld: eachlight ray is parameterizedisingthe
four coordinatessy, tp, up andv,. (b) Without depthcorrectionon the (sp; tp) plane,mismatchedight
raysmay beinterpolated.

thecontinuoudight eld, from thediscretevaluesby

Mo N Kt ot
Co(Up; Vi3 Spi Tp) = Xijk 1Bijk ;1 (Up; Vpi Spitp) (1.1)

i=0 j=0 k=0 1=0
Variouschoicesfor the basisfunctionarepossible suchasa box functionwhichis 1 aroundits
associatedrid point, and0 otherwise or a quadrilinearfunctionwhich allows the interpolation
of neighboringgrid pointsandthusresultsin a continuousunctionC,,. Thevaluesx;;y ; atthe
grid pointsarecomputedrom samplef L, i. e., theinputimages usingthe dualsof the basis
functions.Thus,aninterpolationof the closestight raysin thelight eld to arequiredray given
by (up; Vp; Sp; tp) is easilycomputedrom C,. Insteadof doingthis interpolationray by ray; i. e.,
for eachpixel of arenderedmage,the imagepatchesn eachgrid of the (up; v,) planecanbe
storedastexturesandinterpolationcanbedoneon graphicshardwarefor severalpixelsatatime.

Up to this point, the approachesf Levoy etal. andGortleretal. arevery similar. However,
if therecordingcamergpositionswerenot closetogetheydepthdiscontinuitiesn thescenamay
leadto seriousblurring of the outputimages,the so-calledghostingartifacts The reasonfor
theseerrorsis shavn in Figurel.5(b),namelythatevenif light raysintersecthe(s,; t,) planeat
the samepoint, they may not shav the samepoint onthe scenesurfaceif the depthdifferences
too large. The approactof Gortleretal. incorporateslepthinformationandthusreduceghese
artifacts.

The advantageof the two-planeapproachs its ef ciency in rendering,which was further



8 Chapterl. Introduction

re ned in anumberof subsequerpublications.Sloanetal. [SI097] furtherincreasaherender

ing speedby animproved selectionof nodeson the (u,; v,) plane,althoughat the expenseof

quality. Thesamegoalis pursuedby Schirmacheetal. [SchO0Oa]whoincorporateso-calledm-

age warpingtechniquego speedup rendering.This approachs only applicableif densedepth
informationis available for eachimage,but may thenreducethe numberof requiredsamples
considerablyChaietal. [Cha0O0]examinedthe numberof samplesieededor optimalrendering
of viewsfrom alight eld.

However, the major dravback 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
warpedo t theregulargrid, whichresultsin alossof quality. Therefore new parameterizations
weredevelopedwhich allow amore e xible camergplacement.

Freeform light elds

The rst relaxationof the two-planeconstraintwas proposedy Heigl et al. [Hei99a]for light
elds whichwererecordedusingahand-heldcameraHere theimagesof therecordingcameras
aremappedonto the imageplaneof the virtual camera.The contrituting camerasare selected
by projectingtheir cameracentersonto the virtual imageplaneand choosingthe threeclosest
projectionsto the requiredviewing ray. The virtual imageplaneis subdvided into triangles
and correspondingmage patchesof the original camerasare mappedonto them. Geometry
informationis includedusing depthmapsfor eachimageandapproximatinga planefor each
triangle.

Thetermfreeformlight eld wasintroducedoy Schirmacheetal.[SchO1b]for asimilar, but
moreef cient approaclasthe previousone. However, asatrade-of for increasegerformance,
the original camerasarerequiredhereto form a corvex hull aroundthe sceneor object,where
eachimagehasa view of thefull silhouetteof thescene.

In [BueO1], Buehleret al. de ne a setof eight requirementdor light eld renderinglike
continuityof color values resolutionsensitivityor unstructuedinput. Earlierparameterizations
andrenderingechniquedik e thosedescribedbove areanalyzedhereuporanda comparisons
given. Accordingly, they proposea renderingalgorithm calledunstructued lumigraph render
ing which considergheserequirements.The unstructuredumigraphthusconstituteshe most
generalizedreeform light eld renderercurrentlyavailableandwill be usedfor all continuatve
proceduresndexperimentghroughouthis thesis.
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Other representations

Analogouslyto the two-planelight eld severalalternatve representationg/ereintroducedas
well, using,e.g., a sphericaparameterizatiofor oneor both of thetwo planes.However, these
approachesever gainedsuchwide-spreadiseasthetwo-planeparameterizationl hereforethe
readeiis referredto the brief summaryof theseapproachegivenin [Sch01b].

Anotherapproactto free-formlight eld renderings point-basedendering Here,thelight

eld is representedsa setof 3-D pointswith directionalradiancenformation. The adwantage
is thatinsteadof storingtrianglemeshesasgeometryinformation,the connectity information
betweerthe pointscanbe omitted, which resultsin a smallermodel. The disadantageis that
for close-upviews andocclusionsgapsmaybecomevisible betweertherenderegoints. Point-
basedenderingor light elds is describedn [ES03bJand[Vog05].

Thesurfacelight eld, introducedoy Woodetal. [Wo00(Q, is aparameterizatiowhichrelies
on a very accurategeometricmodel of the representedbject. Radianceinformationfor grid
pointson the surfaceof the modelis storedin so-calledumisphees which representhe light
raysemittedfrom the grid point in ary direction. The strengthof this approachs its realistic
modelingof the re ectancepropertiesof the object, and even highlights are reproducedvery
well.

Apart from the abose mentionedlight eld modelsand renderingtechniquesa numberof
additional contritutions have beenpublishedon light eld representationsA comprehensie
summaryof theseapproachesanbefoundin [Vog05].

1.2.2 Image Acquisition

As explainedbefore theminimuminputof alight eld—apartfrom depthinformation—consists
of asetof imagesandthe correspondingamergarametersThesencludeintrinsic parameters,
e.g., focal length,pixel aspectratio andotherparametersvhich describetheinternalproperties
of thecameraandextrinsic parameters, e.,its positionandorientationfor eachimage,usually
referredto asits pose Thecamergarameterareintroducedn detailin Section2.1.1.Generally
therearetwo waysfor acquiringtheseparametersgitherusinga particularhardwaresetuplike a
robotarm,or exclusively from theimageshemseles.Thisis truefor theintrinsic aswell asthe
extrinsic parameters.

If the intrinsic parameterstay constantover the whole processof imageacquisition,their
estimationis oftendoneusinga calibrationpatternwith well-known geometricproperties.The
parametersan then be computedquite accuratelyusing standardcalibrationalgorithmslik e
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[Tsa87].Camerecalibrationwithout a calibrationpatternis calledself-calibration, andis useful
if thecamergparametersary duringimageacquisitionor betweerntwo recordings.The current
stateof technologyin this areais presenteagnorecomprehensily in Sectionl.2.3.

In orderto acquirethe cameraposefor eachimagein alight eld, thevariousapproaches
summarizedn the previoussectionusea numberof differenttechniquesFor thetwo-planelight
eld of [Lev96], thecameraneeddo beat certaindiscretegrid pointson a planefor eachimage.
Thereforea cameragantryis employed which allows moving the cameraon a plane,while the
camerawasequippedwith a panandtilt mountingwhich allows to keepthe objectin view. In
orderto recorda complete y-around the objectwas placedon a turntableand rotatedby 90
degrees,generatindight elds from four directions. A similar, but much more sophisticated
cameragantryis usedin [Mat02] for acquiringimagesof specularandtransparenbbjects. A
vertical arrayof six camerass mountedabove a turntable ,while an additionallyrotatingarray
of light sourcegrovidesvaryingillumination. In additionto that,monitorsbelowv andbesidethe
objectprovide so-calledenvironmentmattesZon99. Renderingof the objectsis doneusinga
point-basedenderingapproachZwi01].

Another yet more e xible hardware-basedpproachto image acquisitionis the useof a
robotarm. Here,the poseof the cameraon the tip of the armis known via the rotationof the
mechanicajoints. In medicalernvironmentsge.g., robotarmsareusedto acquirelight elds of
endoscopisugeries[Vog04 Vog06].

Insteadof one or more movable camerasthe light eld videocamern [Wil02, Wil05] is a
multi-cameraarrayof up to 100camerasvhich arecapableof recordingimagessimultaneously
The challengeof this approachis to accuratelysynchronizesucha large numberof cameras.
Althoughthe disadwantageof this setupis thatthe numberof imagesin theresultinglight eld
is restrictedto the numberof physicalcamerasit is very usefulfor generatingdynamiclight
elds, andwill thereforebetreatedin moredetailin Sectionl1.2.5. The sameapproachput on
a microscopicscale,wasusedfor the plenopticcamen [Ng05]. Here,anarrayof 296 296
microlensesvasinsertedbetweenmain lens and optical sensorof a hand-heldcamerawhich
thenactasmultiple individual camerasBesidesnoving the obsererin macrophotographyhis
techniqueallows arefocusingof theimageduring post-processing.

A lessinvolvedapproacho calculatingthe camergposeis the useof a calibrationpatternor
markerswhich arevisible throughoutthe whole imagesequenceThis methodwas chosenfor
imageacquisitionfor the rst lumigraph[Gor96]. The objectswhich werevisualizedherewere
placedin front andon top of a surfacewith specialmarkers, whosepositionsrelative to each
otherwereknown. Again, the algorithmof Tsai[Tsa87 wasusedto recover the camergpose.
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Similarly, in [Sha02]the camergoseis calculatedrom two planescarryingfour markerseach,
oneplaneis locatedbehindthe objectandatransparenbnein front of it.

Especiallyin medicalapplicationsoptical tracking systemsare beingemployed which are
basedon the sameprinciple of calibrationusingknown markers[Sal01]. For light elds from
endoscopitmagedikein [Vog06],thecamerds equippedvith a“target”, whichis recordedy
a stereocamera.Thus,the positionof the endoscopeameracanbe calculatedquite accurately
However, this techniquerequireshe calculationof a so-callechand-ge transformatiorbetween
thetargetandtheendoscopép [Tsa89 Sch04a].

All imageacquisitiontechniquesntroducedso far includedadditionalhardwareapartfrom
the cameraitself. However, it is possibleto obtain the information requiredsolely from an
imagesequencesothatno additionalhardwareis required.Thetechniquesvhich areemployed
hereare self-calibrationfor the intrinsic parameter®f the camera,and structure-from-motion
for the extrinsic ones. Approacheswhich generatea light eld usingthesetechniquesandthus
requireonly a singlehand-heldcameraaredescribedn [Koc99a Hei99a,Bue01,Hei04. Since
this work is basedon the sameconcept,namelythe useof only a single hand-heldcamerafor
light eld reconstructionthe stateof the art in this areawill be outlinedin the next section.
Neverthelesspne nal light eld acquisitionsystemintroducedn [Koc0Z shouldbenotedhere.
It constituteganintermediatesolutionbetweerthehardware-basedndsingle-cameranethodsas
it usesahand-heldnulti-cameraig thatconsistof two or morecamerasvhoseposeparameters
arecomputedusingstructure-from-maotion.

1.2.3 CameraParameter Estimation

The rst stepfor estimatingcamergparameterérom recordedmagesis the detectionof some
kind of featuresin the images,andthe establishmenbf correspondencdsetweenfeaturesin
differentimages.Thesefeaturesmaybeof differentkinds, but the mostcommononesarepoints
or lines. Thefollowing sectionsummarizesommonapproachesoncerningpointfeaturessince
they arealsothe basisfor this work. The summaryon camergparameteestimationitself is di-
videdinto approachessingdifferentfactorizatiormethodsself-calibratiormethoddgor intrinsic
camergparameteestimationandcontinuatve techniguesandling,e.g., longimagesequences
which arenot coveredby thefactorizationbasedapproaches.



12 Chapterl. Introduction

Point feature detectionand tracking

The featuredetectionalgorithmsconsideredn this thesisare generallyintensity based which
meanghatthey de ne aninterestoperatorthat considerghe intensityvaluesinsidea—usually
rectangular—window of theimage.Themostwell-known, andstill commonlyused interestop-
eratorsaarethoseby Moravec[Mor77], ForstnefFor87]andHarris[Har88. All theseapproaches
arebasedon the auto-correlatiorfunction, but while the rst oneonly regardsthe similarity of
awindow with its neighborhoodthe otheronesde ne a matrix which indicateswhethera win-
dow containsa homogeneousegion, an edgeor, ideally, a corner A surwy andevaluationof
theseandmary otherinterestoperatorcanbefoundin [SchOO0b].In recentyears the so-called
SIFT featuregLow99] have becomequite popular Theserotationand scaleinvariantfeature
vectorsarecommonlyusedin objectrecognitionor localization,but arealsoapplicablefor fea-
ture tracking. However, the featuresde ned explicitly for the task of trackingby Tomasiand
Kanadg[Tom9] areby now awell-establishedtandard Here,the bestfeaturesarethosewith
two signi cant perpendiculagradientgnsidetheir window, e.g., corners.

Having detectednterestingpoint featuresby one of the above algorithms,the next stepis
theredetectiorof eachfeaturein anothelimageor the matchingof two setsof featuredoundin
two images.Thelatteris oftendoneby handif only few imageswith few featuresareregarded,
usually for demonstratiorpurposesas, e.g., in [Men99. This methodcanbe automatizedf
a distancemeasurebetweenfeaturesis de ned andthe closestonesare matched,as donein
[Deu04] using SIFT featuresLow99]. However, this matchingtechniqueonly works well if
enoughcorrespondindeaturesaredetectedn bothimages.

The alternatve of relocatinga featurein the next imagewhich hasbeendetectedoncehas
becomewidely used especiallyfor sequencesr setsof mary images.Thebasisof mostof these
trackingtechniquess the so-calledLucas-Kanaddracker [Luc81]. Being originally intended
for imageregistration,it usesa gradientdesceniminimizationto nd the bestmatchfor each
featureindependentlyn the secondmage.The errorto be minimizedis the differencebetween
the intensity valuesin a window aroundthe featurein both images. This methodwas taken
up in [Tom91] and extendedby Shi and Tomasi[Shi94 to estimatenot only the translational
movementput alsoanaf ne deformationmatrix for the featurewindow.

Subsequentlythe algorithm experiencedmary more improvementsand modi cations. A
methodfor illumination compensationyhichwasintroducedoy HagerandBelhumeufHag98]
for objecttracking, wasincorporatedn the tracker in [Jin01] alongwith a schemefor outlier
detection.The problemof features‘drifting away” from the original overlongimagesequences
wasaddresseth [Mat03]. A considerablespeed-upvasreacheduy the so-calledinversecom-
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positionalapproad to updatingthe motion parameter$Bak01, Bak04]. Theseimprovements
were nally combinedin the real-timetracking systemof ZinReret al. [Zin04], which is used
throughouthisthesis.

Factorization-basedstructur e-from-motion

The factorization-basedpproachto structure-from-motiorwas rst introducedby Tomasiand
Kanadein [Tom93. Its basicprinciple is that a so-calledmeasuremenatrix, containingall
pointcorrespondences asetof imagesjs decomposethto the 3-D structureof thescenej. e.,
the 3-D pointsbelongingto theimagefeaturesandthe cameramotion. A detailedintroduction
to thesemethodswill begivenin Section2.2.

Following the rst publication,mary improvementsandvariationswereproposed Depend-
ing on the type of reconstructiorachiered (seeSection2.3.1),thesemethodscanbe classi ed
asafne or projective factorization. The former include the original method[Tom92, which
assumesn orthographicprojectionmodel, and the weak- and paraperspecte extensionsby
[Poe97],.which arealsoappliedin [Chr96]in orderto iteratively obtaina Euclideanreconstruc-
tion from them. Projectve reconstructionsire estimatedvy the approachof SturmandTriggs
[Stu96], andan alternatve algorithmwas given by Oliensis[Oli01]. A recursve approachfor
projective reconstructiorbasedon factorizationwaspresentedy Heydenet al. [Hey99h. It is
capableof integratingmoreandmoreimagesasthey becomeavailable. A moredetailedsum-
mary of factorizatiormethodsvasgivenin [Kan9§, including,e.g., methodusingline instead
of pointfeatures.

More recently factorizationmethodswere also regardedin a probabilisticframenork, by
eitherweightingeachfeaturedueto its reliability [Aan02,Aan03],or by modelingeachfeature
with a covariancematrix [Ana02]. Especiallyif con denceinformationfrom featuretrackingis
available,thesemethodsare capableof improving the robustnesof reconstructiorfrom noisy
data.

Self-calibration

A commonrestrictionto the factorizationmethodssummarizedbove is thatthey areonly able
to obtainthe cameramotion, but not its intrinsic parameterdike, e.g., its focal length. The
techniquesppliedfor this purposearecalledself-calibration or auto-calibration.

The rst solutionto theself-calibratiorproblemwasgivenby Faugeratal. in [Fau93 using
the Kruppaequations Thesequadraticequationsarecomputedrom the fundamentamatrix of
only two views. Althoughthe approactwasre ned subsequenthe.g., in [Zel96], it is usually



14 Chapterl. Introduction

notappliedasit is generallyconsideredo betoo sensitve to noise ,andwasfoundto fail in more
situationshanotherapproachefStu00].

Anotherapproachwhich makeslik ewise useof propertiesof the fundamentamatrix of two
views is describedn [Men99 andevaluatedin [Fus01]. Contraryto the Kruppaequationsijt
computegheintrinsic parametersf atleastthreeimagedy iterative minimizationof aresidual
function. Since,for noisy data,it is proneto terminatingin alocal minimum, severalimprove-
mentsusingglobaloptimizationwereproposedRot02,Ben03.

Basedmainly on a minimization of the back-projectionerror of reconstructe®-D points
and cameraparameterdy Levenbeg-Marquardtoptimizationis the strati ed self-calibration
approaclof Hartley [Har93]. Theideahereis to updatea projective reconstructionrst to quasi-
afne andthento metric, while assumingthat the intrinsic parametersre the samefor each
image.An alternatve updateconsideringcritical cameramotionsis givenin [Dem9§.

Triggs usesthe so-calledabsolutequadric to recover the updatematrix from projectve to
metricreconstructiofTri97]. Theadwantageof this methodis thattheintrinsic parameterso be
estimatedheednotbeconstantor all imagesasit wasshavn by Pollefeys[Pol98,Pol99 Pol04].
In [Gib02], the estimationrobustnesss increasedy a RANSAC-like technique. Theoretical
requirementgor the numberof known parameterare investigatedoy Heydenand Astrom in
[Hey97, Hey98, Hey994.

Unfortunately self-calibrationis still very sensitve to noise.Therefore mary of theauthors
in this eld proposeto usea techniquecalled bundle adjustmento re ne the resultsof self-
calibration.Bundleadjustmenbptimizes3-D pointsandcamergparameter$or a large number
of imagessimultaneouslyandis thereforea slow but robusttechniqueasit solvesan extremely
over-determinedsystemof equations.It wasoriginally developedin photogrammetrySla80],
butintroducedn computewisionin [Har93]. An extensioncalledinterleavedoundleadjustment
[Sze9§ is mostcommonlyused.

Sinceself-calibrationis animportantbut dif cult problem,mary more contributions have
beenpublishedon this topic. More extensve summarieghanthe one presentecherecanbe
foundin [Pol99 Fus00Har03].

Reconstructinglong image sequences

Image-basedhodelingusinglight elds usuallyrequiresnot only a few images but oftenlarge
setsof several hundredimages. The factorizationmethodsdescribedabove sharethe major
dravbackthatthey requireall featurepointsto bevisible in all images.Although methodsexist
to estimatethe positionof missingfeaturesby consideringconstrainton the subspacespanned
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by thefeaturedTom92 Gue02]thesearelik ely to undulyincreasdaheerrorin reconstructionf
too mary featuresarereplaced.

An alternatve approacttcommonlyusedis to startoutwith a projectively skewedreconstruc-
tion of the camergparameterdy successiely estimatingthe fundamentamatrix of imagepairs
[Har93] or the trifocal tensorof imagetriplets [Bea96],and meging the resultingsubsequence
reconstructionsSincetheerrorsmadefor eachtrifocal tensorestimatioraccumulateFitzgibbon
andZissermarFit98] proposeto evenly distributethe errorto all cameragpositionsfor the case
thatcircularcameranovementsaregiven. The approachwasfurtherimprovedby usinghierar
chicalmemging to achieve the samegoal of uniform error distribution, aswell asdifferentframe
selectionscheme$Nis00, Gib02 Sai03. Theso-calledviewpointmeshweavingby Kochetal.
[Koc99a]generatea 3-D topologyof camergositionsandthusallows meiging of subsequences
in severaldirections.

The restrictionof factorizationmethodsto shortimagesequences avoided by Heigl and
Niemannin [Hei99b], asthey combinesuccessie factorizationdy merging thusreconstructed
overlappingsubsequencesUsing factorizationas an initialization for estimatingthe camera
parametergor the remainingimagesby non-linearly minimizing the back-projectiorerror is
describedn [Hei04].

1.2.4 SceneDepth

As explainedbefore,sparselysampledight elds, thusespeciallyfree-formlight elds from
hand-heldcamerasequencesequirescenalepthinformationfor accurateendering.Calculating
depthfrom multipleimageshasbeenaveryactive eld of researclin computewisionfor almost
30years. Therefore,only a shortintroductioninto the topic will be givenwith respecto light
eld modeling.

Apart from the original light eld of Levoy, all renderingmethodsintroducedso far make
useof additionaldepthinformation. For the mostpart,especiallyfor free-formlight elds, depth
is storedasonedepthmap per input image. In the two-planecase,depthinformationis often
integratedglobally into the model,lik e in the original lumigraph,while thelight eld approach
by Isakserlsa00]usesaglobalfocal planethatcanbe adaptedlynamicallyto scenedepth.The
unstructuredumigraph[Bue01], however, usesa global 3-D meshto approximatehe complete
scenggeometry

Numerouspossibilitiesexist to calculateperimagedepthmapsfrom a sequencef images.
If, asit is doneby Heigl [Hei04], a 3-D reconstructiorof the sceneis calculatedfrom feature
correspondenceshe resulting 3-D information can be usedto infer a sparsedepth map for
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eachimage. However, if the cameraparameterare known depthcanalso be calculatedfrom
optical o w in sterecimagepairsor multiple images. Being mostly basedon the optical o w
algorithmby Horn and SchunckiHor81], mary differenttechniquesandimprovementsor the
stereocasehave beenproposedn thefollowing years.Comprehensie summariecanbe found
in [Bar94, Bea95],althoughresearchs still ongoingin this areaascanbeenseene.g., in the
scale-spacbasedapproachesdy Alvarezet al. [Alv00, Alv02]. Calculatingoptical o w from
multipleimageshasonly beeninvestigatednorerecently e.g., in [Ira99, Kan04].

Similarto Heigl, KangandSzeliskiiKan96b]Jusea 3-D reconstructiocomputedrom struc-
ture-from-motionto obtain a global 3-D scenemodelfor cylindrical panoramamages. For
arbitrarycamergpositions,several algorithmsfor meging stereodepthmapsto a global model
have beenproposedHig94, Cur96,Koc99l. If only a singleobjectis obsernedwhich canbe
reliably separatedrom the backgrounda so-calledshapefrom silhouetteapproachcanbe ap-
plied [Pot87,Den98]. Otherwise,the spacecarving [Kut99 techniqueiteratively generates
voxel volumeby checkingthe consisteng of the surfacevoxels with all images.The common
dravbackof all theseapproachess thatthey rely on a very accuratecalibrationof camerapa-
rametersn orderto generateonsistenglobaldepthinformation. 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 problemdomainincreasegrasticallyby addinganotherdi-
mensionto the parametespace only specialcaseshave beenaddressedofar. Regardingthe
renderingof light elds of moving objects,Li etal. [Li98] werethe rst to proposea solution,
albeitonly for syntheticdatasets. Here,a dynamiclight eld is assembledrom a numberof
staticsublight elds which maymove androtatefreelyin space.

A straightforvard approachto renderingdynamiclight elds of real sceness to generate
multiple staticlight elds of differenttime steps.In an examplethis was rst demonstratech
[BueO1]for the unstructuredumigraph. Here, the periodicmovementof an exampleobjectis
divided by handinto severaltime steps.The dynamictexturesapproact{DorO3a]aimsat mod-
eling the appearancef phenomenauchaswavesandsmole. In [Dor03b]the authorspropose
to usea dynamiclumigraphto modeldynamictextures,but this approachs notimplemented.

Thelight eld videocameramentionedearlier(seeSectionl.2.2),which combinesseveral
synchronizeccamerasgreatly facilitatesthe generationof dynamiclight elds. A staticlight
eld is thus generatedsereral times per second,dependingon the frame rate of the cameras
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used,andthe sequencef light elds canbeviewedlike a 3-D movie wherethe view pointcan
be choserarbitrarily [Gol02]. Similarcamerasetupsareintroducedn [O0i01, SchO0layan02].

In the casethat only a single camerais to be usedfor dynamiclight eld acquisition,one
feasibleapproachsto rstly identify the moving entitiesor regionsin thescene For the special
caseof rigid, moving objectsin anotherwisestaticsceneseveraldifferentapproachebave been
proposed.For restrictedmotion a 3-D reconstructiorcan be determinedsimultaneouslyor all
objectsin the scenej. e., for linear objectmovement[Avi99, Han00,Sha01 Han03]or object
movementalonga conic section[Sha99]. However, 3-D movementcanonly be determinedup
to scale.For arbitraryobjectmovementseveral similar methodshave beenproposedo separate
differentlymoving objectsin thescendCo0s98,Kan01aKan03,Vid04]. A 3-D reconstructions
thenobtainedfor eachobjectseparatelyThe dynamiclight elds introducedin Section4.3are
basedntheseseparationmethods.

1.3 Contrib ution of this Work

The methodsdevelopedin this thesisare basedon the work of Heigl [Hei04] and make useof
the sameimplementatiorframavork. Therefore the basicassumptionsnadehereare similar:
Usingonly onehand-helccameragnimage-basedodelof ascends generatedrom arecorded
imagesequenceThe camergparametereconstructiorfor eachimageis doneby point feature
basedstructure-from-motionwhich requiresthat the cameramovesratherslowly andthusthe
viewpoint change®nly slightly from imageto image,sothatpoint featuretrackingis possible.
No assumptions madeon the applicationdomainof the recordedimages,which meansthat
scene®f any kind shouldbe processableheit indooror outdoorscenesshowing singleobjects
or comple environments. The only requirementhereis that the scenesurface hasa certain
textureor structureo allow for thedetectiorof pointfeaturesLighting is assumedo beconstant
aschangesn illumination arenot modeledduringrendering.

Oneimportantrestrictionof Heigl's work is revokedin this thesis,whichis the constang of
the scene.Insteadof purely staticscenesgynamicscenesarenow consideredaswell, although
no generaimotionwill beallowed, but somerestrictionswill still be applied:the motion hasto
be step-wiserepetitve, or rigid.

The contribtutionsof this work canbe dividedinto threedifferentaspectsThe rst onecon-
stitutesimprovementsandnewv approachesor reconstructingstaticlight eld models,whereas
thesecondaspecis thereconstructiomndmodelingof dynamicscenedor light eld rendering,
including adaptation®f renderingtechniques.The third aspects the applicationof light eld
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modelsto other elds of patternrecognitionandimageor videoprocessing.

Static light elds. Reconstructinglight eld requiresalargenumberof processingtepsand
the combinationof mary differenttechniquesThe processinghainproposedn [Hei04] is thus
extendedby including newv approachesor featuretracking[Zin04], factorization[Chr9¢ and
depthmapestimation[Alv02]. Additionally, approache$or probabilistic[Kan01b]androbust
[Ham88 modelingof differentaspectof the reconstructiorprocessarestudied. An important
contributionis thatthelinearprocessinghainwasdecouplednddifferentpossibilitiesfor feed-
ing backinformationfrom later processingstepsto previous onesare investigated.Examples
arethe useof calibrationinformationin orderto re ne featuretracking,or the useof the nal
imagesynthesidor improving the availabledepthmaps. The extensionof existing light elds
with new imagesis partof this decouplingof the reconstructiorprocess.Finally, a methodis
proposedo generatglobal scenegeometryinformationwhich increasesenderingoerformance
signi cantly.

Consideringhesemodi cations,away to evaluatetheresultingimprovementss required.A
methodis introducedwhich allows a quantitatve measuremertf the quality of imagesendered
from astaticlight eld, andthusoffersapossibilityto comparealifferentapproacheto light eld
reconstruction.

Dynamic light elds. The major contrikution of this work regardingdynamiclight elds is
that, in contrastto the approachesnentionedin Sectionl1.2.5, only one camerais usedfor
capturingimagesof the sceneandthelight eld is reconstructedisingstructure-from-motion
approachesThe restrictionto one cameranecessitatesomeconstraintson the scenemotion.
Dependingon the reconstructiormethod,theserestrictionsare that the scenemotion is either
only step-wisepr containsonly rigid, moving objectsandrepetitve motion. If step-wisanotion
is available, reconstructiorcan be doneusingcommonstructure-from-motioralgorithms. For
rigid, moving objectsadditionalsggmentatiormethodgKan03 areapplied. In additionto the
reconstructioomethodsthe availablerenderingalgorithmsareextendedo enablethe rendering
of thedynamiclight elds.

Applications of light elds. Sincelight elds constitutemodelsof scene®r singleobjects,it
is alogical consequenct® usethemfor differentmodel-drvenapplicationsn imageprocessing.
Appearance-baseibjectlocalization,recognitionandtrackingaresomeof theareasvherelight
elds have beensuccessfullyapplied.Here,approacheareintroducedwhich eitherfacilitatethe
training stepof a recognitionandlocalizationsystemor wherelight elds areapplieddirectly
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asobjectmodels. Anotherareawherelight elds areusefultoolsis augmentedeality, which
recevedincreasingattentionin recentyears.Light elds reconstructeffrom realimagesareused
hereto augmenscenesotonly by syntheticbut realobjects.

1.4 Overview

In thefollowing, a shortoverview over the contentof this thesiswill begiven. After introducing
the problemdomainof light eld reconstructionn Chapterl, Chapter2 describeshetheoretic
foundationsof projectionmodels cameracalibrationandstructure-from-motiomlgorithmssuch
asthefactorizatiormethod.

In Chapter3, the reconstructiorprocessof staticlight elds from imagesequencess ex-
plainedin detail. After anintroductionto the reconstructiorsystemlayout, the differentpro-
cessingstepsare describedpeginning with featuretracking,the factorizationof subsequences
andthe extensionto a completeimagesequenceAdditionally, the chaptercoversthe topicsof
probabilisticapproacheandthe computationof scenegeometry The differentstepsare nally
combinedn new orderby so-callednformationfeedbacKoops.

The extensionof the approachegor staticlight eld reconstructiorto dynamicsceness
examinedn Chapte#. After de ning theadditionalrequirementor dynamiclight elds, several
differentapproacheso reconstructinghemfrom imagesequenceareintroduced.The chapter
alsodealswith theadditionalrequirementsvhichfollow for therenderingpf dynamidlight elds.

After thetheoreticadescriptionsChaptel5 presentanexperimentakvaluationof bothstatic
anddynamicapproacheso light eld reconstruction A methodfor quantitatve assessmeraf
therenderingguality is introduced.

Following the experimentsthe next chapterdescribeseveral applicationsof light elds in
augmentedeality, objectrecognitionandtracking,andmedicalervironments. The last shows
their usefulnesgspeciallyin supportingsurgeonsin minimally invasive medicine.

The last chapter nally presentsa summaryof the thesisand an outlook to possiblefuture
additionsandimprovementdo thereconstructiorsystem.
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Chapter 2
CameraParameter Estimation

As outlinedin Chapterl, alight eld is describedy a setof inputimagesaswell asknowledge
on the propertiesof the recordingcameraandits posefor eachinputimage. The aim in this

work is to estimatethe requiredcameraparametergxclusively from informationderived from

theinputimagessuchaspoint featurecorrespondenced.he approachesisedfor this purpose
are structure-from-motiorfor cameraposeestimation,and self-calibrationfor estimatingthe

internalcamergparameters.

In thefollowing chapteythebasicprinciplesof camereacalibration,suchasthemathematical
descriptionof a cameraanddifferentprojectionmodels,will beintroduced.In additionto that,
the methodsusedfor poseestimationand self-calibrationthroughoutthis contribution will be
explained, including factorizationmethodsfor simultaneouslyestimatingscenestructureand
cameramotion,andnon-linearoptimizationmethodsor camergparameteestimation.

2.1 CameracCalibration

Modern camerasare sophisticatedptical deviceswhich include, besidesone or several CCD
chips, a numberof lensesfor aberrationreduction,zoomingand focusing[SmI00]. In order
to renderthe propertiesof sucha cameramathematicallymanageablesimplifying modelshave
beenintroducedpf whichthepinholecameramodelis mostwidely usedandwill alsobeapplied
in thefollowing.

The projectionpropertiesof a cameraare describedoy differentparametersywhich canbe
separatednto the extrinsic parameters—e., the camerapose—andhe intrinsic ones,which
comprisethe internal propertiesof the camerawhich may be x edor adjustable.Thesepara-
meterswill be describedn the following. However, the moreparameteraretakeninto consid-

21
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Figure2.1: Mappingfrom world to camerecoordinatesisingarotationR andatranslatiort

eration,themoreunstableheir estimationwill be. Differentprojectionmodelsmaybeassumed
which allow for a choicein the numberof parametersThe mostimportantonesof themwill be
introducedaswell.

2.1.1 CameraParameters

Mathematicallya cameradenotesa mappingof pointsin athree-dimensionalorld coordinate
systeminto thetwo-dimensionalmage. This mappingwill bedescribedn the following for the
perspectre projectionmodel. Thesimpli ed projectionmodelswill beintroducedafterwardsin

Section2.1.2.

Cameraposeparameters

Themappingfrom world to imagecoordinatesanbe decomposethto a numberof consecutre
mappingsj. e.,mappingdo intermediatecoordinatesystemsIn practice thecameracoordinate
systemis the mostrelevantasit describedhe positionof a 3-D point relative to the cameras
position—thepositionof its optical center—andviewing directionor orientation. Positionand
orientationtogetherareusuallyreferredto asthe poseof the camera.

As shavn in Figure2.1,the transformatiorbetweenworld andcameracoordinatesystemis
givenby arotationmatrix R 2 IR® ® andatranslationvectort 2 IR3. The axesof thecamera
coordinatesystemform a right-handedsystem with the viewing directionalongthe z-axisand
theimageplaneof the camergparallelto thex- andy-axis. In relationto theimage x . pointsto
theright andy . to thebottom.Finally, thecolumnsof R areformedby thethreeaxesx ., y. and
Zc.
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Thus,a3-D pointp in world coordinatesvould betransformedo p in thecameracoordinate
systemby applyingtheequation
pe=R7(p t) : (2.1)

This equationis givenin Euclideancoordinatesput for reasonghatwill becomeapparent
later on, it is transformednto so-calledprojectve coordinates.Projectve geometryincreases
the dimensionalityof vectorsby one,which arethen calledhomaeneousvectors. For a short
summaryonthepropertieof projectve geometryreferto [Hei0O4]. A moredetailedintroduction
is givenin [Har03]. In the following, homogeneousectorswill be indicatedby underlining.
Here, using homogeneousoordinategor the point p in world coordinatesandgC in camera
coordinatesespectrely, the mappingcanbe rewritten asa matrix multiplication

RT Rt
p .= p (2.2)

It shouldbe notedherethat throughoutthe literaturethe rotationmatrix R is constructed
in two differentways. In [FauOl]and[Har03], e.g., R is composedrom X ¢, Y. andz. asits
row vectors. The adwantageof this representatiois thatin equationg2.1)and(2.2)R " canbe
substitutedby R . However, in this representatio® would not denotea rotationof the camera
but of the 3-D sceneinstead. Therefore the moreintuitive representationvas chosenfor this
work whereR is composeaf thecameracoordinateaxesasits columnvectors thusdenotinga
rotationof thecameratself.

Intrinsic parameters

From cameracoordinatesa 3-D pointis mappednto the coordinatesystemof the imageby a
perspectie projection.Usinghomogeneousoordinatesgain,this mappingcanbe written asa
linearprojectionmatrix. The entriesof this matrix arecalledthe intrinsic camergparameterss
they denotethephysicalpropertiesof thecameratself. The perspectie projectionintroducedn
thefollowing is alreadya simpli cation of thetrue behaior of arealcameralput it is sufcient
for mostimageprocessin@pplications However, furthersimpli ed projectionmodelsareoften
requiredandwill begivenin Section2.1.2.

The geometricmodelusuallyassumedor perspectie projectionis the pinholecamera.As
shavn in Figure2.2,a 3-D point p. in cameracoordinatess projectedalonga line throughthe
cameracentermwhich correspondso theorigin of thecameracoordinatesystem.Theintersection
with theimageplaneyieldsthe 2-D pointq,, in imagecoordinatesTheimageplaneis assumed
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Figure2.2: The pinholecameramodel. The 3-D point p. in cameracoordinatess projectedalongaline
throughthe cameracenterinto theimageplane.

to be parallelto the planespannedy the x- andy-axis of the cameracoordinatesystemat a
distancd , thefocallength. Thez-axisof thecameracoordinatesystemis alsocalledthe optical
axisandintersectgsheimageplaneat the principal point.
For the pinholemodel,the projectionof apoint p. is givenby
!
f Pe1

- 2.3
b5 Do (2.3)

Om

with pc = (Pc1; Pez; pcg)T. This meansthatthe fartherp. is away from the imageplanealong
the opticalaxis,the closerits projectionwill beto theprincipalpointin theimage.Ontheother
hand thelargerthefocallengthf , thefartherthe projectionwill befrom theimagecenter

As indicatedbefore homogeneousoordinategetimportantheresincethis non-linearequa-
tion becomes linearonewhenthey areused,andcanbewritten asa matrix equation:

1
f 00O
ﬂm:%}O f 0 Oggc : (2.4)
0010

Theabove equationgleterminghe mappingof 3-D pointsontotheimageplane whichis de ned
by z. = f. In reality, this planeis wherethe CCD sensorof the camerais situated,andthe
mappingto the actualsensorcoordinatess given by additionalparameters.The elementsof
the sensorareassumedo be placedon a regulargrid with their positionbeingde ned by their
centersasshown in Figure2.3. Theorigin o of thegrid is situatedn its upperleft corner with
the axesdenotedby us andvs. The size of onegrid element,i. e., one pixel, is given by dy
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Figure2.3: Con guration of the sensorandimagecoordinatesystem. The solid grid connectghe mid-
pointsof the sensorelementsvhosebordersaremarked by dottedlines. Figureby courtesyof B. Heigl
[Hei04].

horizontallyandd, vertically. Thus,if us = (dy; 0)", vs computego
!
tan(; )dy

q, ; (2.5)

Vs

with  beingtheangleenclosedy us andvs. The principal point, denotedby 0, in Figure2.3
cannow beexpressedn sensoicoordinatedy

u ' 1 tan(z ) '
pp —_ X X .

- ( 0) : (2.6)
pp dy

Includingthe new parameterin the mappingintroducedin equation(2.4), the projectionof
a3-D pointBC in camereacoordinateso animagepointq in sensoicoordinatess now givenby

0 (I_X ftar(\j)((g ) Upp 0 1
=@ 0 & vy 0Kp, : 2.7)
0 0 1 O

For corvenience,someof the parametersre combined,i.e., fy = f=d, andf, = f=d,
arethe effective focal lengthin horizontalandvertical direction,andthe skew of the sensor
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coordinateaxesis de ned as
f tan(5 )

d
For the camerasusuallyusedin computervision, the axesof the sensomgrid canbe assumedo

(2.8)

beorthogonalthus would becomeD. In fact,for the self-calibrationalgorithmsintroducedin
Section2.3thisis evenarequirement.

In additionto the intrinsic parametersntroducedup to now, a real projectionsystemmay
containmary more distortionswhich canbe modeledaswell. The parametergor correcting
radial or tangentialdistortionsareobtainedby usinga calibrationpatternwith known world co-
ordinatesof its features.A standardalgorithmfor this problemwasgivenby Tsaiin [Tsa87].
However, the goal of this work is to estimatethe cameraparametersvithout sucha calibra-
tion pattern.Self-calibrationalgorithmsaresofar unableto obtainthesedistortioncoefcients,
thereforethey will notbeintroducedherein moredetail.

The projection matrix

Theleft 3 3 submatrixof the projectionof equation(2.7) is calledthe calibration matrix and
isde nedas 0 1
fy Upp
K=B0 f v X : (2.9)
0 0 1
It mapsanon-homogeneoysointp. in cameracoordinateso ahomogeneoupoint( in sensor
coordinatesUsing equation(2.1), the completeprojectionof a 3-D world pointto animageis

thusgiven:
q=KR"(p t) : (2.10)

Finally, by usinghomogeneousoordinatesgain,the mappingfrom world to sensorcoordi-
natess rewritten as
q=KR" (g3 t)p=Pp : (2.11)

Extrinsic andintrinsic parametersare thus combinedin a single matrix P which is calledthe
projectionmatrix.

2.1.2 Projection Models

Thepinholecameramodelintroducedn the previoussectionis anapproximatiorof the projec-
tion propertiesof arealcamera.Neverthelessthe estimationof its parameterss still comple,
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cameraenter opticalaxis

imageplane

Figure2.4: Projectionof a 3-D pointwith differentprojectionmodels.The dashedine shavs perspectie
projection, the dottedline the projectionof the centerof gravity pgy. The solid lines denote(1) ortho-
graphic,(2) weak-perspecte and(3) paraperspeacte projection.

andfurther simpli cations lik ewise simplify the parameteestimation,althoughat the expense
of decreasedccurag.

The projectionof a pointfrom camerao imagecoordinatesloneby equation(2.4)is called
perspectie projection.Otherprojectionmodelsareorthographicyeak-perspecte andparaper
spectve projection,althoughmary moremodelsexist. They areof importancean this work and
will bediscussedn thefollowing. A comparisorof theseprojectionmodelsis shovn in Figure
2.4,

Orthographic projection

Orthographicprojection—alsacalled parallel projection—isthe mostbasictype of projection.
It transformsequation(2.3), the projectionof a pointp. in cameracoordinateso imagecoordi-
natesjo the simpleform !
On= P (2.12)
Pc2

In otherwords, the z-coordinate,or depth, of the 3-D point is ignoredand the point is thus
projectedoarallelto the cameras opticalaxisontotheimageplane.Orthographigrojectionis a
specialcaseof perspectie projectionasit assumeshatf ! 1 andpg ! 1 . Theprojection
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matrix of equation(2.4) thuschangeso

Kp, (2.13)

o]
1
o O -
o - O
o O O
R O O
[

Weak-perspectve projection

Weak-perspeote projectionis essentiallya combinationof the orthographiandthe perspectie
projectionmodel. As showvn in Figure2.4,a 3-D pointis rst projectedorthographicallyonto
a planeparallelto the imageplanethroughthe centerof gravity of all 3-D points,followed by
a perspectie projectiononto the imageplane. This perspectie projectioncorrespondgo an
isotropicscaling,thereforethis projectionis alsocalledscaled-orthgraphic

For theweak-perspecte case gquation(2.3) for projectinga pointin cameracoordinatess

modi ed to I
f Pc1

= (2.14)
Pg3  Pe2

Om

Usingthe z-componenpy; of the centerof gravity pyg, i. €., its distancefrom the centerof pro-
jectionalongthe optical axis, insteadof the true depthof the 3-D pointp., treatsevery point as
having the samedepthandthusbeingprojectedontothe sameplaneperpendiculato the optical
axis. In matrix notation,the projectionis written as

q

—m

f 00 O
:Ea}o f 0 O XBC ; (2.15)
0 0 0 pg

Sincethis projectionis only anapproximatiorto therealprojection,it is only valid undercer
tainconditions.In thiscaseijt is requiredthattherelatve depthdifferencebetweerthe 3-D points
in the scenas at least20 timessmallerthantheir averagedistancefrom the camergTru98]. A
sunwey of theerrorsmadeby weak-perspecte approximatiorcanbefoundin [Hei04].

Again,theliteraturedoesnotagreeaboutthedistinctionof projectionmodels.While [Tru9g
and[FauO1l]describenveak-perspeote andscaled-orthographigrojectionasbeingthe samejn
[Har03]they arenot. There for weak-perspecte projectionthefocallengthis differentin x and
y direction,while for scaled-orthographiprojectionthereis only onefocal lengthf .
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Paraperspective projection

Thelastprojectionmodelintroducedhereis the paraperspeate projection,which is evenmore
accurateghanthe precedingone. It was rst proposedn [Oht81] and nally namedin [Alo90].
Thedifferenceto weak-perspeacte projectionis that 3-D pointsarenot projectedparallelto the
optical axis onto the planethroughpg, but parallelto the line connectingpy andthe camera
center Theeffectis againdepictedn Figure2.4.

The projectionp? of a pointp. ontothe planethroughpg is givenby

p(c): Pc Mpgz Pc  bpg
Pg3

(2.16)

with b= (pis  Pg3)=Rys. Modifying equation(2.14)accordingly p. is projectedto theimage
planeby !
=1 P PR (2.17)
Pz P2 bpe

Again, this projectioncanbe givenin matrix notationaswell, i. e.,
gm=?cp0f 0 f bpﬂ&gc : (2.18)
0 0O Pg3

The advantageof paraperspeate projectionover the weak-perspecte oneis thatnow ob-
jectsin thescenewith alarge depthdifferencecanbe modeledaswell, i. e.,theerrorinducedby
suchacon gurationis less.

The simpli ed projectionmodelsintroducedso far are summarizedunderthe term af ne
projectionmodels sincethe projectionmatriceswhich canbescaledarbitrarily, aregenerallyof
theform I

At
P = ; 2.19
0,7 1 (2.19)

whereA is anarbitrary2 3 matrixandt atranslationvector

Perspective projection

As statedbefore theprojectionmodelsintroducedabove areapproximation®f perspectie pro-
jection,whichis thecorrectprojectionfor thepinholecameramodel. Oneof theirmostimportant
adwantagess thatthey aredescribedy linear projectionequationsasseenin equationg2.12),
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Figure2.5: Epipolargeometry:givena point g in the left image, its correspondingpoint g°in the right
imageis locatedsomavherealongthe epipolarline |  sincethe positionof the correspondingvorld point
p is undetermined.

(2.14),and(2.17).Equation(2.3)for perspectie projectionon the otherhandis non-linearsince
pcs is foundin thedenominatarParameteestimations thusmuchmoredif cult for perspectie
projection,aswill becomeapparentn Section2.2.

2.1.3 Epipolar Geometry

An importantrst stepto 3-D reconstructiorior mary applicationgs to obtaininformationabout
therelationshipbetweentwo imagesor therecordingcamerasespectiely. This relationshipis
describedy the so-calledepipolargeometrywhich offersananswerto thefollowing question:
Giventwo images.their projectionmatrices,anda point g in the rst image,whatcanbe said
aboutits correspondingpoint q°in the secondmage?

The problemis illustratedin Figure2.5. A point q in one imageandits cameracenter
de ne aray on which the obsened 3-D point p is located. The depthof this 3-D point cannot
be determinedrom oneimagealone,thereforets projectioninto the otherimage,q® may be
anywherealongaline 1° Thisline, calledthe epipolarline, is de ned by theintersectiorof the
imageplanewith aplanewhichis spannedby thetwo cameracentersandtheimagepointq. Such
aplaneis calledanepipolarplane All possibleepipolarplanesform a pencil of planesaround
theline betweerthe two cameracentersthe baselineof the stereasystem.The intersection®f
this line with the two imageplanesare calledthe two epipolese ande® of the stereosystem.
Every epipolarline passeshroughthe epipolein its respectie image.

Therelationshipbetweeranimagepointin oneimageandthecorrespondingpipolarline in
theotherimageis describedy thefundamentamatrix F , whichis valid for any suchpoint-line
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pair. F isa3 3 matrixwith arbitraryscalingandrank 2, which meanghatit has7 degreesof
freedom.For ahomogeneoupointg, theepipolarline 1%is thuscalculatedhs

1°=Fq (2.20)
Consequentlyfor correspondingpointsin two imagesthefollowing equationis valid:
a”Fg=0 : (2.21)

Consideringequation(2.21)andthefactthatF hasonly sevendegreesof freedom|t canbe
showvn thatF canbe computedwith a minimumof sevenpoint correspondencesiowever, the
mostcommonway to estimate- is to solve anoverdeterminedystemof equationswith atleast
eightpoint correspondencassingthe normalized3-point-algorithm[Har97]. It is describedn
detailin [Har03],alongwith severalmoresophisticateanethodsaswell asits computatiorfrom
two projectionmatrices.

2.2 Factorization Methods

As pointedout before, it is not the goal of this work to computethe parameter®f a camera
usingcalibrationpatternsor mechanicatlevices. In fact, theintrinsicandmotion parametersf
acameraareto be estimatedrom the contentof therecordedmagesthemseles. A usefultool
to achieve this arethe so-calledfactorizationmethodswhich were rst proposedn [Tom93,
assumingrthographigrojection.Overtime, thesemethodsvereadaptedo ever moreaccurate
projectionmodels.A descriptionof the method,aswell assomeof its variations,will be given
in thefollowing. An extensve summaryof factorizatiormethodscanbefoundin [Kan9§.
Factorizationmethodsrequire that point correspondenceare available for the image se-
guencein consideration.The detectionof point featuresandtheir tracking over animagese-
guencewill be addresseth Section3.2. GivenN pointfeaturesgs, obseredin all F frames
of animagesequenceall factorizationmethodsmake useof a measuementmatrix W , which
containsall gs , stacledoneabove another For all af ne projectionmodels W is givenas

0 1
J11 Q12 gin

W = % da Gz G gz R* N . (2.22)

dr1 Qr2 arnN
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In caseof the perspecitie factorizationmethodhomogeneousoordinatesreusedinstead.The
following detailsapplyfor af ne projectionsonly, i. e.,orthographicweak-andparaperspeacte.
The perspectie factorizationmethodconstitutesa specialcasewherethe approachs slightly
different. Thedifferenceswill be explainedin Section2.2.3.

For the afne casesW is preprocesseéurther The origin of the world referenceframe
is shiftedto the centroidof the scenepointsp,, of eachimagef , correspondindo the feature
pointsqs,. In afne projection,the centroidof the world pointsis projectedto the centroidof
thefeaturepointsin eachimage.Thereforejt is computedor eachimageas

__ X
t=N 9o (2.23)
n=1
Eachfeaturepointis thusshiftedto
&n=0rn T (2.24)

@  is calledaregisteredimagepoint, andtheregistered measuementmatrix W is constructed
from themanalogouslyto W in (2.22).

After this transformationtheentriesgs , in 1 aregeneratedby a simpleprojection

@n= Rig, ; (2.25)

whereR¢ isa2 3rotationandprojectionmatrix. Thus,if all matricesR ¢ arestacledupon
eachotherin amatrix , andall 3-D pointsconcatenateth a matrix , all entriesin W are
computedogetheras

W = : (2.26)

Matrix is calledthe shapeof the scenewhile  describegshe motionof the camerafor the
imagesequence.

Themainideaof all factorizatiormethodss that v canbedecomposedahto its components

and asit is highly rank-de cientby constructionFor all af ne modelssuchasorthographic,
weak-andparaperspeateprojection, 2 IR* %and 2 R® N Thereforefv canbeatmost
of rank 3.

In reality, ¥v is constructedrom pointswhich were extractedfrom the imagesequencéy
featuretrackingandarethusnoisy Dueto thisnoise,its rankwill notbethreeexactly. A decom-
positionis thereforecomputedusingsingularvalue decompositionSVD). For anintroduction
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to singularvaluedecompositiorseethe appendixof [Hei04] or referto [Pre93].1t yields
W = Udiag(s;; sy iisn)V T (2.27)

wherethesingularvaluess,, aresortedin decreasingrder If W wereof rankthree thesingular
valuess; would bezerofor i > 3. Sincethisis usuallynotthe caseonly the rst threesingular
valuesare considerecand the restare discarded. Estimatesof and , P and P, arethus
computedoy

b = U%iags; sz 83)"
b = diag(s;sp;55)2V " : (2.28)

whereU %andV °arethe rst threecolumnsof U andV respectiely.
Thisfactorizatiorof W is notunique sincefor ary invertible3 3 matrixQ, thefactorization

W = (PQ)(Q *Db) (2.29)

is alsovalid. Therefore,Q hasto be estimatedaswell in orderto geta uniquedecomposition.
Theadditionalconstraintsequiredfor thecomputatiorof Q differ for eachprojectionmodeland
will be introducedin the respectre subsection.Note that the correctfactorizationcanonly be
obtainedup to anunknown similarity transformationywhich meanghatthe posesof the camera
in theworld referencdramearealwaysunknown.

Thefactorizatiormethodfor perspectie projectionis substantiallymoredif cult thanfor the
afne caseslt will bediscussedn Section2.2.3.

2.2.1 Orthographic Factorization

For orthographigorojection,additionalconstraintdor estimatinga uniquesolutionfor b andb
canbederivedfrom therotationmatrixestimatedbf , whichform b If bx., andbx ., denotethe
two rows of R, Q hasto ful Il thefollowing conditionssothatR ¢ formsthe uppertwo rows
of arotationmatrix:

b 1QQThH., =1 ;
bf;ZQQbeT;z =1 ; (2.30)
b 1QQTh, =0
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Thismeanghattherowsof R haveto have unit normandthatthey areorthogonato eachother
Theseconstraintsare calledmetric constaints sincethe resultingreconstructions thenunique
upto arotation,atranslationandscaling(cf. Section2.3.1). They yield 3F equationsvhichcan
be solvedfor theentriesof Q. Theresultis usedto compute = bQ and =Q ! b which
yields a solutionthatis uniqueup to anarbitraryrotation. Usually, this ambiguityis solved by
settingtherotationof the rst cameraequalto therotationof theworld coordinatesystem.

only containsthe rotationalelementof cameramotion. The translationfor eachframe
parallelto theimageplaneis givenby the motionof the point centroidq; . Notethatthe motion
along the optical axis of the cameracannotbe recovereddue to the orthographicprojection
model.

2.2.2 Weak-and Paraperspectve Factorization

The weak-perspecte and paraperspeate extensionsof the original factorizationmethodare
both introducedin [Poe97. In the weak-pespectivecase,the projectionof a registeredscene
pointto animagefeatureof equation(2.25)is extendedto

; !
Gn= "5 O Rip= R : (2.31)
fn 0 ot fﬂn fﬂn- .
Pr:3

Constraintsfor estimatingQ and thus a unique solution are similar to thosein equations
(2.30).For therowsof R?, r ., andr?.,, it is known that

0 .,0T f2 0 ,0T f?
falfia v Tiolfs = — (2.32)

Sincetheratio of focallengthanddistanceof theobjectcentroidto theopticalcenterf 2=p; 42, is
unknavn, the equationsaresetequalto form the rst constraint.The secondconstraintis again
derived from the requirementhat the rows of R be orthogonal. In orderto prevent thatthe
trivial solutionQ = 0 is chosenthelastconstrainis that,withoutlossof generalitykr .,k = 1.
Thus,themetricconstraintdor weak-perspeote factorizationcanbe summarizedsfollows:

bfo;lQQbeo;lT = bfo;ZQQbeO;ZT ;
bfo;lQQbeO;ZT =0 ; (233)
bfl);lQQTbg;lT =1
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After updating and usingQ, therotationfor eachframeis computedas

bfo;l = o ; bfo;Z = o . (234)

Unlike in the orthographiccase the distanceof the objectalongthe optical axis, p; .3, cannow
be computedrom equationg2.32). Sincetheresultingvaluemay differ for the two equations,
the averageof thetwo is usedto calculatep; .; as

1 1 1

T — + _
Pa® 2 krok " koK (2.39)

If thefocallengthof thecameras unknawn it is oftensetto 1. However, thisresultsin a severe
distortionof the nal reconstructionThereforejt is advisableo eitherestimatehefocal length
using the self-calibrationalgorithm basedon the essentiaimatrix introducedlater in Section
2.3.2,0r to useanapproximatevaluewhichis closeto the correctoneandto optionallyperform
the self-calibrationbasedn the absolutequadricafterwards.

For the paraperspectivecasethe metric constraintsaremore sophisticatedAs describedn
Section2.1.2,pointsarenow projectedontoaplaneparallelto theimageplanethroughp 4 along
theline connectingoy andthe cameracenter Of pg, the projectioninto eachimageq; is known.
Accordingly, equation(2.32)is extendedo

2 2R2 2 2Rr2
A 230
o r)f;32 o r)f;32
Again, thesetwo equationsaresetto equalityto form the rst constraintj. e.
reara’ _oripriy’ o f2
= 2= (2.37)
1+ pf;l 1+ pf;2 pf;32
Thesecondconstrainis formedby ananglerelationshipof r 7% andr 7%, whichis
f 2P, 1P
roopoor = L PP (2.38)

bf ;32

Sincef 2=p; 42 is still unknawn, it is substitutecby the meanof the two possiblevaluesgiven
in equation(2.37)—analogouslyo equation(2.35). The third constraintis the sameasin the
weak-perspeotk casej. e.kr 29k = 1. In orderto calculateQ, equationg2.37)and(2.38)are
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againreformulatedo

091QQ T be%_T O,OZQQ T be;OZT _

— - 0 ; (2.39)

1+ pf2;1 1+ pf2;2 |

00 TO0T _ bf;lbf 2 o;olQQbeo;olT O;OZQQbeO;OZT
;lQQ bf;Z - 2 1+ F_)fz;l + 1+ bfz;z (240)

Thethird constrainis the sameasin equation(2.33).

Computingthe camerarotationsafter correcting  with Q is similar, but someavhat more
complicatedasin theweak-perspeote case.For a detaileddescriptionthe readeris referredto
[Poe97].

2.2.3 Perspectve Factorization Methods

Thefactorizationrmethodsexplainedin Sections2.2.1and2.2.2areall basedon the assumption
of an afne projectionmechanismnamelyorthographicweak-or paraperspeate projection.
While they aremathematicallyeasyto handle their commondravbackis thataf ne projection
is only an approximationto the more accurateperspectie projectionof the pinhole camera.
Therefore two factorizationmethodsbasedon the assumptiorof perspectie projectionwill be
introducedn thefollowing.

Perspective factorization by Sturm and Triggs

Thefactorizationrmethodby SturmandTriggs[Stu96]is a straightforvardapproacho perspec
tive factorization.Considerthe projectionof a homogeneou8-D pointinto animagegivenin
equation(2.11). Sinceq andp aregivenin homogeneousoordinatestheir scalingis arbitrary
for eachindividual point. However, combinedn ameasurememhatrix, only thescalingfor each
imageandeach3-D pointrespectrely remainsarbitrary The scalingfor each2-D pointis then
x edandhasto begivenin the projectionequation.Thus,equation(2.11)hasto be extendedto

fngfn = Pan . (241)

¢ n is calledthe projectivedepthof pointn in imagef .

Theprojectve measuremenmatrixW , 2 IR¥ M is now constructegimilarly to (2.22),but
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incorporatingthe projective depthsandusinghomogeneousoordinates:

0 1 O 1
11911 12012 1N JaN P
21021 22022 2N g2 P>
Wp = % — — . — % = % : E Bl;Ez; ;EN . (2.42)
F1i0F1  F2QF2 FNOFN Pr

Thus,by constructionthe measurememnatrix hasrank4 insteadof rank 3 asin theaf ne case.
Priorto proceedingo theactualfactorizationthequestiorhasto besolvedhow theprojective
depthscanbe calculated.A fairly simplesolutionis to rst estimatethe fundamentamatrices
F i (seeSection2.1.3)for all pairsof consecutieimages andj. Therespectre epipolein the
rst imageof apairis denotedy g; . Next, thefollowing equatioris usedto relatetheprojectve
depthsof onepointp, in images and; :
(& ain) (Fjqn)

o= : 2.43
in kgij gin K2 in ( )

Theprojectve depthdor eachpointin all imagesarethuscalculatedpairwisefor all consecutie
imagepairs,startingeachtime with ,, = 1. Derivationsof the above relationcanbe foundin
[Stu96]and[Hei04].

As statedbefore,the projective depthsof each3-D point, which corresponds$o a columnin
W, andfor eachimage,a triplet of rows in W ,, may be scaledarbitrarily. This hasonly an
effectonthescalingof thecorresponding-D pointp, or theprojectionmatrix P ¢, respectiely.
In orderto preventthatthe size of the projective depthsdiffers considerablyandthusleadsto
numericalinstabilities,the measuremenmatrix is weightedbeforefactorization. Hereby each
columnof W, andeachtriplet of rows of W, is rescaledso thatits normis equalto one. If
necessartherescalingstepsarerepeatedintil theentriesin W , do notchangesigni cantly ary
more. A considerablemprovementcanalsobe achieedif the coordinate®f theimagepoints
are normalizedaccordingto [Har97], i. e., the point coordinatesn eachimageare shiftedand
scaledsuchthattheir meanis theorigin of thecoordinatesystemandtheir averagedistancdrom
theorigin is P 2.

Having doneall thesepreparationsyV , can nally befactorizedasin equationg2.27)and
(2.28),but consideringhattherankof W, is now 4. Like in theaf ne casethedecomposition
of W, into P, and P, is not unique,but thereexistsa 4 4 projective transformatiormatrix
Qp, analogouslyto equation(2.29), which also leadsto a valid solution, prp andQ, ! bp.
However, unlike in the af ne case,no constraintsxist to calculatethe correcttransformation
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Qp, sothatasubsequergelf-calibrationstepasdescribedn the Section2.3is necessary

Onedrawvbackof the above strategy for calculatingthe projective depthsis thatit is prone
to erroraccumulatioror propagatiorin the pair-wise fundamentamatrix computationsThere-
fore, Heigl [Hei04] proposego usethe depthof 3-D pointscalculatedby a precedingwveak-or
paraperspeate factorization.The projectve depthsthencorrespondo the distanceof the 3-D
pointsalongthe optical axisfrom the projectioncenterof thecamera.

Iterati ve factorization by Christy and Horaud

Theideabehindthe iterative factorizationby Christy andHoraud[Chr96]is to performone of
theaf ne factorizationof Section2.2.2in eachiterationandto graduallyadaptthe 2-D image
featureso nally t to aperspectie projection.In principle,ary afne reconstructioormethod
canbe used.However, the algorithmis shavn hereonly for anunderlyingparaperspeate fac-
torization,while it workssimilarly for theweak-perspecte factorization.In [Chr94], the useof
furtheraf ne reconstructioomethodss showvn.

Assumingthat the intrinsic cameraparametersfocal length and principal point, for each
cameraareknown, theimagepointsq areusedin thefollowing in cameracoordinates:

x,= &_te (2.44)

yo= 2 Yo (2.45)

Consideringhow the transformatiorof a pointin world coordinatesnto cameracoordinategcf.
equation(2.1)) andits projectionto imagepoints,x. andy. aregivenas

ryTp+t
x= LPT (2.46)
rs'p+ts
ra'p+ts
=_<<rF < . 2.47
yC r3Tp+ t3 ( )

Thevectorsr; denotethe columnsof rotationmatrix R in equation(2.1),t; the elementf the
translationvectort.

In orderto simplify theseequationspoth numeratoranddenominatowon the right sideare
divided by t3, andthe following termsarecombined:i = r,"=t3, j = ry =t3, Xg = t;=t3
andy, = t,=t; asthe projectionof the cameracoordinatecentey and nally = (r;'p)=ts.
However, in the following only the equationdor the projectionin x-coordinateswill be given,
sincethe equationsare formed analogouslyfor the y-direction. With thesenewv denotations,
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equation(2.46)for perspectie projectionchangedo

ip + Xo

(2.48)

In this notation,thelinear, paraperspeacte approximatiorto perspectie projectiononly dif-
fersin theuseof . If theobjectis relatively faraway from thecamerai. e.,t3 is largecompared
to (r3' p), thefollowing rst-order approximatiorcanbe applied:

1
1+

1 : (2.49)
Thus,theequationfor paraperspeate projectionis
Xe (ip+Xx)L ) ip+Xo Xo =Xp ; (2.50)

wherethetermip is ngglected. By solving the right-hand,paraperspeate part of the equa-
tion for ip andinsertingthe resultinto the original, perspectie equation(2.48),a relationship
betweerperspectie andparaperspeate projectionis foundas

Xp=Xc(1+ ) Xo (2.51)

Consideringx., andanalogouslyy., asthe perspectie projectionsof a world point p, and
Xc(1+ ) Xo andy.(1+ ) Yy, astheparaperspedcte projectionof thesameworld point,the
problemof perspectie reconstructiortannow bereformulatedasincrementallynding suitable

¢ n for theprojectionsof N world pointsin F imagesby paraperspeate reconstructionsThese
reconstructionsre performedby paraperspeate factorizationaccordingto Section2.2.2. A
modi ed measurememnmhatrix W cy is usedwheretheentriesqs , aregivenas

(Xetn  Xor )L+ n)
"o | | : 252
o (Yeitn  Yor)A + ¢n) ( )

The nal iterative algorithmis summarizedn Figure2.6. For the rst iteration,the ;, are
initialized with zero,whichis equwvalentto usingtheoriginal, unalteredmagepointcoordinates.
In eachiterationstep, W ¢ is built usingthe entriesgivenin equation(2.52) andthe current

fn. The metric resultsof a paraperspeate factorizationare then usedto estimatethe new
setof ¢,, thusalteringthe imagecoordinatesf the projectedfeaturepoints. The algorithm
hascorvegedwhenthe ¢, do not changeanymore. The resultingimagefeaturesyield the
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Initialize © = 0o,with1 f F,1 n N

fn

SetupW ¢ usingthecurrent ") for eachentryin equation(2.52)

Performparaperspeate factorizationaccordingto Section2.2.2usingW cy®"
(+D)

Estimatenew ¢,
UNTIL 8f;n: 0 0

Figure2.6: Theiterative factorizationalgorithmby ChristyandHoraud

perspectie reconstructiorof camergparameterand3-D point positionsafterthe applicationof
aparaperspeate factorizationto them.

Like the other factorizationmethodsintroducedin this section,the iterative factorization
likewiseyieldsareconstructiorwhichis only uniqueup to a projectve transformationf wrong
internalparametersreused. The next sectionwill give anintroductioninto the differenttypes
of reconstructionpossibleandhow theirambiguitiescanberesohedusingself-calibration.

2.3 CameraSelf-Calibration

Cameraself-calibrationwhich is alsooften calledauto-calibrationdenoteghe processof esti-
matingthe internal parameter®f a camerasolely from cuesin imageswhich weretaken with
this cameraandwhich shaw, above all, no speciaimarkerssuchasacalibrationpatternsin other
words,the calibrationof the cameras doneon the y while recordinga naturalsceneandnot,
asis oftendone,beforethe actualutilization of the camera.On the otherhand,self-calibration
doesnotincludethe estimationof the externalparametersf amoving camerawhichis usually
referredto asposeestimationandwasalreadyintroducedn the previoussections.

A shortoverview over differentself-calibrationmethodswvasalreadygivenin Sectionl.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 camergposereconstructiorirom two or moreimagesdescribedn the previ-
oussection suchasthefundamentammatrix andthe variousfactorizatiormethodsareonly able
to solve the problemup to a certainambiguity In generaljf a projectionmatrix P ; is foundfor
someimage, it is not a uniquesolution, but therealwaysexists a transformatiormatrix D , so
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Type Ambiguity Example DOF PresewvedProperties

15 crossratio, tangeny, inter
sectioncollinearity

Af ne OAT tl ﬂ 12 parallelism, centroids, area
3 ratio, volumeratio, planeat

Projectve )'(A‘T

in nity m,

Metric 7 angles, relatve distances,

absoluteconic C,, absolute
quadricQ 5

6 absolute distances, area,
volume

Euclidean

Table2.1: The mostimportanttypesof transformationsn 3-D reconstructiofPol99 Fau0l Har03:
Fromprojective to Euclideanthedegreesof freedom(DOF) decreasavhile morepropertiesarepresered.
For eachtransformationthe propertiesof the precedingone arepresered aswell. The elementf the
ambiguitymatricesgivenin the secondcolumnhave to be chosensuchthatthe completematrix is still
invertible andarede ned asfollows: A 2 IR® 2 is anarbitrarymatrix, x 2 IR® is anarbitraryvector
X 2 IR isanarbitraryscalavalue;R 2 IR® 3isarotationmatrix,t 2 IR3 atranslationvector ands 2 IR
is anon-zeroscalefactor Tableandimagesby courtesyof J. Schmidt{Sch04.

thatfor the projectionof a 3-D pointp,, into imagei thefollowing equationholds:
Qin = Pipn= (PD)(D ‘'pn) : (2.53)

The structureof D dependsn the algorithmusedto estimatethe projectionmatrix. In the
mostgeneralcasethe4 4 matrix D has15 degreesof freedom(DOF) andthusconstitutesa
projectie transformation An examplefor suchareconstructions generatedby the perspectie
factorizationmethodin Section2.2.3. The effect of this ambiguityis thatthe reconstructions
severelyskewed—infact,only few of the propertiesof a scenearepresered,asshavnin Table
2.1—andfurtherprocessings necessaryespeciallyfor applicationsn light eld rendering.

Thedegreesof freedomof thetransformatiormatrix canbereducedy assumingomeprop-
ertiesof the sceneor the recordingcamera. Thus, the reconstructioncan be upgradedfrom
projectve to af ne andmetric. In the processmoreinformationabouttheintrinsic camerapa-
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rametersareacquiredaswell. Thisupgrades the resultof self-calibrationandwill be detailed
in the next section. Table 2.1 summarizeghe propertiesof the transformatiormatrix D for
differenttypesof reconstruction.

However, evenif intrinsic cameraparametersre known or canbe estimatedoy self-cali-
bration,the ambiguity canonly be reducedto a metric transformationj. e., a similarity trans-
formationconsistingof rotation,translationandscale. A Euclideanreconstructiorcanonly be
achievedif atleastonedistancan thescends known.

More detailedsurweys of thepossibletypesof reconstructiortanbefoundin thepublications
of Hartley [Har03], FaugeragFauOl]andPollefeys [Pol99]. Oneissuethat frequentlycauses
someconfusionis thatthetermsmetricandEuclideanreconstructiormrenot usedconsistentlyn
theliterature.Thedenotatiorchoserhere,i. e.,thata Euclidearnreconstructions uniqueonly up
to a Euclideantransformationis consistentvith thedenotatiorin [Har03, [Pol99 and[Sch06],
wheread-augerasisesthereversedenotation.

2.3.2 Self-Calibration Methods

In Section2.2.3it was statedthat after a perspectie factorization,the reconstructiorof cam-
eraparameterand 3-D pointsis only given up to a projective transformatiorD . Af ne fac-
torizationmethodsrequirethe knowledgeof someintrinsic parameterso resultin an accurate
reconstruction.If theseintrinsic parametersre estimatedvrongly, the reconstructiorwill be
likewise skewed. Of the two self-calibrationmethodsntroducedin the following, the rst one
by Mendon@ and Cipolla [Men99 requiresonly the knowledgeof the fundamentamatrices
Fi; betweenall pairsof imagesto estimatethe intrinsic parameters.lt is thus suitableto be
appliedbeforean af ne factorization. The secondone makesuseof skewed projectionmatri-

cesP; andpropertiesof the absolutequadricQ , to correcta projective reconstructiorvia the
transformatiorD . This methodwasintroducedin [Tri97], but is explainedin greaterdetailin

[Har03]and[Pol99].

Self-calibration using the essentialmatrix

Giventwo calibrationmatriceX ; andK ;, asde nedin equation(2.9),for two differentimages,
aswell asthefundamentamatrix F j; linking thesetwo imagesthe so-calledessentiamatrixis
de nedas

Ej =K,;"FjK; : (2.54)

Theonepropertyofthe3 3 matrixE j thatcanbeexploitedfor self-calibratioris thatit is of
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rank2 if the calibrationmatricesarecorrect. Thus,the objectiveis, givenfundamentamatrices
F i betweerpairsof imagesto nd calibrationmatricesK ; andK ; suchthatrank(E ;) = 2,
with1l i;j F,i 6 j. Thenumberof imagesF requiredfor a uniquesolutiondependon
thenumberof parameterghatareto be estimatedr consideredknown or x ed,respectiely. A
detailedcalculationcanbefoundin [Pol99].
The self-calibrationprocesscannow be formulatedasa minimizationproblemof an error
function:
(Ki) = e PPl Sl Si2 (2.55)
=1 jziel k=l I=ker Wi Si2

Si 1 ands;; , denotethe rst two singularvaluesof essentiamatrix E j . Theweightparameters
w;; canbeusedto assigncon dencevaluesto the differentfundamentamatrices or canbe set
to 1 uniformly. Theminimumof this errorfunction,whichis smoothaccordingio the Wielandt-
Hoffman theorem[Gol96], is found using numericoptimizationand, speci cally, the Nelder
Meadsimplex algorithm[Nel65].

Self-calibration using the absolutequadric

In orderto explain this self-calibrationmethod,a few new termshave to be introduced rst.
The absolutedual quadricis a special,degeneratecaseof a quadricwhich represents smooth
surfacein athree-dimensiongbprojective spacelP3, which is the resultsof usinghomogeneous
coordinategnsteadof Euclideancoordinatesn IR;. The absolutedual quadricQ, is given
by a symmetric,homogeneoudg 4 matrix of rank 3. Its projectioninto an imageusing a
projectionmatrix P is the absolutedual conicC ,, a symmetrichomogeneou8 3 matrixin
two-dimensionaprojective spacdP,. Theprojectionis givenas

C,=PQ,P : (2.56)

Absolutedual quadricand absolutedual conic have two importantpropertieswhich render
themusefulfor self-calibration. Firstly, in a metric frame,which is the desiredtype of recon-
struction,the absolutedual quadricis of its canonicform Q ,, being

!

— ls 3 O3

Q= o o (2.57)

In a projective frame,this quadricis lik ewise skewed by a projective transformatiorD , sothat
Q,=DQ,D". SecondlyC, isgivenasC, = K K T, K beingthe calibrationmatrix corre-
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spondingto the projectionmatrix P .

Thereareseveralwaysto solve for Q, andthus nding D usingtheseequations.A linear
andanon-linearapproachyhich canbe appliedsuccessiely, aswell asa simpli cation will be
introduced.

Linear approach. If, e.g., a projectve reconstructiorof animagesequencéy perspectie
factorizationis given, the transformatiorD is the samefor eachimage. Thus,usingequation
(2.56)andsomeassumptionsnthecalibrationmatrixK , constraintcanbefoundontheentries
of Q,. Assumingthegeneralde nition of K from equation(2.9),C, = K K T calculatesas

0 1
2 2 2
fxo+ “+up”  fy+ UpVpp Upp
C.= %D fy+ UpVpp  Fy?+ Vpp?  Vpp ; (2.58)
Upp Vop 1

If it is furtherassumedhatthe imageskew is zero,a rst constraintc,,C;; = C;5C,3, Which
holdslikewisefor theentriesof P Q P, is given. It de nesonelinearequatiorperimagefor the
entriesof Q. More equationdecomeavailableif the principalpointis setto theimagecenter
I.e.,Upp = Vpp = 0, andtheaspectatio f,=f, is known. Thus,up to four equationgperimage
canbede ned.

In generalthesymmetricmatrix Q , hasninedegreesof freedomandthusnineuniqueentries
if it is scaledsuchthatag; = 1. However, if all constraint®ntheintrinsic parameterareapplied,
the absolutedual conic C , of equation(2.58)is reducedo a diagonalmatrix, andlikewise Q ,

will thenbegivenas 0 1
s O O o
0O g, O %4§
= . 2.59
Q. %O D (2.59)
Gis s s s

Thus,in thissimpli ed version,only ve parametersemainto be estimated.

After solvingthe correspondindinear systemof equationsthe additionalconstrainthatthe
rankof Q, is threeis enforcedusingsingularvaluedecompositiorandsettingthe lastsingular
valueto zero. The resultingestimatefor Q, is nally decomposeihto Q, = D Q,D " using
eigervaluedecompositionThereconstructiotanthenbeupgradedo metricusingD according
to equation(2.53).
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Non-linear approach. Having obtaineda solutionfor Q , from the above linear approachijt
canbefurtherre ned usinganon-linearoptimizationmethodsuchasthe Levenbeg-Marquardt
algorithm.A suitableerrorfunctionis givenby

X KiK' PiQ.P'
KK K¢k KkP{Q.P:'k

SC —

(2.60)
f=1

Theparameterso beadjustedaretheentriesof K ¢ andQ .

A major drawback pertainingthe self-calibrationusing the absolutequadricis that the es-
timatedquadricQ, hasto be positive de nite. Otherwise,an eigervalue decompositiorinto
D QD" is not possible. However, it is not advisableto enforcethis constraintas this would
introduceadditionalerrors. Therefore the self-calibrationmay frequentlyfail at this point, es-
peciallysincetheinputdatain realapplicationds usuallydistortedby noise.

2.3.3 Bundle Adjustment

Onceareconstructiorasbeencomputedy ary of themethodsescribedabore, bundleadjust-
mentis oftenusedto do a nal re nementof theresult. In this techniquethe cameraparame-
tersand3-D pointsareadjustedsimultaneouslyo minimize the error madeby back-projecting
the pointsinto the imagesand comparingthemwith the original featuremeasurementg-or F
projectionmatriceslbf, 1 f F,andN 3-D pointsgn, 1 n N, eachpointis back-
projectedinto eachimageasfy, = Ibfgn, andthe residualvector g is calculatedfrom the
non-homogeneou-D pointsas

o= @Qu B i@ B @en bBen)T (2.61)

The vector g has2F N entriesif eachpoint wasvisible in eachimage,andfewer if the
pointsarenotvisible in eachimage. Parameteestimationis performedby minimizing the sum
of squareddifferences g 5. The numberof parameterso be estimateddependsagainon
assumptionsnadeon theintrinsic parametersReferringto equationg2.9) and(2.10),each®
has11 degreesof freedomasit dependon the entriesin K ¢, Ii?f andb . In this case thetotal
numberof parameterss 11F + 3N. By makingthe sameassumption®n skew , principal
point (uyp; Vpp) andfocal length (f4; fy) asin the previous section,the numberof parameters
canbereducedaccordingly If theintrinsic parameterareassumedo becorrect,only 6F + 3N
parametersemainto be estimated.
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A shortnoteon therepresentationf rotationmatriceshasto be madehere. Althougha ro-
tationmatrix R hasnine entries,it hasonly threedegreesof freedomdueto the orthonormality
of its columns.Thereforejt canberepresentedsingonly threevariables.Commonrepresenta-
tionsare Eulerangles axis/angleandquaternionsin [Sch01¢, thesealternatvesaredescribed
andcomparedvith respecto bundleadjustmentSincefor Euleranglessingularitiesexist which
causenumericalinstabilities,one of the latter two alternatvesis chosenwherever rotationsin
3-D areprocessedh thisthesis their performanceseingvery similar to eachothet

As for bundleadjustmentgstimatingsucha large numberof parametersakesconsiderable
amountsof time. In caseof the Levenbeg-Marquardtalgorithm,the calculationof a Jacobian
matrix by numericaldifferentiationandits inversionare necessaryn eachiteration,wherethe
JacobiammatrixJ is of size(2FN) (11F + 3N). Calculatingthe pseudo-imerseof J using
singularvaluedecompositiotasacompleity of O(F 3N + F2N 2+ F N 2). Thereforetwo sim-
pli cations of the original bundleadjustmenhave beenintroducedwvhich reducethe compleity
of the problem: interleaved bundle adjustmentandthe exploitation of a specialblock structure
of the Jacobian] .

In interleavedbundleadjustmen{Shu99,Har03],optimizationof thecamergarameterand
3-D pointsareseparatedrom eachother First,the11F camergparametersreoptimizedwhile
the positionsof the 3-D pointsarekept x ed. After eachiterationof this “outer” loop, the 3-D
pointsareoptimizedwhile keepingthe camergparametersx ed. The advantageof this “inner”
loop is that each3-D point position can be optimizedindependentlyfrom the other points, as
they donotin uence eachother's back-projectiorerror. Thus,insteadof having to calculateone
large Jacobiammatrix, a large numberof smallones,i. e., N matricesof size2 3, sufces.
This reducesthe overall compleity of pseudo-imersionto O(F3N). Accordingto [Har03],
interleared bundle adjustmentields the sameresultasthe basicapproachasit still minimizes
the samecost function. However, this is only true if both approachegorverge to the same
minimum,whichis usuallynotthe casein practice.Additionally, interleavred bundleadjustment
requiresmoreiterationsfor corvergence.

For the outeriterationloop of optimizingthe camergparametersf eachimage,the Jacobian
matrix J . hasa specialblock structure.Sincethe camergparametergor eachimageareinde-
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pendenfrom eachother J . is block-diagonalandeachblock canbeinvertedindependently:

0 1. 0 1
Ji 0 0 J; 0 0
0 J 0 0 J; 0

J;:%: :2 . % :E@ 2 : E : (2.62)
0 0 Je 0 0 N

Here,J { denoteshepseudo-imerseof J .. EachblockmatrixJ ¢ is of size2N  11sothatthe
compleity of computingthe pseudo-imerseof J . reduceso O(F N ) [Hei04].

Obviously, error minimization by bundle adjustments a time consumingprocesssincea
large numberof parameterdiave to be optimizedat once. However, if time is not an issue,
bundle adjustmentusually yields the bestreconstructiorresultsif a suitableinitialization was
given. A numberof methodshave beenproposedo further speedup bundleadjustmentsuch
asvirtual key frameg[Shu99]. However, they arenotincludedhereasbundleadjustments not
amainfocusof thisthesis.A comprehensie summaryof improvementson bundleadjustment,
suchasinterleaving andexploitationof block-diagonallacobimatricesjs givenin [Tri0Q].
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Chapter 3
Reconstructionof Static Light Fields

Thereconstructiorf alight eld from aninputimagesequenceequiresanumberof processing
steps.Startingfrom the extractionof point featuresthe camergparameter$or eachimagehave
to be estimatechndsceneggeometryinformationhasto be generatedThefollowing chaptemwill
give adetailedview of thereconstructiorprocesdor staticlight elds, offering alternatvesand
new approachefor someof thesesteps.

3.1 SystemOverview

Thewholeproces®f reconstructin@staticlight eld fromanimagesequenceanbesubdvided
roughlyinto six steps:

imageacquisition,

featureextractionandtracking,

initialization of reconstructionysuallyusinga factorizationmethod,
extensionof thereconstructiorio longimagesequences,
approximatiorof scenegeometryand

light eld visualizationusingdifferentrenderingmethods.

Basically thesestepsform a linear processinghainthathasto be executedn this order as
proposedn theunderlyingwork of Heigl [Hei04]. However, it is oftenbene cial to deviatefrom
this strict linearity anduseinformationobtainedn later processingtepsto re ne theresultsof
anearlierstep.Theseterationsarereferredto asfeedbacKoops.

49
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ImageAcquisition

|

FeatureTracking

(1) ]

Initial Reconstruction (2)
1 (5)

Reconstructiorfextension

1 (3)
GeometryComputation
(4) '

Visualization

Figure3.1: Systenoverviav: thelinearprocessinghainfor staticlight eld reconstructionThepossible
deviationsfrom thelinearprocess(1) to (5), areexplainedin thetext.

Figure 3.1 shavs a numberof differentpossibilitiesto deviate from thelinear procedureln
particulayr the ve possibilitieswhich areexaminedin this thesisarethefollowing:

1. Image-by-imageeconstructionafterinitial reconstructionwhich requiresfeaturego be
availablein acompletesubsequencéeaturetrackingandreconstructiorextensioncanbe
donein turn for eachimage. This methodformsthe basisfor someof the feedbacKoops
of item (2), which thensupplyadditionalinformationto featuretracking. It is introduced
in Section3.7.1.

2. Predictionfor featuretrackingandcross-relationsfeaturetracking,asit is appliedhere,
searchedor a featurein a subsequenimagein an areaarounda certainstartingpoint.
Usingthereconstructe®-D positionsof featuresaidsin predictingfeaturepositionsmore
reliably andthusreduceshenumberof lostfeaturegSections3.2.3and3.7.1).Knowledge
of cameraposesadditionally helpsto establishrelationshipshetweenmagesbeyondthe
sequentiaftelationshipderivedfrom therecordedsequencéSections3.4.2and3.7.2).

3. Incrementalglobal geometry: Insteadof building a geometrymodel from the complete
3-D reconstructionjt can be generatedncrementallyafter the processingof individual
imageg(Section3.6.3).

4. FeedbacKrom synthesis:itheimagessynthesizedrom alight eld incorporatenot only
the reconstructe®-D information, but the texture information of all input images. This
additionalknowledgecanbeusedo improvedepthor scengeconstructiorfSection3.7.3).
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Tools

Scene

Calib Corv | | Impex Render
AN - f J A
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|
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GUI

Figure 3.2: The modulesof the LGF® frameawvork accordingto [Vog09, shaving also the additional
Commonmmodule.

5. Adding new imagesi:if alight eld is to beconstructedrom severalimagesequenceghe
different3-D reconstruction$or eachsequencdave to be stitchedtogetherconsistently
Synthesizedmagescanhelphereto identify the correctstartingpoint (Section3.7.4).

Obviously, thesemary differentpossibilitiesfor interactionbetweendifferentprocessese-
guire a commonimplementatiorframework, integratingall the processesThe framework cre-
atedfor this purposeis called LGF® (lumigraphfiles, version3), a C++ library which incor
poratesthe implementation®f bothlight eld reconstructiorandvisualization[Vog02a]. The
novelty of thesystemis thatit combineghetwo elds of computewisionandcomputemgraphics
andprovidesa commoninterfacefor low-level algorithmsanddatastructures.

Theframework is structurednto eightdifferentmoduleswhich dependn eachotherasout-
linedin Fig. 3.2. Thebasisof thesystemis formedby the Scenemodule,managinghecommon
datastructuredor storingscenanformationsuchasimages,camergparameterand3-D scene
data.It makesuseof low-level algorithmsin the Toolsmodule while the Impex moduleprovides
interfacesfor importing and exporting data. The algorithmsfor reconstructindight elds and
visualizingthemareimplementedn the Calib andRendemodules respectrely, andthe Corv
modulecontainsroutinesfor cornverting dataaccordingto the differentneedsof thesemodules.
TheGUI moduleprovidesagraphicaluserinterfacefor userapplications A detaileddescription
of theseseven moduleswas given by Vogelgsangn [Vog05]. The lastmodule,Commonwas
addedlater to accommodatehe requirementf the feedbackioops describedabore, namely
accesgo all othermodulesapartfrom GUI, in arbitraryorder
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3.2 Feature Extraction and Tracking

Estimatingcamergposeandscenegeometryfor asequencef imagesrequiresknowledgeabout
correspondencesetweenthe images. In the caseat hand,thesecorrespondencesonsistex-
clusively of point-like featureson the surfaceof the scenewhoseprojectionsin the imagesare
identi ed. Establishingpoint correspondencdsasicallyrequirestwo steps, rst the extraction
of the 2-D featuredrom imagesandsecondhetrackingof thefeaturego otherimagesor their
matchingwith featuresn otherimages.Thus,for eachscenesurfacepointin considerationts
occurrencesn a numberof imagesare detected. In the following, theseoccurrence®f one
featurewill becalledafeaturetrail throughtheimagesequence.

Therearetwo approacheso solvingthe correspondencproblemwhich areregardedn the
following sections. In caseof relatvely slow cameramotion and little image displacement,
the procedureof extracting featuresin oneimageand trackingthemin the following images
yieldsthebestresults.ThemostcommonlyusedapproachusuallycalledKanade-Lucas-dmasi
(KLT) tracking,is describedn the following section.If the displacementbetweenmagesare
larger, e.g., if only a setof singlephotographss given,trackingfeatureswill be morelikely to
fail. Extractingfeaturesn all imagesandmatchingthemsubsequentlynay performbetter An
approachusing SIFT featuress introducedin Section3.2.2. For both approachesthe variant
working on gray-level imaged 9 is presented.

Finally, tracking featuressequentiallythroughan image sequencas not the only way to
establisha featuretrail. Deviating from this procedureincreaseghe length of featuretrails
andthereforeoften leadsto improved subsequentesults. This non-sequentiairackingwill be
describedn thelastpartof this Section.

3.2.1 Kanade-Lucas-TomasiTracking

TheKLT tracker usedfor experimentsn this thesisincorporatesereralapproachefrom differ-
entauthors.Thefeaturedetectionalgorithmwasintroducedby TomasiandShi[Tom91, Shi94],
while the tracking algorithmis basedon the work of Lucasand Kanade[Luc81], originally
meantfor imageregistration,with the extensionof Shi and Tomasifor af ne featuretransfor
mation[Shi94]. lllumination compensatiorand featuredrift preventionwere addedto feature
trackingby Jin [Jin01] and Matthews [Mat03], andcombinedfor the featuretracker usedhere
in [Zin04]. Finally, a Gaussiarresolutionpyramid is commonlyusedto increasethe basinof
convergenceof thetrackingalgorithm.However, this componentvill notbeaddresseth detail.
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Feature detection

In orderto reliably track a featureto otherimages,the selectionof “good” featuresis very
important. Thus,the questionis, whatis a goodfeaturefor tracking? Obviously, singlepixels
arenotagoodchoicesincetheirappearancmaychangealrasticallydueto noiseandillumination
changesandasinglepixel valuemayappeaweryfrequentlyin animage.Thereforeyectangular
windows of the imageareregarded,especiallythosecontaininglarge gradientsj. e., lines and
cornersor texturedareasnsteadof homogeneousnes.A singleline in animagewindow suffers
from the so-calledapertuie problem(see,e.qg., [Tru9g), which meanshatit canbe localized
well in the directionof the gradientbut not alongtheline. Hence the following de nition of a
goodfeaturerequiresthe presencef two stronggradientsn the window, which correspondo
anedgeor acorner

For a gray-level imagef 9(q; ) in animagesequencdaken at a discretetime step the
gradientvectorateachpixel q = (x;y)' is givenas

@%q; ) @%q; ) "

9(g; ) = & a (3.1)

The gradientis computed,e.g., by a Sobeloperator[Jah95] appliedfor eachdirection, asit
is donehereaswell. Usually, imagenoiseis reducedby low-pass ltering the imagewith a
Gaussianlter beforecomputingthegradient.

From thesegradientvectorsa structure matrix G(q; ) 2 IR? 2 is computedor eachpixel
which encodeghe gradientinformationat this position:

. X X T - T T - .
G(q; )= g gt g a+(kl); : (3.2)
k= rl=r
Theindex r denoteghe radiusof the window aroundgq, sothata neighborhoodf (2r + 1)?
pixelsis considered.

Onevery usefulpropertyof G is thatits largereigervalue ; corresponds$o the mostdom-
inant gradientdirectionin animagewindow, while , denoteshe magnitudeof the gradient
perpendiculato it. Thisre ects the requiremenfor a goodfeaturestatedbefore,namelythat
two stronggradientsare presentin awindow if both eigervaluesare above a certainthreshold

th- Thewindow arounda pixel is acceptediccordinglyif

min( 1; 2)> wn (3.3)
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In practice,a minimum distancebetweenwo featuress de ned to avoid clusteringaround
few very goodfeatures.Fromaninterestmap,which is createdoy applyingthe above criterion
for eachpixel in the image,the strongestrespectie featureis storedin a list andthe interest
valuesin a window aroundthis featureare setto zerobeforethe next featureis selected.The
resultinglist is thenorderedandthe rst n featurescaneasilybereadout asthe bestfeaturesn
thisimage.

Severalsimilar criteria, especiallyfor cornerdetectionhave beende ned andsomeof them
arein wide-spreadise.A selectionof cornerdetectorss listedin Sectionl1.2.3.

Feature tracking

Thetaskof identifying correspondences afeaturein subsequeritmagesof animagesequence
is calledtradking thefeature.Formally, this canbe describedy the equation

f9a; )=f%q+d; +1t) ; (3.4)

meaninghatafeatureq is foundin asecondmageattime + t atapositionwhichis displaced
by thevectord.

As for featuredetectionjt doesnot make muchsenseo regardonly singlepixels,therefore,
afeaturewindow aroundq is againtakeninto account.In theidealcase the differencebetween
correspondindeaturewindows in two imageswould be zero, but in reality, the windows will
differ dueto occlusion rotationsof thesurface,changesn illumination, or noise.Thereforethe
problemis thatof minimizing the following errormeasure:

X X 2
(d) = f9 g+ (k;D)'; f9 q+ (k)" +d; +t : (3.5)

k= ri= r
By approximatingheintensityfunctionby its truncatedrlaylor series,
fo(+d; +t) f90q +t)+g'(q +t)d ; (3.6)
the derwvative with respectto d of (3.5) is computedas follows and setto zeroto yield the

minimum of theerrorfunction.

X X
2 f9%aq; ) f9%aq; +t) g'(q; +t)d g(q; +t)=0 (3.7)

k= rl=r
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Assumingthatthedisplacemend is constanfor every pixelin thewindow, andsubstitutinggg "
with the structurematrix G of equation(3.2),alinearsystemof equationf theform

X X

Gd = f9 g+ (kD f9 g+ (kD)"; +t (3.8)

k= rl= r
is createdwhich yields a uniquesolutionfor d. Of course,sincethe intensity function was
approximatednly by the linear term of the Taylor series,the solution fj for the tracked point
in theimageattime instance + t will beinexact. Therefore the procedurés iteratedwith
asstartingpoint until eitherd is below a certainthresholdor a maximumnumberof iterations
is reached.As d is in generala vector of real numbersthe pixel valuesfor the sumsin the
equationsabove areinterpolatedilinearly. Thus,trackingis performedwith sub-pi>el accurag.

Onedrawbackof this trackingmethodis thatits basinof corvergenceis usuallyvery small,
in theorderof afew pixels. In orderto increasdahe basinof corvergence a Gaussiamesolution
hierarchyis usually employed. By low-pass ltering and subsamplinghe image,tracking is
performedrst onlowerresolutionsandthenre ned athigherresolutionlevels.

Af ne distortion estimation

A majorassumptiorior theabove translationatrackingis thatthedisplacementectord is equal
for all pixelsin thewindow. However, thisis only truefor somevery specialcaseslik e windows
on planarsurfacescombinedwith translationalcameramovementparallelto the surface. For
mostother casesthe imagewindow will get more andmoredistortedthe longerit is tracked
throughanimagesequenceThis distortioncorresponds$o a perspectie transformationbut, as
for factorizationin Section2.2, it canbe approximatedy an af ne transformation.Thus,the
displacementl extendsto anafne motion eld of theform
|

dXX dX
da = Y q+d=D.,q+d : (3.9)
dyx  dyy

Thecorrespondencerrorbetweentwo featurewindows is extendedaccordinglyto
X X 2 T
(do) = (fF9(q% ) f9(°+ D%+ d; +1)":withg’= g+ (k;)': (3.10)
k= rl=r

As before the intensityfunctionis approximatedy a truncatedrlaylor seriesasin equation
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(3.6),i.e.,
fo90+d; +t) f90q; +t)+da' (q; +t)a ; (3.11)

wherea = (di; hy: Oye;Gyyi i)', andga = (GO GhOy: GG GGy: G gy) - Likewise,
the derivative of equation(3.10)is setto zeroanalogouslyto equation(3.7), and by usingthe
afne structurematrixG, = g.ga' alinearequationsystemequialentto (3.8)is solvedfor the
unknown elementof a, theaf ne distortionmatrix D , andthedisplacementectord.
Notethatfor af ne distortionestimationsix insteadof two parametersave to beestimated,
sothata larger window aroundthe featurehasto be chosen.Rolustnessf the estimationin-
creasesvith additionalequationsandeachpixel in thefeaturewindow addsoneequation.

lllumination compensationand drift prevention

Thenext factorwhichin uencestheappearancef afeaturewindow considerablys illumination
andits changesver time. Therearea numberof sourcedor illumination changeapartfrom
actualvariationin lighting, suchasshadaevs, surfacere ectancechangesiueto differentviewing
angles,or the auto-shuttemechanisnof the camera. Theseeffects are modeledby a linear
illumination modelusingtwo parameters and , adjustingthe contrastandthe brightnessof
the featurewindow respectrely. They areincorporatednto the afne correspondencerror of
equation(3.10)by

X X
(da) = (Foq% ) ( Foq’+ Dag®+d; + 1)+ )* (3.12)

k= rl=r

The minimum of this functionis foundasin thetranslationabndaf ne casedy linearizing
it with atruncatedraylor seriesandestablishing linearsystemof equationsusingits derivative.
Thedetailsof this procedureareexplainedin [Jin01].

Taking adwantageof the differentstrengthsof the alternatvesfor trackingintroducedsofar,
the commonprocedurds to rst performa translationakrackingfrom imagef ? tof ?,, . The
largercorvergenceradiusof translationatrackingallows trackingfeaturedor alongerperiodof
time, but the drawvbackis thatthe appearancef the featurewindow may changeover time by
erroraccumulationgcausinghefeatureto “drift” awayfrom its original position.Af ne tracking
is usedto eithermonitorthesucces®f translationatrackingby periodicallycomparingheresult
of anafne trackingfromthe rst imagef § wherethefeaturewasdetectedo imagef 2, , or by
re ning theresultof translationatrackingwith this af ne trackingfor every image. While the

rst methodmay only discardfeatureshat have drifted, the secondoreventsdrifting andleads
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to trackingover moreimages.

3.2.2 Establishing Correspondence&)sing SIFT Features

Themainassumptionmadefor featuretrackingis thatchange$etweernwo imageswhich usu-
ally correspondo cameramovement,arerathersmall. The gradientdescentechnique which
minimizesfor instancetheerrorfunctionof equation3.12,is only alocal processandwill there-
fore only detectthe next local minimum, which may very well be the wrong feature. Thus,the
closerthestartingpointfor thissearchs to thecorrectfeaturelocation,the higherthe probability
thatthe correctfeaturewill betracked. In practice this basinof cornvergencewill be around20
to 30 pixelswide, dependingpn the resolutionhierarchyemployed.

In contrastto that, local featuressuchasthe SIFT featuredLow99, Low04] may overcome
the problemposedby large translationamovement.For eachdetectedeaturea distinctive fea-
ture descriptionvectoris calculated.This allows for the comparisorof two setsof local feature
vectorsfoundin two imagesandtheidenti cation of correspondindgeaturedy a distancemea-
surebetweertwo featurevectors.The SIFT featureapproachhasbeenchoserhereasit compares
favorablywith otherlocal descriptorsasshavnin [Mik05].

In caseof the SIFT (Scalelnvariant FeatureTransform)feature,a difference-of-Gaussian
approachn scale-spaces usedto identify featuresn oneimage. The original imageis ltered
twice by two differentGaussianlters, i.e.,with = ~2and = 2. Thetwo resultimages
aresubtractedrom eachother now emphasizinghe imagegradients.The secondesultimage
is then subsampledvith a pixel spacingof 1.5, which yields alreadythe rst Itered image
at the next resolutionlevel. Using this ef cient technique the difference-of-Gaussiaimages
are calculatedfor a resolutionpyramid of several levels. Pointsof interestare extractedby
consideringpixelsin eachresolutionwith a highergray valuethantheir eightneighbors.If the
sameis nottruefor the correspondingixelsin the next higherandlower resolution thefeature
is discarded.

The scale-spaceapproaciprovidesscaleinvariance but in orderto achieve rotationandil-
lumination invariance,the gradientmagnitudem st and rotationr =1 for eachpixel in the
resolutionpyramidarecalculatedas

q
mser(@) = (Fo(a+ 1) f9(q 192+ (f(q+1y) fo(q 1,)* ; (313

9 g
rsirr(Q) = arctarf (+1y) f9%q 1))

fog+ 1) foq 1)

(3.14)
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1, andl, denotethevectors(1; 0)" and(0; 1)", respectiely. Thegradientmagnitudes limited
to anupperbound,0:1 timesthemaximummagnitudeaccordingo [Low99]|, andfor eachfeature
aprincipalorientationangleis determinedrom alocalwindow. Thisis doneby Gauss-weighting
the rotationsof eachpixel in the window, aswell as weighting them with their thresholded
magnitudeandaccumulatinghemin a histogramwith 36 bins. The histograms smoothedand
thedominantbin is selectedasorientationfor this feature.

The local featuredescriptorsare calculatedlik ewise from m gt andr . The gradient
orientationsin a16 16 pixel window aroundeachfeatureat the scalelevel it was detected
areweightedasabove. This window is thensubdvidedagaininto 4 4 subwindavs, andan
orientationhistogramwith eight bins is calculatedfor eachsubwindav. The histogramsare
rotatedby the principal orientationof the featureto achieve rotationinvariance.The entriesof
thesel6 histogramsarethenconcatenatedndnormalizedto form the 128 dimensionafeature
vectorc.

Applied to a sequencer setof images,the SIFT featuredetectoryields a set of feature
vectorsandtheir coordinategor eachimage. For furtherprocessingn 3-D reconstruction¢or
respondindgeaturedn all imageshave to be foundandcombinedto form againfeaturetrails as
in the previoussection.In [Gra05]suchatrail is de ned asa setof featurevectorsC, with

G = fcjidx(ck) 6 idx(c) ™ d(ck;c) < serg;k61;i6)) GV G=; : (315

The operatoridx () returnsthe imageindex wherethe featurevectorwas detectedso that cy

andc, aretwo featuredoundin differentimages.d( ; ) denoteghe Euclideandistancebetween
two vectors. gt is athresholdvaluethatwasfound empirically by consideringhe Euclidean
distanceof different,not correspondindeaturevectorsfoundin oneimage.If afeaturevectoris

allocatedto morethanonetrail, thetrails arediscardedasbeingambiguousThus,no two trails

may sharea commonfeature.

Both typesof featuretrails, thoseoriginating from featuretracking and thosefrom SIFT
featuredetectionmay be usedequialentlyfor thereconstructioomethodsdescribedn the fol-
lowing sections.Differencesn their applicability andthe quality of reconstructionresultswill
beexaminedin Section5.2.

3.2.3 Non-SequentialTracking

Very often,trackingfeaturesover animagesequencés percevedasstartingfrom the beginning
of thesequencand nishing atits end. However, muchbene t canbe gainedfrom abandoning
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Figure3.3: Non-sequentiarackingin animagesequenceleft: Sequentiatrackingalongthe movement
pathof the camera.Camergoositionsaredepictedaspyramidswith the centerof projectionat thetip of
thepyramid. Right: Meshedcamergpositionsandnon-sequentiarackingfrom a startingimageoutward.

this notion. Considerthe caseof a cameramoving parallelto a surface.In eachimage,features
will belost becausehey moved out of the cameras eld of view, anda replacementeatureis
detected.This replacements not necessarilyfound at the oppositeimageborderto wherethe
previous featurewaslost, but anywherein the image. Thus,its motion pathmay not spanthe
whole width of the cameras eld of view, but only a certainpart of it, i. e., from its point of
rst detectionto theimageborder However, if the movie were playedbackwards,the feature
would be tracked to the oppositeimageborder Therefore,by processinghe imagesequence
in reverseorderin asecondpassandpicking up all featuresattheirinitial frames,thelengthof
their trails canbeincreaseaonsiderably This techniquewill be calledbilinear tracking andis
usedwheneerfeaturesaretrackedthroughthe whole sequencéeforeary furtherprocessing.

If additionalinformationis available on the neighborhoodelationshipof the cameraposi-
tionsin animagesequencdt canbeexploitedsimilarly to generatéongerfeaturetrails. For the
exampleof thecameramovementn theleft sketchof Figure3.3,ameshonthecamergositions
may beavailableasshowvn in theright handside. This meshinformationmaybeavailablein ad-
vanceif thecamergperformeda controlledmovementor maybegeneratedswill bedescribed
lateronin Section3.4.2. Trackingcannow be performednotonly to thesucceedingindpreced-
ing image,but to all neighboringimagesasshavn in theright handsketch. This decreasethe
lengthof the pathto the farthestcamergpositionandthusthe likelihoodof losing the features,
aswell astheamountof accumulateerrors.

Trackingthroughsucha viewpoint meshcanbe donein numerouswvays, but the following
schemels employed here. Startingat an arbitraryimage, N iy featuresare selected. These
aretrackedto all neighboringviews andthenoutwarditeratively to the next distantviews, but
without replacinglost features. Tracking from oneview onward is stoppedif lessthanN pi,
featureshave beentrackedto it. If no morefeaturescanbetracked,theimagef with thelowest
numberof visible featuresN+¢ , is selectedasthe new startingframeandtrackingis initialized
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with N,y Ny featuresThisis repeatedintil atleast N i,; featureshave beentrackedin each
image,where is aratio betweerzeroandone. This trackingschemewill be denotedasmesh
tracking.

3.3 Automatic Selectionof Factorization Methods

In Section2.2 the principlesof several differentfactorizationmethodsveredescribed Eachof
thesemethodshasits bene tsanddisadwantagesegardingrobustnessandaccurayg. Therefore,
thedecisionwhichmethods thebestmayvary betweerdifferentdatasets,andusually it cannot
be determinedeforehand.

This sectiondealswith the problemof automaticallyselectinga suitableor even the best
factorizationmethodin eachapplicationcase.However, therearedifferentpossibilitiesfor im-
proving theresultsof eachmethodbeforea selections performedatopic thatwill alsobedealt
with in thefollowing. Finally, selectingthe bestfactorizationmethodrequiresquality measures
which allow theselectionin the rst place.Besidegheback-projectiorerror, the peaksignal-to-
noiseratio basedn areconstructedight eld will beintroduced.

3.3.1 Robust Estimation Using Outlier Detection

In the following, a methodfor increasingthe robustnessand accurag of 3-D reconstruction,
LeastMedianof SquaregLMedS),is introduced Beingarobustestimationtechniquesimilarto
RandonSampleConsensu§RANSAC) [Fis81], it is usedfor outlier detectionandis appliedin
differentaspectdo reconstruction.

Least Median of Squares(LMedS)

Givena noisy setof datawith a numberof outliers,suchaspoint featuresrackedin animage
sequence, eastMedianof Squaress usedto identify theseoutliersfor a givenestimationtask,
suchasthe estimationof the fundamentamatrix from eightpoint correspondence3hus,if for
eachpoint anerrorvaluecanbe computed_MedS minimizesthe medianof squarecerrorsfor
thewhole setof points. GivenasetQ of N pointsq,, the algorithmis outlinedasfollows for
the exampleof robustfundamentamatrix estimation:

1. Draw M setsQ,, of p pointsfrom Q, wherep is the minimumnumberof pointsrequired
for estimation.In caseof thefundamentaimatrix, anestimatds possibleusingonly seven
pointcorrespondencdsee[Har03]for algorithmdetails).However, thisyieldsupto three
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solutionswhich have to be disambiguatedlnsteadthelinear8-point-algorithmis applied
which alwaysyieldsa uniquesolution,sothatp = 8.

2. For eachsetQ,, computethe fundamentaimatrix F ,,. Then, apply eachfundamental
matrix to eachpointin the completesetQ accordingto equation(2.21),whichyieldsthe
errorr,(Qm) = gﬂTF m0n- Finally, computethe medianof the squarederrors,R,, =

median(r3(Qm)).

3. Selectthe setwith thesmallesimedianerror, R, , to computeoutliersin Q. An outlieris
givenif theerrorof apointwith respecto Qnmin , 'n(Qmin ), is largerthan2:5b, where

b = 1:4826(1+ p=N p))p M(Qmin) (3.16)

4. Computethe fundamentamatrix againusingall remaininginliers.

For thisalgorithm,only oneparameteremaingo be selectedy theuseri. e.,thenumberof
randomsetsM to bedravn from Q. For thealgorithmto producethedesiredresult,atleastone
of the randomsetshasto consistonly of inliers. In orderto determineM , the usersuppliesan
estimateof the numberof outliersin the pointset, , andthe desiredprobability P thatat least
onesubsetonsistentirelyof inliers. UsingthesevaluesM computesas

B log(l P)
“log(l (1 )P)

For furtherinformationaboutthe LMedS algorithm,see[Rou87]for amoretheoreticde ni-
tion, and[Zha93 for a comprehensie descriptionof its applicationto conic tting.

(3.17)

Application in factorization

For the factorizationmethodsof Section2.2, especiallyfor perspectie factorization thereare
two waysin which robustoutlier detectionis appliedhere. The rst one,theapplicationto fun-
damentalmatrix estimation,is only usedin perspectie factorization. It wasalreadydescribed
above andis usedfor estimatinghe projectve depthsof eachfeaturepoint with increasedccu-
ragy.

The secondapplicationof outlier detectionis to the procesof factorizingthe measurement
matrix W itself. Thisis possiblefor bothaf ne andperspectie factorization.In theaf ne case,
the minimum numberof pointsto performthe factorizationis p = 3, for the perspectie case
it isp = 4. Thedecompositiorof eachmeasuremergubmatrixW , resultsin estimatesbm
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and b, for the projectionmatricesand3-D point positions.In orderto getan estimationof the
point positionsfor the whole dataset,the completemeasuremennatrix is multiplied with the
pseudo-imerseof the estimatednotion,i. e.,

bm = b+w (3.18)

From this, a distancematrix , is computedwhich holds the distanceshetweenthe back-
projected3-D points, DM andthe measurementd/ :

m=W bm btm) (3.19)

Theaverageback-projectiorerroris now computedrom thecolumnsof |, for each3-D point,
andoutlier detectionproceedssabove for thefundamentamatrix.

Note, however, that applicationof LMedSto afne factorizationmethodsis often not sen-
sible. The errorinducedby the approximatedrojectionmodelincreaseshe farthera feature
is away from the optical center(weak-perspecte) or the projectionof the centerof massof
the correspondin@-D points(paraperspeate). Thus,LMedStendsto discardfeaturescloseto
the imageborderandto favor thosewhich are closeto the centerof the image. This problem
of perspectie distortionsdoesnot occurfor the perspectie factorizationmethodof Sturmand
Triggs.

3.3.2 Quality Measures

Theautomaticselectiorof afactorizatiormethodis basedn two differentquality criteria, back-
projectionerror and peaksignal-to-noiseatio. The two measure®ffer differentbene ts and
dravbacks,sothata combinationof themis adwantageous.

Back-projection error

The back-projectiorerror was alreadyintroducedin Section2.3.3for bundle adjustment.For
eachfeaturein eachimage,it denoteshedifferencebetweertheprojectionof thecorresponding,
estimated3-D pointinto theimage,andthe featureitself. Usingthe residualvectorof equation
(2.61)for all featuresusedduringfactorizationthe averageback-projectiorerroris computeds

1P

EN Bl B (3.20)
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As is alreadyknown from Section2.2, theresultof any factorizationmethodis uniqueonly
up to anunknown transformatiorQ or Q,, respectrely. However, the selectionof this trans-
formationhasno effect at all on the back-projectiorerror. Neverthelesswhetherthe updateto
a metric reconstructioni. e., self-calibrationin the perspectie case,is successfubr not hasa
hugeimpactonthequality of imagesenderedrom theresultinglight eld lateron. Renderinga
light eld requiresmetricreconstructionTherefore the secondquality measuras de ned with
respecto the quality of renderedmages.

Peak signal-to-noiseratio

In orderto measurehe quality of a reconstructiorresult,groundtruth datais alwaysthe best
standardo comparewith. Thus,if the quality of animagerenderedrom alight eld with the

virtual cameraat a certainpositionis to be measureabjectiely, it shouldbe comparedwith a

realimagewhichwasactuallyrecordedwith the cameraatthis very position. This con guration

can be achieved by renderingfor eachimagef ; in the original sequencehe corresponding
imageusingthe calculatedcameraparameter® . The original imagein questionis not used
for renderingsothatthe renderedmagefbf is only composedrom contrikbutionsof neighboring
images.Theaveragesquaredixel differenceof originalandrenderedmageis computedoy

X
#=—— Jf{G) MOP+ifeG) FOPHIFG PO 0 G20

i=1

whereM is the numberof pixelsin eachimage,andf [, f ¢ andf P arethered, greenandblue
channelf thecolorimagef ¢, respectiely.

This squarchifferencevalue@ representghenoiseontherenderedmagecomparedo the
originalimage. The signalis givenby the averagesquaredixel valuein the originalimage f 2,
andthusthesignal-to-noiseatio (SNR)for oneimageis de ned as

SNR= 10log,,(f 2=d?) [dB]: (3.22)

Theonefaultof thisde nition is thattheresultingvaluedepend®ntheoverall brightnesof
theimage. Thus,a darkimagewith the samelevel of noisewill have amuchlower SNRvalue
asabrightone. Therefore the peaksignal-to-noiseatio (PSNR)will be usedin thefollowing,
whichis de ned as

PSNR= 10log,o(f 2,=02) [dB] (3.23)
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andallows the comparisorof methodsacrossmagesfrom differentdatasets. The valuef ax
denoteghe maximumpossiblepixel value,for one color channelin caseof colorimages.For
a color imagewith eight bits per channel,this would be 255 PSNRis alsowidely usedfor
measuringjuality in imagecompressiofk ou9s.

Apart from the automaticselectionof factorizationmethodsn this section,the PSNRwill
alsobeusedin Section3.6for optimizingdepthmapsandglobalproxies,andgenerallyin Chap-
ter 5 for evaluatingexperimentalresults. In the literature,the useof the meanabsolutepixel
differencebetweerrenderedandoriginal imagewas rst mentionedn [ES034, the useof SNR
and PSNRfor this purposewere formally introducedin [NieO5 and[Vog0{, respectiely. In
[Fec0q, PSNRIis usedto measurehe effectsof depthmapcompressiomnlight eld rendering
quality.

3.3.3 Alternative ProcessingChains

Basically thegoalof the procedurentroducedn this sectionis to selecthebestof thefactoriza-
tion methodsdescribedn Section2.2 for a giveninitial imagesequenceln practice,not all of
thesefactorizationmethodsneedto be consideredsinceorthographidactorizationis generally
inferior to all othermethodslueto its very simpli ed projectionmodel—unlessnorthographic
camerais actuallyused,which is the casehere. Additionally, paraperspeacte factorizationis
usuallymoreaccuratehanthe weak-perspeocte one,sothatthelatteris not considereckither

Ontheotherhandtheaccurag of cameracalibrationand3-D reconstructiomlsodependsn
subsequenprocessingteps ik e outlier detectionasdescribecabove, or self-calibrationasde-
scribedin Section2.3. Therefore the selectionalgorithmwill considerfour differentprocessing
chains,outlinedin Figure3.4,whichwill bedescribedn thefollowing.

Paraperspective factorization

As showvn in Section2.2.2,a paraperspeate factorizationmethodis rst appliedto thefeatures
foundin theinitial imagesubsequencel his methoddoesnot includean estimationof intrinsic
camergparametersFocallength, principal point andimageskew have to be calibratedbefore-
handor elseroughly estimatedbr de ned arbitrarily. As paraperspecte factorizationyieldsa
rotationmatrix anda translationvectorfor eachcamerathesecanbe combinedwith the esti-
matedcalibrationmatrix to form metric projectionmatricesasin equation(2.11).

Dueto the simpli ed projectionmodel,this metric reconstructiorwill be skewed neverthe-
less. Therefore,a factorizationis followed by a non-linearoptimizationstepsimilar to bundle
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Figure3.4: Alternative processinghainsfor selectingthe mostsuitableinitial reconstruction

adjustmenof Section2.3.3. Theresidualectorof equation(2.61)is minimizedalternatinglyfor
thecamergarameterm P; andthe3-D pointcoordinatesn En. In thiscase however, only the
six camergparametersor rotationandtranslationare optimized. At this point, LMedS outlier
detectionmay be appliedto eitherexclude single 2-D featuresof a trail, or the complete3-D
point. Back-projectiorerroris usedaserror measuran both cases.The sameprocesf non-
linear optimizationis alsousedfor the subsequengxtensionto the restof theimagesequence.
Thereforejt will betreatedn moredetailin 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 factorizationmethodand have to be calibratedor estimatedoeforehand.
Likewise, the factorizationis followed by a non-linearoptimizationstep. However, iterative
factorizationis usuallymoreaccurateghanthe paraperspecte oneasit triesto approximatehe
perspectie solution.

Perspectve factorization with self-calibration usingan af ne solution

The remainingtwo processingchainsboth implementthe perspeciie factorizationmethodby
SturmandTriggs, but differ in the subsequergelf-calibrationstepwhich is requiredto nd the
projectve updatematrix D . In the rst case,D is determinedusingthe afne solutionof a
precedingparaperspeate factorizationthusextendingthe rst processinghain.

This self-calibrationusinganaf ne solutionwasintroducedn [Hei04]. Af ne andperspec-
tive factorizationyield the same3-D point clouds,althoughthelatteris skewedby D , while the
formeralreadyresidesn ametricframenork. If a3-D pointof theaf ne solutionis denotedoy
b, . andthecorrespondingneof the skewedsolutionby Eg thefollowing equatiorresults:
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Theprojectve scalefactor |, is readilycomputedrom thelastrow of this equationsystem.In
orderto computeD , its entriesare concatenateth one columnvectoranda linear systemof
equation®f size3N  16is formedby all N 3-D pointpairs.

After applying the projectie transformationD , a non-linearoptimizationof the resultis
performedonceagain. This type of self-calibrationhasthe advantageof increasedstability
comparedo the self-calibrationmethodof the fourth processingchain. However, it inherits
someof theinaccurag of theunderlyingparaperspeate factorizatiorresult.

Perspectve factorization with self-calibration usingthe absolutequadric

For thelastalternatve processinghainno precedingaf ne factorizationis requiredasopposed
to the previousone. Self-calibrationof the perspeciie factorizationresultis doneusingthe ab-

solutequadricasdescribedn Section2.3.2.Thisis againfollowedby a non-linearoptimization

of theextrinsicand,if desiredjntrinsic camergparameterand3-D points.
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Dueto the exclusive useof the accurateperspectie projectionmodelthis processinghain
potentiallyyields the bestreconstructiomesults,but is alsomostvulnerableto noisy point fea-
tures. However, this dravback can be alleviated partly by using robust outlier detectionfor
fundamentamatrix computatiorandfactorization.

3.3.4 Automatic Selection

The automaticselectionalgorithmis implementedairly straightforvard. A 3-D reconstruction
is performedusingeachof the four alternatve processinghains,andthe resultsare evaluated
usingback-projectiorerrorandPSNR.For thelatter, depthinformationis requiredwhichis usu-
ally computedusinglocal or global proxies(cf. Section3.6) for their ef ciency in computation
andrendering.The primaryselectiorcriterionis the PSNR.However, asit will be shavn exper
imentallyin Section5.1, the PSNRdoesnot represena monotonougunction, but is subjectto
minor variabilities. Therefore from thosealternatveswhich lie within 1 dB of thebestprocess-
ing chainregardingPSNR the onewith thelowestback-projectiorerroris nally selected.

As is apparentrom Figure 3.4, the differentmethodscontainsomeredundantrocessing
stepswhich canbe exploitedin orderto speedup selection.Thus,paraperspeacte factorization
is partof the rst aswell asthethird processinghain,while theresultsof perspectie factoriza-
tion canbeusedfor bothof thelasttwo processinghains.

Oneproblemconcerningoutlier detectiorhasto bementionedaswell. Thepurposeof outlier
detections to remove unsuitablepointsfrom the setof pointsusedfor reconstructionWhile this
automaticallydecreaseshe back-projectionerror—sincethis is the error measureapplied—it
doesnot necessarilyeadto anincreaseof PSNRIf local or global proxiesare usedfor visual-
ization. Theseresultingtrianglemeshesrebuilt from the point setusedfor reconstructionand
will likewise containfewer nodesandtrianglesafter outlier removal. However, amoresparsely
sampledmeshmay generatenew artifactsin renderingandthusincreasé®SNR.

3.4 Extensionto Long Image Sequences

Sofar, usingthemethodslescribedn the previoussectionspnly a subsequencef thewholeim-
agesequencéasbeenreconstructedhamelytheonechoserfor theinitial factorizationrmethod.
This subsequencmay be locatedat the beginning of the sequencegr someavherein the mid-
dle wherea large numberof stablefeaturesvasfound. Thefollowing sectiondescribesow to
continuethe reconstructiorfrom this point, usinga non-linearoptimizationschemesimilar to
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known 3-D points

cameramotion

uncalibrateccamera uncalibrateccamera

initial subsequence

Figure 3.5: Extensionof the reconstructiorfrom an initial subsequenct the restof the images. The

darktrianglesdenotecamergositionswhich have alreadybeenreconstructedhelight onesyetunknavn
camergositionsin theimagesequence.

bundle adjustment.Alternatiely, the processcan be regardedratherasbeingappliedto a se-
lection of imagesthananimagesequencewherea mesh-like relationshipis givenbetweernhe
imagesnsteadof alinearone. Thiswill beconsideredn thesecondartof this section.

3.4.1 Extensionby Non-Linear Optimization

The extensionschemeadescribecherewasintroducedn [Hei04], therefore pnly its basicprinci-
pleswill bedetailedhere. Themainideais thatthe 3-D pointsreconstructeth thepreviousstep
form a kind of calibrationpatternfor the yet uncalibratedmages.They represenknown world
coordinatedor thecorrespondingrojectionsnto the next imageto becalibratedjn thosecases
wherethesefeaturesveretracked successfullyThereconstructiorprocesshereforeconsistsof
thefollowing iterative steps:

1. Usetriangulationto determinethe 3-D coordinatef all featureswhich arevisible in at

leastN, imagesof theknown subsequence.

Selecthenext camergositionto bereconstructedlternatinglybeforeor afterthealready
known subsequence.

Determinethe parametersf the next cameraby minimizing the back-projectiorerror of
theknown pointsvisible in thisimage,asillustratedin Figure3.5.

. Repeastepsl to 3 until all camerahave beencalibrated.
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Triangulation. Giventhe projectionmatricesP ; alreadyknown from theinitial factorization
or later iterationsof the algorithm, with py ;1 i 3, beingtheir threerow vectors,two
equationof theform

;i (Pp) pPip=0, i=12 (3.25)

areformulatedfor eachpoint projectiong; of the 3-D point p to be triangulatedsee[Hei04]).
a; aretheelementf g;. Theresultingsystemof linearequationsn theelementsf p is solved
usingSVD, yielding thebestsolutionin theleast-squaresense However, the solutionis further
re ned by asubsequenton-linearoptimizationof the back-projectiorerror, asthis constitutesa
moregeometricallymeaningfulmeasure.

Camera parameter estimation. Determiningthe parameter®f the next camerapositionin
step3 is similar to the camergparameteestimationstepof bundleadjustmentn Section2.3.3.
Likewise, the residualerror of equation(2.61)is minimized by adjustingsomeor all extrinsic
andintrinsic parametersThis estimationis alternatedvith anadditionalre nementof the 3-D
pointsvisible in the currentcameran orderto incorporatehe new informationnow available.

A simplemeando discardbadfeatureds to seta thresholdon the maximumallowed back-
projectionerror for each3-D point. After addingeachnen camera,points which have been
discardedeforecanberecheckdandacceptedwhich maybethe casef only afew featuresof
alongtrail areerroneousHowever, insteadof this harddecisionrobustestimatiorusingLMedS
canbeappliedhereagain. Two possiblewaysto do this is to eitherlook for outliersin the 3-D
pointsusedfor camergparameteestimationor for erroneou-D featuresduringtriangulation
andits re nement. For parameteestimation the minimum numberof projectionsrequiredde-
pendson the numberof parametersgo be estimatedj. e., threeif only the extrinsic parameters
areoptimized,andsix if all 11 parametersireestimated.For triangulation,two projectionsof
the 3-D pointform aminimal set. In eachcase putlier detectionis doneasdescribedn Section
3.3.1.In Section3.5,two additionalapproachet increasaobustnessagainsoutliersandimage
noisewill beintroduced.

3.4.2 Non-SequentialReconstruction

Up to this point, it wasassumedhat nothingmoreis known aboutthe relationshipof camera
positionsto eachotherthantheir orderin the imagesequenceThus,like for featuretracking,
only sequentiateconstructiorirom theinitial subsequencirward or backwardswaspossible.
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However, sincethecamergosesareavailableaftera rst reconstructionit is possibleo generate
neighborhoodelationshipsn form of acamerameshfrom thisinformation. This procedureand
its utilization for subsequenteconstructioraredescribedn thefollowing.

Generatingthe cameramesh. Thecamerameshis calculatedexclusively from the projection
matricesP ; of all reconstructedamergposed = 0;:::;F 1. First,theaveragedistance
andangle™ betweenwo consecutie camergposess calculated:

1 X2

= kti+1 tik ; (326)

t:

[ —

= ———  arccosriz ris1a | (3.27)

wheret; is thetranslatiorvectorof camerd andr ;.3 denoteghethird columnvectorof rotation
matrix R, theviewing directionof thecamera.

Next, eachpair of cameraposesk, |, k 6 | is testedregardingfour differentconditions
in orderto be acceptedasan edgein the cameramesh. The rst two arethat the distanceof
their projectioncenterss lower thana userde ned multiple of theaveragej.e., w1 < ¢ 1
andthattheir viewing directiondifferenceis not larger thana multiple of the averagebetween
two consecutieframes, , < . Bothconditionstogetherensurehatthetwo corresponding
imagesshav approximatelythesamepartof thescene Thethird conditionis thatthetwo images
have a certaindistancen the consecutie imagesequencgk ] i,» i 2 N. Thisreduces
the numberof edgeseliminatingcamerapairswhich are connectedsia a shortpathalongthe
sequencewherethe probability of featuresreappearings low. Additionally or alternatvely,
the fourth conditioncanbe appliedwhich stateghattheangle ,, betweerthe currentcamera
motiondirectionandthe vectorbetweenhe two positionshasto be above a threshold i, , as
illustratedin Figure3.6. Thethusselectededgesorm the camerameshwhich will be usedfor
meshtracking(Section3.2.3)andnon-sequentialeconstruction.

Non-SequentialReconstruction. Reconstructingnimagesequencéd acameraneshis given
doesnotdiffer substantiallyfrom the sequentiatase.Thetwo stepsof triangulationandcamera
parameterestimationare appliedin the sameway as describedn the previous section. Step
two of the algorithm, selectingthe next cameragpositionto be reconstructedhasto be altered,
just lik e the selectionof theinitial imagesubsequence—a@ubset-to be reconstructedisinga
factorizationmethod. The initial subsetis chosenasthe subgraphof the camerameshwhere



3.5. RotustandProbabilisticModeling 71

areawith
ineligible
neighbour:

Figure3.6: By consideringheangle betweerthe currentmotiondirectionof the cameraandthevector

to the potentialneighbor redundanedgesin the camerameshalongthe motion pathof the cameraare
avoided.

themostfeaturetrails arevisible completely Startingfrom this submeshthe subsequertamera
positiongto becalibratedarechoserasin Section3.2.3,by processinghemin orderof increasing
distanceto the initial submesh.Any additionaloptionsand processingteps,as describedor
sequentiateconstructionapply hereaswell.

3.5 Robustand Probabilistic Modeling

The major limiting factorfor 3-D reconstructioror, generally for computervision, is image
guality and thus inaccuratelocalization of image features. Apart from the inevitable sensor
noise,trackedfeaturesmay be mislocatedcapturedby similar featurespr drift alongedges.In
Section3.3.1,theLMedSoutlier detectiormethodwasintroducedwhichis ableto identify such
erroneoudgeaturesandto remove themsubsequentlyA simplet straightforvardapproachs the
applicationof a thresholdon the back-projectiorerror of a feature. It wasdescribedorie y in
Section3.4.1.

In the following, two additionalapproachesreintroducedwhich are designedo consider
featurequality alreadyduring the processof parameteestimation. For the rst one, a priori
knowledgefrom featuretrackingis appliedin orderto weightfeaturesaccordingo their quality.
Thesecondapproachmakesuseof so-calledrobuststatistics applyingdifferentestimatorghan
thecommonleast-squaresstimatorsothatthein uence of outliersonthe nal resultis reduced.
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3.5.1 WeightedParameter Estimation

In orderto estimatecameraparameter&and 3-D point positionsin Section3.4, aswell asfor
bundleadjustmentlescribedn Section2.3.3,a non-linearminimizationis appliedon the back-
projectionerror g of point features(cf. equation(2.61)). This residualvector combinesthe
Euclideandistancedetweemmeasuredind estimatedeaturelocations,andthe residualwhich
is nally minimizedis the sumof squaeddifferences ssp= &' &.

However, if thereliability of measuredeaturelocationsis known, it canbeincorporatednto
theresidualusingits covariancematrix g, aspointedoutin [Har93,Sze97. Theexpressiorto
be minimizedcorrespondso thesquaredVahalanobisdistance

M= 8 B8 B ; (3.28)

which leadsto a maximumlik elihood (ML) estimationof the parameterslif for eachfeaturen
inimagef a2 2 covariancematrix g, IS given,the combinedcovariance g hasblock-
diagonalstructure If theerrordistributionis assumedsotropic,the covarianceof eachfeatureis
Bifn = é;fnl > »and g isdiagonal.Undertheassumptiorihatall featureerrorsareequally
distributed, g, = 3l. 2, equation(3.28)revertsto the (scaled)Euclideandistanceusedin
bundleadjustmentin all casestheerrorsareassumedo be normallydistributed.

Feature Weights

Usingthe Mahalanobiglistanceo estimatehereconstructiorparametersequiressomea priori
knowledgeaboutfeaturequality. Without ary further knowledge aboutscenegeometry this
information needsto be derved from image content,which leadsto the criteria usedduring
featuretracking. Fromthisinformation,threedifferentweightsarederived:

Smaller eigervalue of structure matrix. For featuredetection,the smallereigervalue
of the structurematrix G of equation(3.2) is usedas quality criterion. Here,it actsas
indicatorfor thereliability of thewholefeaturetrail, yielding

= min( g 2n)l2 2= Wi lz 2 (3.29)

Intensity difference. The criterion for decidingwhethera featurecan be tracked ary
furtheris the intensity difference (d,) betweenthe featurewindows in the original and
the currentimage,calculatedusingequation(3.12). This weightfor the currentfeatureis
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(@) (b)

Figure3.7: (a) Theeigewvalues 1 and , of g representheuncertaintyperpendiculaf ;) andalong
( 2) the mostprominentedgein the featurewindow. (b) A selectionof featuresin arealimage. Fea-
tureson cornersof the patternshav low uncertainty and high uncertaintyon edges(apertureproblem).
Eigervaluesarescaledfor visualization.

thereforecalculatedas
1 — Wi

I I
d;fn fn (da) 22
Sincefor theoriginalimagethedifferences 0 by constructiontheeigervalueweightw .,
from above is usedto discerndifferentfeaturetrails. Thefeaturepointin baseimagef g is

weightedwith  ,{ , = aw,, , wherea is anarbitraryweightfactor

(3.30)

Structure matrix. As Kanazava pointsout in [Kan01b], the (normalized)covariance
matrix is equialentto theinverseof the secondderivative of asmallneighborhoodround
thefeaturepoint. The secondderivative correspondso the inverseof the structurematrix
G computedin equation(3.2). A detailedjusti cation is givenin [Kan01b]. This third

featureweight,givenas
G];-fn = G(qfn; f) ; (3.31)

not only represents scalarquality value as the precedingtwo, but encodegeliability
alongandperpendiculato the strongesedgein the featurewindow via its eigervectors
and-values. This propertyis outlinedin Figure3.7(a),while Figure3.7(b)shavs a real-
world example.

In [Kan01H, weightingusingthe structurematrix ¢ 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 be comparedo thresholdingputlier detectionscalarweights  and g,
andthefollowing robustestimatorsvith regardto thereconstructiorof longimagesequences
Section5.2.

3.5.2 Robust Estimators

The methodof minimizing the sumof squaredifferenceqSSD)of anerrorvectorin orderto
estimatehe parametersf anon-linearequationwhichis usedin mary instancesluring3-D re-
constructionhasonedistinctdisadwantagelt assumeanormaldistribution of measurementss
isthecaseaf only Gaussiamoiseis presentHowever, if outliersoccur suchasmismatchegboint
correspondencetheir squarecerror hasa disproportionatén uence onthesolution. LMedSis
ableto identify anddiscardsuchoutliersevenif they constituteup to 50 percentof thedata. Its
dravbackis the computationatostof repeatedlyevaluatingrandomsamplesandthe,albeitlow,
probability of missingoutliers.

An alternatve approacHor handlingoutliersis robuststatistic§Ham8§. Here thequadratic
errornorm, T | is replacedby differentnorms, r'le ( n), calledM-estimatos, which limit
the in uence of bad point correspondenceslhe two mostwell-known of theseestimatorsare

truncatedquadmatic,

( p_

x2 ifjxj< k
X) = : 3.32
ta(X) k otherwise ( )

andHuber's minimax

x2=2k + k=2 ifjxj Kk

3.33
iXj otherwise ( )

H(X) =

which are both quadraticbelov a certainthresholdandreducethe weight of x above. A third
functionconsideredhereis thelogarithmicLorentzianestimator

2

[ —

L(X)=1log 1+ (3.34)

| X

2
The three estimatorsare plotted in Figure 3.8 in comparisonto the quadraticnorm. A more

comprehensk selectionof robustestimatorcanbe foundin [Bla9g.
Rohust estimatoramay be appliedanyplacewherethe back-projectionerror is minimized
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—— quadratic —— quadratic
7L - - -truncatedquadratic 1 70 - - - Lorentzian
- - Hubers minimax
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Figure 3.8: (a) Truncatedquadraticand Hubers minimax with k = 2 in comparisono leastsquares
estimatoy(b) Lorentzianestimatomwith k = 0:5.

in orderto estimatesceneor cameraparameters.More precisely this is the caseduring non-
linearoptimizationof factorizatiorresults(cf. Section3.3.3),extensionto longimagesequences
(Section3.4.1),i. e.,camergarameteestimatioraswell astriangulation andbundleadjustment
(Section2.3.3). Aanaeset al. [Aan02] proposeda factorizationmethodbasedon Christy and
Horauds iterative approactwhich allots a weightto eachfeatureaccordingto oneof the above
robust estimators. However, this approachis not discussedurther here,asrobust non-linear
optimizationof factorizationresultshasa similar effect.

3.6 SceneGeometry Reconstruction

As alreadydescribedn Sectionl.2.1,renderinga light eld requiresdepthinformationin ad-
dition to the camergparametersynlessthe scenewassampleddenselyasit is donein [Lev9g].
Otherwise,ghostingartifactsmay occur if the real depthdiffers too muchfrom the assumed
one(cf. Figurel.5, page7). Therequiredsamplingdensityfor preventingaliasingor ghosting
artifactswasanalyzedoy [Cha0Q. For a sparsesamplingwhenusinga hand-heldcameraaddi-
tional depthinformationis indispensablelt canbe suppliedeitherasdensedepthmapsor asa
geometrigproxy. The computatiorof thesealternatveswill beintroducedn thefollowing.
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(@) (b) (€ (d)

Figure3.9: Differentdepthrepresentationsf image(a): (b) interpolatedrom 3-D points,(c) variational
approactand(d) alocal proxy

3.6.1 Depth Maps

Computinga densadepthmapfor eachof theinputimagesusingthe 3-D pointsobtainedduring
sceneand motion reconstructions straightforvard. The 2-D featuresqs, in animagef with
known 3-D positionp, yield asparsedepthmap,wherethe depthis calculatedas

Ztn = (Pn tr) rar (3.35)

t; denoteshecameraranslationvectorof thisimage,r 3; thethird columnof therespectrero-
tationmatrix, whichis theviewing directionof thecameralFor every pixel in theimage,adepth
valueis thencalculatedoy determiningthethreeclosesipointsandaveragingthe corresponding
depthvaluesweightedby the pixel's distancdo eachpoint. Theresultof sucha simpleandfast
depthmap computationis shovn in Figure 3.9(b) for the input imageof Figure3.9(a). It can
be seenthattheresultingdepthmapis quite detailedin structuredareasof theimage,while it is
coarsen ratherhomogeneouareaswhereno featuresveredetectedandreconstructedjk e in
thebackgroundf theimage.

The computationof a depthor disparity map from sterecimageshasbeeninvestigatedn
numerousgpublicationsand may leadto betterresultsthanthe methodabove, althoughoften at
a highercomputationatost. As an examplewe will usedepthmapsgeneratedy a variational
approachby [Alv02] asseenin Figure3.9(c), which includesa linear scale-spacapproachas
mentionedin [Wei99]. It makes useof the fundamentaimatrix F ; for disparity estimation
betweertwo imageswith camergprojectionmatricesP ; andP j whichis readily availablefrom
the precedingcameraparametereconstruction.If P; (andsimilarly P ;) is decomposeadnto
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P = (Xijx;),with X; 2 IR® *andx; 2 IR, F is computecas
Fi =[x XX %] (XX (3.36)

[a] denotegheantisymmetrianatrix performinganouterleft multiplicationby a:

0 1
0 dz do
[a] = %ag 0 alg : (3.37)
L 0

However, computingF j from the reconstructegbrojectionmatriceshasa dravback. The
estimationprocessof the projectionmatricesis a least-squareminimizationwhich is applied
to the parameter®f a large numberof camerapositionsat once. By minimizing the overall
error, the error for eachindividual cameraincreasesvith every additionalimage. Therefore,jit
is usually advantageouso computeF j; directly usingonly the imagefeaturesdetectedn the
correspondingmagesby applying,e.g., therobust8-point-algorithmof Section3.3.1.

The algorithmreturnstwo smoothdisparity mapswhich encodethe horizontalandvertical
pixel shiftfromthe rst, thereferencemage tothesecond Fromtheseadepthmapis computed
by applyingtriangulationto eachpixel in the referencamage. In orderto decreasgrocessing
time, the analytical solution is applied here insteadof the least-squaresolution of an over
determinedsystemof equationausedin Section3.4.1. It makesuseof the factthatthe shortest
connectiorbetweertwo linesis orthogonato both,i. e.,

(di+ti dj t)'de=0 ; (3.38)

wheredy is thedirectionvectorfrom the cameracentert throughimagepointqy, andk = i; j
for theleft andrightimage respectrely. Thesewo equationsaresolvedfor theunknovns and
. Themid pointof theshortestonnections selectedastheintersectiorof thetwo lines.

In somecasesthe“arti cial” smoothnessf the disparitymapleadsto the undesireceffect
thattheviewing raysthroughcorrespondingixelsarealmostparallel,whichresultsn areaswvith
verylargedepthvalues.Thisis handledby settingalimit to thealloweddepthrange.This depth
rangeis availablefrom the reconstructe@®-D points. The resultingholesin the depthmapare
eithersetto the maximumdepthvalue,or ignoredentirely during renderingwhich is achiezed
by a so-calledcon dencemap encodingthereliability of eachpixel in animage.In the current
stateof the systempnly reliabilities of eitherzeroor onearehandled.

An importantfactorfor the quality of a depthmapfrom disparityis the width of the stereo
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basebetweerthetwo imagegcf. Section2.1.3).Camergairswith anarrav steredbaseresultin

smalldisparitiesandthusnearparallelviewing raysfor correspondingmagepoints,whichleads
to unreliabledepthestimates.n continuousvideo sequencesyhich entaila ratherhigh image
frequeng, displacementtendto besmall,sothatit is advisablenotto selectadjacenframesas
imagepairs,but pairswhich arefartherapart. Additionally, quality canbe increasedy select-
ing multiple imagepairsfor onereferencerameandaveragingover the resultingdepthmaps.
Thesepropertiesareaccountedor by thefollowing basicselectionschemefor eachimage,two

correspondingramesareselectedvhich appearearlierandlaterin theimagesequencandare
asmuchasl10framesawayif possible.Theresultingdepthmapsareaveragedixel-wise,where
pixelsoutsidethe above depthrangearenot considered.

3.6.2 Local Geometry Models

Thetermgeometricproxy, for representinghe geometricpropertiesof a scenewasintroduced
in [BueO1]for unstructuredumigraphrendering.Insteadof a depthmapfor eachimage,depth
informationis provided asa global geometricmodel. This allows muchhigherframeratesfor
renderingon graphicshardware since depthat eachsamplingpoint of the syntheticimageis
then obtainedby castinga ray throughthe triangle meshof the global proxy. Functionssuch
asthis areimplementedvery ef ciently on graphicshardware. For local depthmaps,i. e.,one
depthmap perimage,determiningdepthis doneby rst selectinga numberof imageswhich
contribute mostto the currentview, intersectingeachof thesedepthmapswith the viewing ray
of the samplepoint, andthendeterminingthe depthvaluewhich is closestto the obserer. A
moredetaileddescriptionof this procescanbefoundin [Vog03, but it is obviousthatit is more
time-consuminghanif a proxy wereavailable.

After scenereconstructiongeometryinformationis only availableasa point cloudwhich is
notnecessarilglobally consistentFor long sequenceshesamefeaturemaybepresentnultiple
timesat differentpositionsif it is lost andselectedagainseveraltimesduring featuretracking,
complicatingthe computatiorof a singlegeometrymodel. Genericmethodsexist for generating
atrianglemeshfrom point clouds,suchas[Wag01,Wag03]. However, they areill-equippedfor
handlingsparsepoint cloudswith large numbersof, attimesconsiderablegutliers. Holesin the
geometrymodelareoftentheresult,appearingagainduringlight eld rendering.

Therefore,insteadof a global meshthe geometryis suppliedanalogouslyto local depth
mapsas so-calledlocal proxies onetriangle meshfor eachimage. They are generatedrom
the 3-D pointsvisible in the respectre imageby rst applyinga 2-D Delaunaytriangulation
(cf. [For97) to the correspondin@-D features.For this step,the publicly available TRIANGLE
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library, describedn [She96],is used. The resulting2-D meshis transferredo 3-D spaceby
addinga depthvalueto eachvertex using equation(3.35). Optionally, a regular grid may be
addedto the local proxy beforetriangulationin orderto extendit to the image bordersand
provide a moreregularsampling.The depthvaluesof the grid verticesareinterpolatedasin the
previous sectionfor densedepthmaps. An examplefor sucha local proxy is shavn in Figure
3.9(d).

Local proxiesconstitutea compromiséetweerdepthmapsandglobalproxies.They arenot
asaccuratesthe stereadepthmapsintroducedoefore but they accelerateenderingsincedepth
lookupin atrianglemeshis muchfasterthanin a depthmap. However, this lookup still hasto
bedonein severalmeshedor eachsamplepoint, thereforecomputationatostis higherthanfor
global meshes.A rst comparisorof the depthmodelsintroducedso far regardinglight eld
guality andcomputatiortimeswasdonein [Nie05].

3.6.3 Global Geometry Models

Generatinga global proxy from a point cloud is, as mentionedpreviously, dif cult dueto in-
consisteng of the points,sparsenesandoutliers. However, thereconstructiormprocesgprovides
additionalinformationwhich canbe exploited to generatesuchglobal meshespamelythatthe
neighborhoodelation of subsetf pointsin the point cloud is known from their visibility in
commonimages.Thisgreatlysimpli es thegeneratiorof aglobalproxyfor initial subsequences
usedfor theinitial factorization.Thesubsequeraxtensionof suchinitial proxiesto longerimage
sequences discussedhn the secondartof this section.

Proxiesfor Initial Sequences

A characteristiof the factorizationmethodsof the factorizationmethodsof Section2.2is that
all pointsp, in themeasuremennatrix W have to bevisible in eachof theF, imagesof the
subsequencer-rom this follows that noneof the p,, areoccludedandthata valid 2-D triangle
meshfor oneimageremainsvalid if the pointsare mappedto ary of the otherimagesof the
subsequencé/alid meansherethatno intersectingedgesxist in themesh.Thereforeany local
proxy for theimagesof thesubsequencs alsoa globalproxy for thewhole subsequendé only
thepointsin W areused.
The resultingmeshforms, in 2-D, a corvex hull aroundthe featurepoints. For light eld

renderingthisis insuf cient sinceno depthinformationis givenbetweenheimagebordersand
the mesh,andthe virtual imageis only renderecdat pointswheredepthis available. Therefore,



80 Chapter3. Reconstructiomf StaticLight Fields
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Figure3.10: Generatinga proxy for initial sequencega) initial local proxy with projectedmageborder
(b) addedimageborderfor secondcamera,c) nal global proxy with borderverticesinside the mesh
removed.

the 3-D proxy hasto be extendedoutwardsuntil the projectionsof the bordersof all imagesin
thesubsequencatersecthe mesh.

In orderto generatesucha mesh,the following processs applied. First, animagef ¢ is
selectedrom the subsequence.g., the rst image. For this, alocal proxy is constructedsin
the previous section,with the differencethatnot a completepoint grid is addedto it, but only a
numberof equally spacedoointson the imageborder This is depictedin Figure3.10(a)for a
2-D slice. For the following image,f 1, the borderpointsare projectedonto the existing mesh.
If the projectionintersectshe mesh nothingmorehasto bedone.If it missegshe mesh,adepth
valuefor the projectionis extrapolatedrom the closest3-D pointsin themesh,andtheresulting
3-D point is back-projectednto imagef ¢ usingequation(2.11), asshown in Figure 3.10(b).
Usingall pointsin imagef o, anew proxy is generatedisingDelaunaytriangulation.In the last
step,seenin Figure 3.10(c),all previous borderpointsnow locatedinside the proxy meshare
removed. This processs repeatedor all imagesf ¢,f = 2;:::;Fw L

While the resultingglobal proxy is not usablefor the whole sequencef input images,it
is neverthelesyery usefulfor the factorizationmethodselectionalgorithmoutlinedin Section
3.3.3.Althoughit is notasdetailedasalocal proxy, it is generatedjuickly, requiredittle memory
andthustakeslittle time to betransferredo graphicsmemory There,it allows high framerates
for renderingsothattherequiredquality measureanbe computedef ciently .
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Proxiesfor Long Image Sequences

For the above proxy, featureswhich arenot part of the initial subsequenckave not beencon-
sidered.However, in the procesf reconstructiont is desirableto useshorterfeaturetrails as
well, andit is necessaryo usethosevisible only in differentpartsof the sequenceThis second
stratgyy of generating globalgeometrymodelthereforedealswith theinsertionof new features
into themodel. It doesnot, however, demandvisibility of the proxy for thewhole of all images.

As opposedo corventionalmethoddor generatingrianglemeshegrom pointclouds,neigh-
borhoodinformationaboutfeaturess derivedsolelyfrom theimageshey have beendetectedn.
This hasthe adwantagethattheseneighborhoodelationshipsnayassumedo be correctaslong
asnofeaturemismatchesccut

Theinitial pointof proxy generations, again,alocal proxy generatedior anarbitraryimage
f o whichis partof theinitial subsequencén thefollowing, F cp denoteshe setof imagesvhose
featureswere alreadyconsideredor the local proxy. It is thusinitialized asFgp = ff ; jO
f <Fwo.

For addinga new 3-D featurepoint p,,, two casesare distinguishedj. e., the new feature
is locatedinside or outsidethe existing proxy. Which of thesecasesappliesis determinedby
inspectingeachtriangle(“face”) T' of the existing proxy with respecto eachimagef ; 2 Fgp.
A triangleconsistof atriple of vertices(vj, ; vj,; vj,). If all four points,v;,, v;,, v;, andp, are
visiblein f ¢, thebarycentriccoordinate$Sla02]of g;., with respecto the projectionof T into
f ; arecalculatedas

B = (Vo Gmod(V,: Gm1) (Voo Gmo(V,1 Gm))=a ; (339
B = (Vo Gmod(V,1 Gn1) (Moo Gmo)(V,1 Gmo)=a ;  (3.40)
b, =1 6 O ; (3.41)
where
— f f f f f f f f
a= (ij;O le;O)(Vjs;l le;l) (Vjs;O le;O)(ij;l le;l) (3.42)

andvjf denotegheprojectionof v; intoimagef ¢. T' is storedin asetof intersectedacesT;, if
all threecoordinatesy;; b,; 0, 0. If atleastonefacewasintersectedhenew pointis treatedas
beinginsidethe mesh.

However, thereverseconclusionthatthe pointis outsidethe meshif nofacewasintersected,
is nottrue. Thereforea secondestis performedj. e., the 2-D featureqs ., is projectedontothe
proxy for eachimagef ; it is visiblein. If thisyieldsanintersectiorof ary triangle,the pointis
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Initial set: pointsfpnog, 0 n%< Ny, outsidemesh

Selectimagef ¢, andfpng fpnog of pointsvisiblein f ¢,

Determineall verticesvy;; of the proxy borderwhicharevisiblein f ¢,

IF Borderedgess, = f(vp;; Vpj)g connectinghevy,; arenotcontinuous
THEN|Remaoref png fromf ppeg

ELSE |Apply Delaunaytriangulationto p,, andvy,; (1)

Insertedgeds, into new mesh reconnecintersectecdgey2)

Identify subgraphseparatethy edgesn E, (3)

Merge largestsubgraphwith proxy meshand remove addedvertices
from f ppog (4)

Remaore ary pointsfrom f p,,og which arenow insidethe proxy andadd
themappropriately5)

UNTIL jf progj= 0

Figure3.11: Adding new featuredo the outsideof a proxy mesh.

discardedOnly otherwises it consideredeingoutsidethe mesh.

New feature inside mesh. Enteringa new featureinside the meshis now straightforvard.
FromFgp, theimagef ¢, wherethe mostfacesfrom T, arevisible in is selectedo operaten.
All edgesommonto two facesareremoved,sothattheremaining surroundingedgedorm aso-
calledplanarstraightline graph(PSLG,[She96) togethemwith thenew pointq;, .,. Performing
aconstainedDelaunaytriangulationonthis PSLGyieldsanew submesfhincludingqs, .n, which
canbe insertedseamlesslynto the existing proxy. The old trianglesT;, areremoved from the
mesh.

New feature outsidemesh. Insteadof addingthe N o new featuresoutsidethe meshoneata
time, they areaddedtogetherf possible.The objective is to attacha triangle meshconnecting
the new pointsp,o, 0  n%< Ny, to therim 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 imagespaceusing Delaunay
triangulation,theimagef ¢, is selectedrom F gp wheremostof the borderedgesarevisible
alongwith asmary new pointsaspossiblethoughatleastone.

An overview over the following processs givenin the structurechartof Figure3.11. For
imagef ¢ ,, the borderfeaturesvy,i, 1 i W, visiblein it aredeterminedaswell asthe
subsetof new pointsfp,g  fpneg visiblein f ¢ ,. The setof borderedgesk, is composed
of all pairsof vertices(vy;; V) forming anedgein the existing proxy meshhaving only one
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imageplane new points T T

proxy border

(@) ©

Figure 3.12: (a) Projectionof the proxy borderand points outsidethe meshinto theimageplane. New
pointsandborderverticesare connectedising Delaunaytriangulation. Borderedgesare insertedafter
wards. (b) Intersectecedgesareremoved anda correctmeshis created.(c) Specialcase:partitioningof
themeshinto subgraphss forcedif borderendsinsidethe mesh.

adjacentface. A requiremenfor the algorithmto work is that E, forms a singlegraphin 3-D,
andis not partitionedinto subgraphsOtherwise the undesiredesultof oneedgehaving more
thantwo adjacenfacesmayoccur In this casethe currentlyselectedpointsarenotaddedand
thealgorithmcontinueswith theremainingfeatured phognf pmg.
Theremainingstepsareperformedonthe 2-D featurepositionsof pointsfp, g, i. €.,f gs m 0,
andborderverticesv{);i asdepictedn Figure3.12. The processs subdvidedinto the following
ve tasks:

1. In the2-D spaceof f ¢, a Delaunaytriangulationis appliedonf g¢ mg andvfb;i asshavn
in Figure3.12(a).

2. Theold borderedgedss, arenow insertednto thenew mesh(Figure3.12(a)).SinceDelau-
naytriangulationis ambiguoussomeof theedgesn E, maynotexistin thenew mesh but
intersecexistingedgesas,e.g.,in Figure3.12(b).In this casethe samemethodasfor in-
sertingpointsinsidethe meshis applied,i. e.,theintersectecddgesandfacesareremoved
anda PSLGconsistingof the surroundingedgesandthe borderedgeis triangulated.
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3. Usually, edgesor even verticesare locatedon both sidesof the projectedimageborder
Thereforethe new meshis partitionedinto subgraphglelimitedby E,. The specialcase
sketchedn Figure3.12(c)hasto beconsideredhere:if anendvertex of thegraphdescribed
by E, is insidethe mesh—beinghe caseif the vertex hasasmary neighboringedgesas
faces—themeshhasto be subdvided nonethelessTheterminalborderedgeis therefore
extendedandall intersectecedgesandfacesareremovedfrom the mesh.

4. Thesubgrapkcontainingthe mostpointsfrom f p,g is now selectecandmergedwith the
existing global proxy mesh.If this selectionwerenot done,the resultingmeshwould end
up with edgeshaving threeadjacentfacesin 3-D, which is not admissible. The points
addedo the global proxy areremovedfrom the setof remainingpointsf p,g.

5. The remainingpointsaretestedagainwith respecto their locationinside or outsidethe
proxy andareaddedaccordinglyin the former case.For the pointsstill outsidethe proxy
theprocesss repeatedintil no pointsremain.

After thusaddingthe new pointsfoundin eachconsecutie image,thereremainsanoptional
checkto be performedon the proxy border As Delaunaytriangulationcreatesa corvex hull
aroundthevertices,aconcae outlineof anobjectmaybe paddedvith additionalfaces.In order
to identify thesefacesat the rim of the proxy; it is testedwhetherthey occludefeatureswvhich
should otherwisebe visible in someimage. If so, the borderfaceis removed. This process
may be repeatedintil eitherno morefacesareremoved, or until a certainmaximumnumberof
iterationsis reached.

As mentionedbefore,the advantageof this approachs that neighborhoodelationshipse-
tweenverticesin the proxy arede ned in 2-D imagespacefrom featuresactuallyvisible in a
commonimage. However, this alsoimposesguite stringentrequirement®n the featuresused.
The longera featurehasbeenvisible, the higherthe possibility of nding animagewhereall
neighboringpointsarevisible, too. Thereforejt is recommendetb useeitherfeatureprediction
by back-projectionasdescribedn Section3.7.1,0r non-sequentiarackingasoutlinedin Sec-
tion 3.2.3to increasehelengthof featuretrails. Additionally, it is advisablgo seta lower limit
onthelengthof thesetrails.

At presentthe mainlimitation of theseglobal proxiesis that neithermultiple, independent
objectsnor holesin oneobjectcanbe modeled.Thereforethealgorithmrequiresfurtherre ne-
mentandshouldberegardedasa startingpointfor furtherresearch.
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Initialize framenumber:f := 0

Trackpointfeaturego framef anddetectnew ones

f=f+1

UNTIL min. numberof featuredN i, visiblein all framesreachedrf = Fiit 1
Apply factorizatioormethodto frames0; :::;f 1

WHILE f < F

Trackpointfeaturego framef anddetectnew ones

Triangulate3-D pointsandcalibrateframef

f=f+1

Figure 3.13: Lineartrackingand calibrationover F imagesin two steps:factorizationof initial subse-
guenceof maximumsizeF i andcalibrationof subsequerimages

3.7 Information FeedbackLoops

In orderto reconstruct light eld from animagesequencea numberof processingtepsare
required,asoutlinedin Section3.1. As it wasalsostatedthere,it is often possibleto usethe
resultsof laterstepdo re ne precedingonesin so-calledeedbacKkoops. Examplesncountered
so far arethe automaticselectionof factorizationmethods,aswell asnon-sequentialracking
andreconstructionin the following, four moreexampleswill be outlined,the formertwo using
informationfrom the calibrationstep,thelattertwo usingthereconstructedight eld.

3.7.1 Feature Prediction by Back-Projection

Theissueof featuredeinglost dueto occlusionor moving outof thecameras eld of view was
addressedlreadyin Section3.2.3usingnon-sequentiakacking. Thedravbackof thisapproach
is thatit requiresa viewpoint meshconnectinghe centersof projectionof neighboringcamera
positions.If this meshis generatedisingthealgorithmof Section3.4.2,trackingandcalibration
have to be donetwice over. In additionto that,the meshgeneratioralgorithmdoesnot consider
whethertheimagesactuallyshow similarviews of thesceneput ratherinfersit from thedistance
of therespectre camerasandtheir differencein viewing angles.However, the selectionof the
anglethresholdis a heuristicchoiceand doesnot take into accountthat it dependson mary
factorslik e distanceof the camerasdistancerom the scenesurface,andfocal length.
Thereforenow theinformationwhich is actuallyseenby the cameraj. e.,thefeaturepoints
onthescenesurface,is usedto gainknowledgeaboutimagesimilarity. In addition,thesequence
of imageprocessings changedn orderto reconstructhe scenen asinglepasswhile informa-
tion feedbackirom calibrationto featuretrackingremainspossible.As outlinedin Figure3.13,
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trackingandestimationof the next camergpositionarenow donealternatinglyimageby image,
insteadof rst trackingfeaturesover all imagesfollowed by anindependenteconstructiorfor
all images. Initialization by factorizationis still donefor a setof imagesat once,but always
startingatthe rst image.

The problemof featuresmoving out of the cameras eld of view andreappearings now
handledoby consideringthe back-projectiorof the corresponding-D point p, to theimagef .
currentlyprocessedThis is doneaftera rst calibrationof the currentimages camergparame-
ters,sincetheprojectionmatrix P ¢ is requiredfor back-projectionFeaturesvhich werelost at
anearlierstageandthereforenot trackedto framef ., but whoseback-projectionsgall within the
cameras eld of view, arethentracked againusingthe back-projectegoint chn = P¢.pn as
initialization.

Thelastissuethatneedgo besolvedis theselectiornof thesourceémagethe predictedeature
is to betrackedfrom. Usually, notonly one,but severalfeaturesareto beretracledat once,and
for eachoneanimagehasto beselectedo beusedasatemplatefor featurewindow comparison.
However, theremay be no singleimagewhereall featureshave beenvisible before. Therefore,
thisquestions importantasit is desirablgo useasfew differentsourceémagesaspossiblewhile
successfullyrackingasmary featuresn aslittle time aspossible.Threedifferentstrategieshave
beenimplementechndtested:

1. Exhaustiveseach. All imageswvhereatleastonepredictedfeaturewasvisiblein areused.
As alternatves, eitherall featuresaretracked from eachsourceimage,or only thoseare
selectedvhose2-D coordinatesreclosesto theprediction.In eithercasethe complexity
increasedinearly with the numberof imagesprocessedn the worst case,asthe costfor
trackinga singlefeatureis low comparedo the overheadequiredfor trackingfrom anewv
imagedueto the Gaussiampyramidthathasto be computed.

2. Highestnumberof featules r st. Theimagef o with the highestnumberof featuresgs
visible in is selectedrst. For the following selectionsthe featuresthat have already
beenattemptedo be tracked are not countedanymore, but neverthelesgracked againif
necessarylheselections stoppedafteraprede nednumberof imageshave beenchosen.
This guaranteethatcompleity staysconstanivith the numberof imagescalibrated.

3. Weightedselection Likebeforeaprede nednumberof sourcamagess chosenbut using
aweightvalueasselectiorcriterion. Eachimageis givenaweight

X\I 1 dmax d(chn; qfn)

3.43
hat1 dva (3:43)

Ws =
n:
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Figure 3.14: Examplereconstructiorof a camerapath aroundan object. Correctcamerapositionsare
denoteduy dottedtriangles,erroneou®nesby solid triangles.

erroneougamera

whereh, is the numberof imagespreviously selectedvherefeaturen wasvisible in al-
ready thus reducingthe weight of featureswhich were unsuccessfullytracked before.
d( ; ) denotef€uclideandistanceandd,,ax is themaximumpossibledistanceof two points
in animage.Theimagegiventhehighestweightis selected.

After tracking the predictedfeatures,the reconstructioralgorithm continueswith feature
trackingto thenext imagef . + 1.

3.7.2 ClosingLoopsin CameraMovement

Themainproblemarisingduringthe reconstructiorof alongimagesequenceisingthe method
of Section3.4is that, thougherrorsmay be smallfrom oneimageto the next, they accumulate
over a large numberof imagedeadingto inconsistencies the geometryreconstructionIn the
following, it is assumedhatthe cameras movedin loopsaroundasceneeg.g., to view anobject
from every directionor to geta densesampling. The following approachwhich was already
introducedin [Sch04¢, wasinspiredby solutionsin the eld of simultaneoudocalizationand
mapping(SLAM) for robotnavigation. Here,thegoalis to generata globally consistentmapof
the surrounding®f arobot[Lu97], while the datafrom therobot's sensorse.g., odometryand
acameraareunreliable.Consisteng of the mapcanbe establishedvhentherobotreturnsto a
previous positionandrecognizedandmarkst hasseenbefore. The accumulatecerrorcanthen
be determinedandtherestof themapcorrectedaccordingly For the caseof 3-D reconstruction,
loopsin cameranovementareusedto updatethe poseestimatiorfor all previousimages.

The problemof accumulatingerrorsis demonstrateth Figure 3.14wherea cameramoves
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in a circle aroundan objecttaking 10 imagesin the process.The correctcamergpositionsare
equally spacedaroundthe object,but an error of only aboutfour degreesfrom eachcamerato
the next addsup to morethan35 degrees.In orderto geta correctreconstructiorthe circle must
be closedagainby removing thisinconsisteny.

We assumeéhatF camergpositionsform aloop andthatcameraD follows againon camera
F 1. Assumingfurtherthata viewpoint meshfor non-sequentiarackingasin Section3.2.3
is available,featuresaretracked from imageF 1 toimage0, thusestablishinga relationship
betweenthe two images. By applyingthe algorithmof Section3.4 the displacemenbetween
thesecamergoositions, tg 1, is calculatedvith amuchhigheraccurag thanbeforewhenthe
accumulate@rrorwasincluded.

Usingthis new informationthetaskof closingtheloopis againformulatedasanoptimization
processFor now, only thetranslationvectorof eachcamerat , is consideredThedisplacement
vector betweentwo camerads denotedby t; = € = t;,; t; forO f < F 1L
Additionally, € 1 constituteghe currentdisplacementectorbetweenastand rst camera
while tg ;isthecorrespondingametdisplacementalculatedabove. Thus,forO f < F the

ts form thedesiredsetof displacementwhile the € arethedisplacement# be optimized.
Theresidualvectoris de ned as

L= (to €)(t &) (&) (3.44)

andusingthe Levenbeg-Marquardtalgorithmthe camergoositionsts ;f > 0, areoptimizedby
minimizingtheresidual 7 . The rst camergositiont is keptunchanged.

This approachconsidersonly the translationvector of eachcameraposition, but doesnot
altertherotationof the cameras For the exampleof Figure 3.14,the camerasiow do not face
exactly towardsthecenterof thecircle anymore. Thereforethemissingrotationto afull circleis
incorporatednto thecomputatiorof theresidualvector It is calculatedastherotationdifference
betweerthe lastandthe rst camergpose, R = RgRr 1'. Lackingary otherknowledgewe
assumehatthe fEth partof this rotation, Ry, is missingin eachdisplacementvector R+
is computedusingsphericalinearinterpolation(cf. [Wat92]) on a quaterniorrepresentationf

R. Thusthenew displacementvectorsarecomputedas

bf = RiR+ (tf +1 tf) . (345)

Usuallyanimagesequenceéoesnotconsistof exactly onerevolutionaroundanobject.More
circularcameramovementsnayfollow the rst one,andin suchcasest is notdesiredo change
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the camerapositionsin a loop alreadyclosedbefore. Fromthereon, the positionof a camera
onceadjusteds keptuntouchedandthealgorithmaboveis only appliedto latercameras.

Changinghecamergositionsrenderghe 3-D pointpositionsinvalid, sothatthey haveto be
recalculatedThis is doneby againminimizing the back-projectiorerrorduringanoptimization
of the3-D points.

Finally theresultis againoptimizedglobally usingbundleadjustmenasdescribedn Section
2.3.3. Theintrinsic parameterareassumedo be correctandbundleadjustments only applied
for the extrinsic parameterslf only somecameraof a loop wereadjustedn the closingstep
before,only thoseareoptimizednow, too.

As mentionedbefore,if it is not known whena cameraloop hasbeencompletedandthe
closing algorithm shouldbe applied,a viewpoint meshcan be generatedising the algorithm
of Section3.4.2to gain this knowledge. An unsohed problemusingthis methodis that large
displacementarenot detectedwhile the closingalgorithmmalkesthe moresensehelargerthe
accumulatecerror In thosecasesprior knowledgeaboutthe imageneighborhood$iasto be
used.

3.7.3 Optimizing SceneGeometry

Reducedquality of imagesrenderedrom alight eld hastwo sources:inaccuratelyestimated
camergparameterandwrongdepthinformation. Theresultingerrors—blurringdistortionsand
superpositions—weralreadyintroducedbrie y in Sectionl1.2.1. After introducingtwo feed-
backloopswhich aremeantto reducethe errorin camergparameterghe following approaches
dealwith improving depthinformationby meansof renderedmagequality, measuredy the
averagesquaredpixel differenceof equation(3.21). The objectve is to improve the quality of
eitherdepthmapsor a global proxy, two instance®f a similar approachreatedn [Stin05]and
[HopOg respectrely, which will be summarizedn thefollowing.

Optimizing Depth Maps

Like in mostoptimizationprocessemtroducedso far, the Levenbeg-Marquardtalgorithmis
usedhereagain,althougha numberof adjustmentdave to be applied. The residualvectorin
this casecontainsthe pixel-wisedifferencedetweena renderedmageandthe unusedoriginal
imagewith thesamecamergpose(cf. Section3.3.2).Basically theresidualvectorfor onedepth
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mapto beoptimizedis givenas

1
f (xo) f(Xo;20)

f(xa) x22) E |

po = (3.46)

f(Xm 1) fb(XM 1,Zm 1)

whereM is thenumberof pixelsx ,, in theimage,andeachpixel in therenderedmagedepends
onthecorrespondinglepthvaluez,, atthe sameocation. Thus,theresidualvectoris modi ed
by changinghedepthvalues.

Two majorproblemshave to be consideredisingthis approachFirstly, the Levenbeg-Mar-
guardtalgorithmminimizesthe residualvector by computingits Jacobiammatrix J , which is
of sizeM M. Evenfor smallimages,this matrix becomedar too big in termsof memory
requirementand computationtime. Therefore the imageis subdvided into small rectangular
windows andeachoneis processedhdependentlyThis reducesoththe sizeof eachindividual
Jacobiammatrix andthe numberof parameter$o be optimizedat once.

The secondoroblemis thatwhile the Levenbeg-Marquardtalgorithmworks on continuous
functions,theresidualvector po will only containdiscretevalues,sincepixel valuesrepresent
guantizedintensities. This fact affectsthe numericalcalculationof the Jacobianmatrix using

nite differencesi. e.,eachentryis computedas

@(XmiZm) _ (XmiZm+ @m)  (Xm;Zm)
@n @n

If @, ischosentoosmall,thedifferencewill notsufce to changehecolorvalueof pixelx r,, SO

that (Xm;Zm+ @m) (Xm;zm) = 0andtheoptimizationalgorithmis stuck.Thereforealarger

depthdifference@, is chosen.In [Siin05], a guidelinewasgiventhatthe pixel displacement
in the sourceimagesfor renderingresultingfrom a depthdisplacemenin the renderedmage

shouldbein the orderof onepixel.

(3.47)

Although this methodmay generategoodresultsin somecasesasshowvn in Figure3.15, it
suffers generallyfrom the fact that a local optimizationalgorithmis appliedto a problemwith
toomary parametersin mary casesit runsinto alocal minimumquickly anddoesnotimprove
the resultssigni cantly, evenif it is initialized using,e.g., oneof the depthmapsfrom Section
3.6.1.Thereforethenext stepis to applyasimilar methodto aglobalproxy meshwhich contains
only very few nodesthusreducingthe sizeof the parametevector
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Figure3.15: A depthmap(c) generatedor the 128 128pixel image(a) from a at initial map(b). The
imagewassubdvidedinto windows of size4 4 pixelsandtheresultwasmedian ltered. Imagesaken
from [SUN0Y.

Optimizing Global Proxies

A globalproxy, asde nedin Section3.6.3,constitutesa trianglemeshof V verticesv!, 1 |
V. Insteadof optimizingM depthvaluesz,,, onefor eachpixel, it is now sufcient to adjustthe
positionsof the verticesin space.This leadsto a 3V -dimensionaparameterector

vy = (vEvhvEioowwwd)T (3.48)

In [HopO06], global proxiesare consideredvhich mostly consistof a regulargrid of between
8 8andl16 16vertices.Thesizeof theparametewectoris thustwo to threeordersof mag-
nitude smallerthanin the caseof depthmapoptimization. The locally cornvergentLevenbeg-
Marquardtalgorithmis much betterequippedto handlethesereducedparametewnectorsizes.
Onthe otherhand,the errorvector gp is de ned analogouslyto po givenin equation(3.46),
containingthe samenumberof entriesaswell. Consequentlythe Jacobiammatrix 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 shawvs 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 andlik ely to yield evenbetterresults.

Althoughthe optimizationof a global proxy regardingimagedifferenceyields goodoverall
results,the currentapproachretainssomedravbackswith potentialfor considerablemprove-
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Figure3.16: A global proxy (c) generatedrom a at initial proxy (b) with 16 16 vertices. A single
referencémage(a) wasusedand5 iterationsof the Levenbeg-Marquardtalgorithmwereapplied.

ment. Currently no precautionaretakento preventverticesto be movedin suchaway thatthe
connectedrianglesoverlap. While this hasno visual effect on renderingquality, it is anunde-
siredeffect. Therelative in uence of verticesis shifted,up to the pointwhereindividual vertices
have noin uence at all onimagequality. This effect may be preventedby displacingvertices
only perpendicularhto the planeof the imagecurrently consideredtherebyalsoreducingthe
sizeof theparametevectorv;. However, thisapproachremaingo beimplementedndveri ed.

3.7.4 Extending Existing Light Fields

Sofar, thedescribednethodsfor light eld reconstructiongspeciallyfeaturetracking,assume
thatcameramotion betweenwo consecutie imagesis quite low andthatthe searchrangecan
thusbe restrictedconsiderably The dravbackof this assumptions that oncethe recordingof
animagesequencéasbeencompleted,nding featurecorrespondencds ary new imagesor
imagesequencegvhich weretaken later from a differentview point posesa problem. For the
light eld, thismeanghatonceit hasbeenreconstructedrom oneimagesequencsit is dif cult
to extendit in orderto, e.g., coverabroadewiewing rangeor improveits quality by addingmore
images.t is thereforenecessarjo atleast nd themostsimilarimagein thelight eld totheone
to be added.Sincethe disparity betweenthosetwo imagesmay be too large for robust feature
tracking,it is desirableo additionallysupplya goodestimateor the new featurepositions.

In thefollowing, two methodsoriginally introducedn [Deu04]arepresentedvhich areable
to determineboth the closestimageanda featurepositionestimate. The rst oneis basedon
SIFT featuresasdescribedn Section3.2.2. Thesecondapproactusesherenderedmagesrom
theinitial light eld asfeedbaclfor a parametesearch As positionestimatesthe SIFT feature
matchingyields a 2-D homographywhich describeghe transformatiorfrom the closestto the
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new image.The parametesearchreturnsa camergposeestimatiorwhich canbe usedto predict
featuresby back-projectiorof known 3-D points.

Matching with SIFT Features

In this approachdeterminingthe mostsimilar imageto a new onewill be doneby afull com-
parisonwith all known imagesalreadyin thelight eld. The 2-D homographyfor subsequent
trackingis calculatedusingthe SIFT featurecorrespondences.

Image Matching. The techniquefor estimatingwhich of the imagesof the rst sequences
mostsimilar to the rst imagef (testimage)of the secondsequencés basedon majority vot-
ing. For everyimagef ;i = 1,2;:::;F, in the rst sequencea setof SIFT featuresG =
fct;c?;:::;cNigis calculated. ThevalueN; denoteghe numberof SIFT featureswhich were
]

is computedor thetestimagef. For countingthe votes,anaccumulator

X :
a = (f argminmind(c!;e")) (3.49)
n=1 i :
is used,where is the Kronecler deltafunction, a; is the accumulatoentryfor imagef ¢ and
d( ; ) is the Euclideandistanceof two SIFT features.Theindex b for the bestmatchingimage
f pisretrievedfrom theaccumulatoby b= argmaxa; .
f

Homography Estimation. Evenif f j is foundto bethemostsimilarimagein thelight eld to
thenew imagef, featuretrackingmaystill have to solve large displacementsvhich surpasshe
usualbasinof corvergence.In orderto dealwith ary rotation,translationandscaledifferences
betweerthetwo imagesthe SIFT featurecorrespondencdeundpreviously areusedto estimate
a homography(cf. [Har03]), which yields a position predictionfor tracking featurepointsin
imagef. For this purposewe calculatea setof the coordinatef the N, bestmatchingSIFT

transformatiorof x; to B; is aprojectve transformationthe homographys givenas

Mo=HM,; ; (350)
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wherematrixH 2 IR® 2 is thehomographynatrix and

M
M

(3.51)
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The overdeterminedinear equationsystemof equationg3.50)is solved usinga leastsquares
estimationnamelythe pseudo-inerse(cf. [Pre93), providedthatN , > 3. Finally, H is usedto
estimatethe positionsof featurepointsin £ by mappingtheir 2-D positionsfrom f , to £.

Parameter search by rendering feedback

In the previous approachthe camergparameteestimationhasonly usedthe original imagesof
theexistinglight eld for imagematching.Thefollowing method however, makesuseof images
renderedrom arbitraryview pointsusingthelight eld itself.

For ary setof camergposeparameters, thelight eld canbeusedto generatéheimagef
correspondingo thoseparameters. containghesix extrinsic parametersf thecameraj. e.,its
rotationandtranslation.This generatedmagecanbe usedto searchfor the camergparameters
e of theimagef to beaddedby searchindor the suchthatf is closesto £.

Using a distancemetric to compareimages,the parametessearchbecomesa global mini-
mizationproblem.For this,thesum-of-squared-diérencegSSD),analogouso equation(3.21),
is used.SSD's maindrawbackis its lighting dependencéyoweverto extendalight eld thenew
imagesareassumedbe recordedvith the samdighting conditions.

Several optimizationalgorithmscanbe appliedto this problem,of which two (related)ap-
proacheswere adopted: adaptve randomsearch(ARS) [Tor89, andthe particle lter (PF),
speci cally the Condensatiomlgorithm[Isa98]. Both approachesnaintaina currentsetR; of
camergarametehypotheses;;i = 1;:::;JR ], wheret is aniterationindex andjR ;j the x ed
sizeof theset. Eachhypothesis ; alsohasascalarrating%; whichis derivedfrom theimage
comparison.Theinitial setR o canbe derivedfrom the camergparametersf the rst sequence
for a global search,or clusteredaroundan initial estimate. Both approachegerate over this
setseveraltimesto ne-tuneit, by generatinghew hypotheses . ; andratings%,, ; from the
currentones.The methoddiffer in how thenew hypothesisetis generated.

For ARS, therating is the sameasfor the SSD distancemeasure.R.; is generatedrom
R by discardingtheworseratedhalf of all ;, andreplacingthemwith diffusedcopiesof the
betterratedhalf. Thediffusionis anadditve Gaussiamoise,the standardieviation of which is
dervedfrom the spreadf the original camergparametersThis standardleviationis reducecn
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eachiterationto decreas¢hesearcharea.

Unlike ARS, the PF algorithm usesa probabilisticframevork. The rated hypothesisset
representghe probability density function (PDF) of the cameraposition, p( j€), given the
targetimage.Suchratedhypothesegrealsocalledparticles Applying Bayes'formulayields

()= Zp(Bi 0RO (353)

with ¢ a normalizingconstant.Thus,we seekinformationaboutthe camergparameters ; cor
respondingo the new imagef. As with ARS, theinitial a priori densityp( o), representethy
R, canbeuniformly distributedoverthesearctspaceor clusterecaroundaninitial estimate .

Theapriori densityp( ;) is derivedfrom thepreviousaposterioridensityp( ; 1jf) through
Z
P( )= p( ¢t )p( ¢ df)d (1 (3.54)

In typical particle Iter usagethis modelsthe noisy statetransitionover time. Sincethe stateis
not expectedo changethisis merelyadiffusingprocessaswith ARS.
Thelikelihoodp(£j ) is derivedfrom theimagecomparisorby constructinga Gibbsdistri-
bution [Bla92]:
pEI )= cexp  E (i ) (3.55)

with k a normalizingconstant.For eachhypothesis ;, theratingis %; = p(Fj ). Theterm

E(fj ,) is an error enegy, comparingthe target imagewith the image correspondingo the

hypothesis ;. The betterthe hypothesismagematcheghetamget, the lower the enegy should

be. TheimagecomparisommetricusedtheSSDovertheimagespacehassuchaproperty andis

usedunchangedor E (Fj ;). However, this mayresultin very similar enegiesfor all compared

images,which erodesthe particle Iter' s effectiveness.Multiplying the SSD by a scalarvalue
> 1requiresa hypothesigo be muchcloserfor agoodrating.

Using this likelihood de nition as a hypothesisrating, the PF solves the combinationof
equationg3.53)through(3.55)usingMonte Carlointegration. A new setR ., is derivedfrom
R: by samplingfrom the latter, usingthe ratingsasa samplingprobability, andthenre-rating
Ri+1. This new setrepresentshe PDF whosemain modeis the hypothesise with the lowest
imagediscrepang from £.

Therearetwo caveatswith this method.If the optimizationstartsfrom a singleinitial state
estimate the standarddeviation of the particle diffusion must be chosenlarge enoughso that
the particlessearchbeyond any local minima. Secondly the resultsmay by biaseddueto the
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renderingof light eld images. An imagerenderedrom a light eld will often exhibit local
distortions,causingthe minimumto divergeslightly from thetrue camergparametersf £.
Thus,bothARSandPFdetermineanestimatdb1e for theprojectionmatrixof £. Usingback-
projection,featuresn £ cannow be predicted. The questionremainingis which baseimageis
to beusedto trackthefeaturedrom. Severalapproachearepossiblej. e.,usingtheestimate
of the previous SIFT approachdeterminingthe mostsimilar camergposeusingthe methodfor
building a camerameshof Section3.4.2,or the mostsimilar imagebasedon the differenceof

back-projectedeaturesof equation(3.43).



Chapter 4
Dynamic Light Fields

In this chapter oneof therestrictionsmadeso far will be suspendediamelythatthe recorded
scenehasto be static, with no movementbeingvisible at all. Instead,it will now be possible
that partsof the sceneor singleobjectsin it arein motionbetweenor duringrecordings.These
dynamicscene®penup anentirelynev domainof problemsto be solved, especiallysinceit is
still assumedhatonly onehand-heldcameras availablefor samplingthe scene.Theresulting
light elds aretermed,consequentlydynamiclight elds.

A characterizatioof thisnew problemdomainwill begivenin the rst sectionof thischaptey
wherethe new requirementgo reconstructioras well asrenderingof the nal light eld are
de ned. Thefollowing two Sections4.2and4.3,will introduceanddealwith thereconstruction
of differentkinds of dynamiclight elds. Step-wisestaticlight elds assumehatseveralimage
sequencesf a scenewere recorded,whereeachrepresent®ne time step of the motion. In
contrastto that, the seconaype of light eld allows motionduringrecording,but restrictsit to
objectswhich arerigid in themseles.The nal sectionof this chapterintroducegechniquegor
extendingexisting renderingechnique$o accommodatéhesenew kindsof light elds.

4.1 From Static to Dynamic: Additional Requirements

While thestaticlight eld constitutesasimpli cation of theplenopticfunction—asntroducedn
Sectionl.2—froma7-D functionto 4-D, thedynamiclight eld reintroduceshetime parameter
andthusincreaseshe parametespaceagainto 5-D. In orderto handlethisincreaseadomple-
ity, new techniqueshave to beimplementedn termsof reconstructiondatamanagementand

renderingascharacterizeth thefollowing.

97
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Reconstructing dynamic light elds. As before,it is still assumedhat the imagesfor light

eld reconstructiorare recordedwith a single hand-heldcamera. If nothingis known about
scenemotion, classicstructure-from-motiorand calibrationalgorithmssuchasfactorizationor
bundle adjustmentareno longerapplicable. On the otherhand,if nothingis known aboutthe
recordingcamerano informationaboutscenegeometrycanbe inferredthrough,e.g., triangu-
lation. Someadditionalknowledgeabouteithersceneor cameramotion hasto be presumedn

orderto overcomethis deadlock.

Both step-wiseandrigid objectapproacheso dynamiclight eld reconstructionntroduced
in this chapterassumehattherecordedscenes only partially in motion. Thus,theimagesshov
aconsiderabl@artof thebackgroundvhichis static. Featurgpointsdetectedn thebackground
thereforeconstitutereliable datafor 3-D reconstructionandthe taskis reducedto discerning
staticfeatureson the backgroundrom dynamicfeatureson objectsin motion.

A furthersimplifying constraintis appliedfor step-wisedynamiclight elds concerninghe
recordingprocessHere, it is assumedhatsceneandcameranotionaremutuallyexclusive,i. e.,
thescenechange®nly if thecameras motionlessandvice versa.

Memory management. As with video sequence# contrastto still images,dynamiclight
elds requirea considerablygreateramountof memoryor storagespacethanstaticlight elds
dueto the higherdimensionality How muchmorememoryis requireddependsnainly on the
amountof motionin the sceneandthusthe numberof time stepshemotionis dividedinto.

Again, like for video, the information storedin a dynamiclight eld may containa lot of
redundang for thosepartsof the scenewhich are not in motion. In orderto cover a certain
amountof time andmotionfor the dynamicpartsof the scene samplingof the static partswill
increasdik ewise. Identifying this redundang would bethe rst stepto moreef cient codingof
dynamiclight elds.

However, even thoughencodingof dynamiclight elds turnsinto an ever more important
areaof researchjt will not be consideredn this thesis. Ef cient compressiorstrateies for
staticlight elds with imagespositionedon aregulargrid have beenexamined.e.g., by Magnor
in [Mag00, Mag0]. A similar approachwas extendedto dynamiclight elds recordedwith
multiple but immobile camerasn [Fec0g. Theirregular cameragpositionsetupresultingfrom
hand-heldcameramovementhasso far not beenconsideredn currentresearchput offers a
challengédor its own branchof researchn videocoding.

Visualization. Visualizinga dynamiclight eld requiressomeadditionalfunctionality As a
rst approachthereconstructetight elds will bedividedinto time stepswhich shav consecu-
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tive, previously obsenred statesof the dynamicscene.ln orderto visualizethese thelight eld
rendererhasto be ableto switch backandforth ef ciently betweenthesetime steps. This re-
quiresa suitablelabelingof the inputimagesor subimagesvith time stampsandthe ability of
therenderetto switchbetweerthesesubset®f the datawith little delay

Startingfrom theserenderingtechniquesijt is desirablethat even time stepsbetweenthe
labeledonesweresynthesizedby therenderersothata continuousviewing of thescendghrough
timeis possible.Ontheotherhand,if themotionof rigid objectsasin Sectiorn4.3is considered,
being able to visualizethem independentlyfrom eachotheris anotheroption. However, in-
depthtechniquedor renderingdynamiclight elds will neitherbeatopic of thisthesisalthough
somesuggestionsvill be madehow to handlelight eld datalabeledaccordinglyduring 3-D
reconstruction.

4.2 Step-Wise Static Light Fields

The rst typeof dynamiclight eld describechere,whichwas rst introducedin [Sch02]and
[Sch04b],is calledstep-wisestaticasthe dynamicscends dividedinto k time stepswhereeach
time stepis modeledwith acompletestaticlight eld of thescene.Thus,noassumptions made
abouttherigidity of the objectsin the scene—rigidaswell asdeformableobjectsmay thusbe
modeled.

The input imagesusedin the following to reconstructa dynamiclight eld needto ful ll
two main requirements.Firstly, oneimage sequencanustbe available for eachtime stepso
thatthek staticlight elds canbereconstructeétom them.Secondlyfor two consecutieimage
sequencethelastcameraof the rst sequencenusthave approximatelthesameposeasthe rst
cameraof thesecondsequenceyhich meanghatthetwo sequencelBave onecamergositionin
common.In practice the cameras movedover the scenewhile the objectsin it stayimmobile,
andis keptsteadywhile the objectsaremovedto the next position. This secondoart, wherethe
objectsaremoved,is cutaway, leaving thedesirednputimagesequenceslhus,theimagesseen
from thecommoncamergpositionof two sequenceshav a differentstateof the moving object
in the scene This differentimagecontentposeshe maindif culty for registration.

The dynamiclight eld is reconstructedrom this input databy rst calibratingandrecon-
structingthe individual image sequenceand then registeringthe resultingthreadsof camera
positionswith eachother Finally are nementstepcanbe appliedwhich calibratesall cameras
together The assumptiorwhich mustbe madein orderfor this last stepto work is the oneal-
readymadein Section4.1, beingthatdynamicobjectsonly occupy thelessermpartof thevisible
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scene.This meanghatthe backgroundf the scenecoversthe major partof eachimagesothat
more point correspondenceare found on static partsof the scenethan on moving ones. The
threereconstructiorstepswill bedescribedn thefollowing.

4.2.1 Static Light Field Reconstruction

Eachimagesequencés calibratedindependenthusingthe reconstructiortechniqueslescribed
in Chapter3. Following featuredetectionand tracking for the completesequencean initial
subsequencis calibratedusingoneof the factorizationprocessesf Section3.3.3. Usually, the
third processinghainof perspectiefactorizationwith self-calibratiorusinganaf ne solutionis
selectedbsit is bothreliableandaccurateThisis followedby anextensionof thereconstruction
to thewholeimagesequencaccordingio Section3.4.1.

For simplicity, the intrinsic camergparameterareassumedo be the samefor all imagesin
all sequencesnd,furthermorethey areassumedo beknown atleastapproximately Theerror
arisingfrom this assumptiorhasprovedto betolerable,evenif deviationswerewell above ten
percentbf thetruevalue.

After 3-D reconstructiorfor eachof theimagesequencesheinformationfor reconstructing
theindividualstaticlight elds is available.However, thecoordinatesystem®f thereconstructed
camergposedor two imagesequencesow differ from eachotherby arotation,atranslationrand
anunknown scalefactor Beforetheindividual light elds canbe combinedto form a dynamic
light eld, they needto beregisteredwith eachotherusingthe stepsntroducedn thefollowing.

4.2.2 Registration

Rotationand translationcan be determinedusing the fact that two cameraposesof a pair of
consecutre imagesequenceare approximatelythe same. The transformations doneby rst

mappingoneof thetwo camerasnto the origin of its coordinatesystemandthento the poseof
the othercamera.lf the3 4 projectionmatrix of the secondcamerais givenasP ,, andthe
rotationmatrix andtranslationvectorof thetwo camerassR 1, R, 2 IR® 2 andty, t, 2 IR3,
respectrely, thetransformations obtainedasfollows:

| |
. 1 .
R) Rt R Rit;

PI=P,
0] 1 0% 1

(4.1)

The resultP 9 denotesthe new projectionmatrix in the coordinatesystemof the rst se-
guence.Thesametransformations thenappliedto all remainingF, 1 camera®fthesecond
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Figure4.1: Registrationof two imagesequenceslheincorrectscalingresultsin differentdistance®f the
reconstructeghoint cloudsof thescendrom thecamergpositions.

Py, = RTI Ri RE Ratz Pn, (4.2)
O3 1 03 1
Figure4.1depictssucharegistrationof two imagesequenceasinga commoncamergose.
It alsoshaows the effect of the scalingstepwhich hasnot yet beenapplied: on the one handit
resultsin differentdistancesf the two 3-D point clouds,one for eachimagesequencefrom
the camergoositions.On the otherhand,the distancedbetweerthe cameragositionsarescaled
by the samefactor which is indicatedby smallercamerasymbolsfor the secondsequencen
additionto the smallerspacingoetweerthem.

Thescalefactoris obtainedoy consideringhecenterof maswf the3-D pointsin eachimage
sequenceAs the sequenceweretaken of the samescene the centersof massareassumedo
be 3-D pointswhich areroughly at the samepositionin the scene.If the camerais movedon
approximatelythe samepathfor two consecutie imagesequencethis assumptiorholds,since
the featuresselectedby the trackingalgorithmwill be similar. The scalefactors is computed
asthe ratio of the distancesf the centersof massfrom the two equalcameraposesof two
consecutie sequences.

Oncethisratio is known all camerasand 3-D pointsof the respectre secondsequencere
scaledto be registeredcorrectlywith the rst sequence Again, the projectionmatricesof all
cameraare rst transformeduchthatthecommon( rst) camergpositionis movedto theorigin
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of the coordinatesystemscaledby a matrix

(4.3)

0]

I

o o
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o »w o o
o o
>0

andthenmovedbackby the inverse rst transformation.This way, the rst camergposestays
thesamewhichis equalto thatof its counterparin the rst sequenceThus,thistransformation

canbewritten asfollows:
- !
T T T T
po0_ po R, Rzt s R, Rt

4.4
ol 1 o 1 (44)

It is appliedagainto eachof the F , camergposesin the secondsequenceR , andt, without
theindex f , denotetherotationmatrix andtranslationvectorof the rst (common)cameraThe
scalingof the 3-D pointsis doneanalogouslyto equation(4.2).

4.2.3 Re nement

After transformatiorof thecamergosef all individualstaticlight elds tothesamecoordinate
systemafurtherre nementof thecalibrationis performed.Thisre nementcompensatefr the
errorsmadeduring registrationconsideringthe assumptiongnadeduring scalingandthe fact
thattherespectie two camergposesusedfor registrationwill notbe exactly identical.

As it wasproposedn Section3.4.2,the camerapositionsare combinedin a 3-D meshin
which neighborswith similar views on the scenecanbeidenti ed easily In Figure4.2 sucha
resultingmeshis shavn schematicallyPartsof two imagesequenceareshovn on the left side
with four camerasach.The neighborhoodonnectionshatwereestablishedutomaticallyare
denotedoy dashedines, providedthatthesecamerasrecloseenoughto eachothet

Using theseneighborhoods secondtracking stepsimilar to meshtracking introducedin
Section3.2.3is invoked. Thistime, no new featuresareaddedbut only thosearetrackedfurther
thatwereusedfor the rst calibration. Sinceduring the calibrationprocesdeatureswith atoo
highback-projectiorerrorareremoved,only themorerobustonesareleft atthis stage.Tracking
in this caseis performedn atwo-steploop for eachimagesequence:

1. Theexisting featuresn the currentsequencaretrackedto the otherimagesequencebl-
lowing the neighborhoodinks establishedyefore. Thetrackingalgorithmis implemented
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Figure4.2: Creatinga meshbetweertheoriginalimagesequenceslwo differentsequencearesketched
alongthe solid lines,while the detectecheighborhoodelationsaredravn asdashedines.

in sucha way thatfeaturescanbe tracked from oneimageto ary otherimageavailable.
No reorderingof theimagesequencess required.

2. Theseadditionalfeaturesare now propagatedhroughthe otherimagesequencesDe-
pendingon the effort to be spentthis canbe just the precedingandthe following image
sequencef the currentone, or all otherimagesequencesThe compleity in the latter
caseof courseincreasesjuadraticallywith the numberof imagesequences.

Throughthis processthe formerly mostly unrelatedsequences—eeptfor the oneframe
whichis commonin eachpair of consecutie sequences—aigow linkedtogetherthroughthese
new featurecorrespondences.

In a secondcalibrationstepthe cameraparametergor the whole setof imagesof all se-
guencesannow be calculatedtogether Like for eachindividual image sequencéefore,an
initial subsef imagesis soughtfor now which have the highestnumberof featurecorrespon-
dencesn common.Unlike before,this subsetdoesnot needto be a subsequencef consecutie
framesanymore,but constitutesa subgraptof theneighborhooaneshconstructedor thefeature
trackingstep(cf. Figure4.2). Calibrationis thenperformedasbefore,usinga factorizationfor
theinitial subseandaddingtheremainingframesoneby one.Which frameto addnext is again
determinedy the neighborhoodnesh.

Afterwards all camergparameterareavailablein thesamecoordinatesystemandnosecond
re nementstepis necessarylheerrorwhichoccursf thecorrespondingamera®f eachpair of
sequencewerenot exactly the sameafterall—which is usuallythe casesincethe handholding
thecamerarembleswhile the objectis moved—isthusremaoved.



104 Chapterd. DynamicLight Fields

Thedisadwantageof thenew featurecorrespondencas thatarny of themcouldbepositioned
onamoving, i. e.,dynamic,partof thescene Thesedynamicfeatuescanbeconsiderecgquia-
lentto erroneouslytracked points,andcanseverely perturbthe calibrationresult. Nevertheless,
by postulatingthatonly a minor partof the scends actuallyin motionthe calibrationalgorithm
provedto be robust enoughto handletheseoutliers. They areremoved during the non-linear
optimizationstepsdescribedn Section3.4.2,wherefeatureswith a high back-projectiorerror
arediscardedisingathresholdvalueor robustoutlier detection.

Ontheotherhand,featureson adynamicpartof the sceneareunproblemati@aslong asthey
are not tracked to anotherimage sequencet a differenttime step. Within one sequenceall
featuresarestatic.

At this point, the dynamiclight eld is completelyreconstructeaxceptfor depthinforma-
tion. This canbe generatede.g., by usingoneof the local depthmapalgorithmsdescribedn
Section3.6.1. Sincerenderingof the next type of dynamiclight elds is donein the sameway
asstep-wisestaticones,depthmapgeneratiorwill bedescribedn Sectiond.4for bothtypesof
light elds.

4.3 Moving but Rigid Objects

Thevideorecordingtechniqueusedfor thedynamiclight elds of theprevioussectionobviously
posesa stronglimitation regarding possibleapplications. In orderto simplify the recording
processthe secondypeof dynamiclight elds allows continuousmovementof oneor possibly
severalobjectsin the scene.Therestrictionhereis thatthe objectsarerigid in themseles. This
approactwas rst publishedn [Sch05].

4.3.1 Segmentationof Feature Points

Thestartingpoint of dynamiclight eld reconstructions animagesequencef a scenecontain-
ing atleastonepermanentlymoving but rigid objectin front of a staticbackgroundTwo images
of anexamplefor suchasequencareshovnin Figure4.3,atoy cravler which movesin acircle
onadesk,while thecameras likewisein permanentnotion. The point segmentatioralgorithm
appliedin the following relieson objectmotion over a shortperiodof time, therefore a lack of
motionis allowablefor at mosta few framesat a time, andobjectsandbackgrounchave to be
visible atall times.

In thefollowing, the backgroundwill betreatedasanotherrigid object,sinceno distinction
canbemadea priori betweerforegroundandbackgroundThus,K objectsareassumedwhere
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Figure4.3: Two imagesof the Crawler examplesequence

K 2

Themaindifferencebetweerthereconstructiomproces$ereandthereconstructiorof astatic
light eld asoutlinedin Figure3.1of Section3.1is anadditionalsegmentatiorstepafterfeature
tracking, which assignseachfeaturepoint to one object. This segmentationallows a separate
reconstructiorfor eachobject,which aremeigedafterwardsasdescribedn Section4.3.2.

Likein thefactorizatiormethodfor reconstructionfeaturesggmentatiorrequiresameasue-
mentmatrix W containingthe featuresvisible in the framesof aninitial subsequenceAsiit is
known from Sectior2.2, theregisteredmeasurememhatrix ¥ is constrainedo rank3in caseof
astatic3-D sceneandassumingnaf ne projectionmodel. Thepreprocessingtepof registering
the measuremenmnatrix reducests rank by 1, sothatthe unregistered measuremennatrix W
hasrank4. Consequentlyeachadditional,independentlynoving 3-D objectincreasesherank
of W by 4, if enoughfeatureson the objecthave beendetectedln orderto assigneachpointto
oneobjector theother CosteiraandKanademake useof the so-calledshapenteractionmatrix
Q [Cos98].FromthesingularvaluedecompositioW = U VT, Q is obtainedas

Q=¥vb' (4.5)

where W correspondso the rst 4K columnsof V . Its mostusefulpropertyis thateachentry
in Q describeswvhetherthe correspondingcolumnsin W, two features,belongto the same
subspacei, e., object,or not. The higherthe valuethe greaterthe correlation. A proof of this
propertyof Q aswell asanoverview over its additionalpropertiesaregivenin [Cos98].

Seymentingthe featureswhich were usedto compose/N now comesdown to sortingthe
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Object2

unsorted block-diagonal

Figure4.4: Shapenteractionmatrix: the entriesaresortedto form a block-diagonamatrix, whereeach
block denoteghefeaturesof oneobiject.

rows andcolumnsof Q suchthatablock-diagonaktructureemeges,asdepictedn Figure4.4.
SortingQ is equialentto permutingthe columnsin W , transformingit to its canonicalform
W , where !

1 O

: ) (4.6)

Here, ;and , denotethemotionof thecamerarelative to objectsl and2, while ;and »
containthe 3-D featurepositionson eitherobject,respectrely.

In orderto sortQ, Costeiraand Kanadeapply a greedyalgorithmwhich minimizesa cost
function Cj’“. In eachsortingstepm, onecolumnandrow permutations performed,ncreasing
thesizeof thealreadysortedmatrix Q™ by 1. The permutations selectedsuchthatthe enegy
of interactionbetweeneachcandidatecolumnj andthefeaturesalreadyin Q™ is maximized.
Thus,C[" is givenas

xXn
Cl=  q ; (4.7)
i=1
wherej = m+ 1;:::;N. The columnsandrowsj andm + 1 of Q arepermutedin order
to increasethe sortedpartQ(m*1)  of Q. In theideal case the algorithmterminatesyielding a
sortedshapanteractionmatrixQ . Theremainingtaskis to identify theblocksof Q , usingthe

factthatthesquareof the Frobeniusmnormof eachblock Q, is equalto its rank.

Unfortunately this greedyapproacho sortingthe entriesin Q is quite susceptiblgo noise,
andthusfails frequentlyto provide the correctsggmentation. Therefore Kanataniintroduced
three subsequenimprovementsof the original segmentationalgorithm. Thesemethodsare
termedsubspaceepaationand modelselectionfKan01la],af ne spacesepaation[Kan02]and
multi-stage optimization[Kan03], andwill be describedshortlyin the following. For detailed
dervations,proofsandanalyseseferto theoriginal publications.
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Subspaceseparationand model selection. In orderto groupfeaturegogetherin four-dimen-
sional submatricesthe sameenegy asin equation(4.7) is maximized. However, groupingis
startedwith N initial groupsL ,, of onefeatureeachwhich arethenmeigedsuccessiely, instead
of groupingall featuresof oneobjecttogethembeforecontinuingto the next object.

As soonasmorethanfour featuresaregroupedtogethey a four-dimensionaksubspaces t
to themusing, e.g., SVD, andthe featurepositionsare recalculated. Throughthis dimension
correction the noisein the featuresis reduced,aslong asthe featuresare groupedcorrectly
Merging of groupsanddimensioncorrectionarerepeatedintil only K groupsremain.

Furthermorejn decidingwhich groupsof featureso meige, Kanatanidoesnot rely exclu-
sively ontheenegy C whichis basedn the shapenteractionmatrix. Additionally, theresidual
J, which denotesthe squareddifferencebetweenoriginal featurepositionsand those calcu-
latedfrom the subspacet, is regarded.It increasesonsiderablyf two mismatchedyroupsare
meiged,andlessif they belongto the samesubspaceHowever, theresiduald; ; of two melged
groupsL; andL; will alwaysbelargerthanthesumof theindividualresidualsJ; + J;.

The decisionwhetherto meige two groupsis now basedon a criterion which is calledthe
geometricAlC, anextensionof the original Akaike InformationCriterion. The G-AlIC quantizes
how well amodel,i. e.,asubspacets asetof databy alsotakinginto accountthe degreesof
freedomof a subspaceastwo separatesubspacepossessnore degreesof freedomthanone
combinedsubspaceThe G-AlC for themegedgroupsof featureds computedas

G-AIC; j=J; j+2d(N;+ N; +2F d) 2 ; (4.8)

whered is therank of the subspacé4 in this case)N; andN; arethe numberof featuresn i
andj , respectrely, andF is thenumberof images.Thus,2F is thenumberof rows of thevector
for onefeature.Finally, denoteghenoiselevel, whichis estimatedusingtheresiduald; ; (cf.
[Kan01la]). ThecombinedG-AIC for two individual featuregroupsis givenby

G-AIC;; = J;+ J; + 2d(N; + N; + 2(2F d)) 2 : (4.9)

A formal derivationfor the G-AIC, andthe AIC in generaljs givenin [Kan96a].

In principle, two subspaceshouldbe megedif G-AIC; ; < G-AIC;; . Sincethis would
disregardthe informationin Q, Kanataniproposeghe following measurevhich incorporates

bothcriteria:
G-AIC;;

% = GAC | oLon, 90 (4.10)
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Replacingthe enegy criterion of equation(4.7), the two subspaceswvith the largestsimilarity
measure;; aregroupecdogethemuntil only K groupsremain.

A nal stepin this segmentatioralgorithmis arobustdetectiorof outliersusingLMedS, asit
wasalreadydescribedn Section3.3.1.Here,pointsfar away from the opticalcenterarefavored
asrandomsamplessincethey areseggmentednorereliably. The detectedutliersin onegroup
arethenreassigned.

Af ne spaceseparation. As it was pointedout in Section2.2, the registeredmeasurement
matrix W hasonly rank 3, sinceit is assumedhat it is generatedy afne projection. The
sameassumptiorcanbe madefor featuresegmentationandthus,the above algorithmchanges
accordingly In [Kan02], this differentassumptions implementedy tting three-dimensional
afne subspaceto the groupedfeaturesinsteadof four-dimensionalones. Lik ewise, the geo-
metricAIC of equationg4.8)and(4.9) areadjusted.The stability of the resultingsegmentation
increasesslong asperspectie effectsaresmall. This is in accordancevith the obsenations
madefor differentfactorizationrmethods.

Multi-stage optimization. Thelastadditionof Kanatanito his sggmentatioralgorithmentails
two contributions: anunsupervisedearningstepwhich ts a Gaussiardistribution to the af ne
subspacesandthe consideratiorof degeneratemotion. Thesetwo extensionsare combinedto
form the multi-stageoptimization.

Unsupervisedearningmeansthat for eachclass,i. e., subspacef W , or moving object,
respectrely, a Gaussiardistribution consistingof meanvector and covariancematrix is esti-
mated. Estimationis performedusingthe expectationmaximization(EM) algorithm[Nie03],
aniterative procedurenhich approximateshe parametersf the distribution by maximizingthe
likelihoodof eachclass.

Degeneratanotionsand, likewise, objectgeometriesare oneissuethat hasnot beenmen-
tionedheresofar. However, asCosteiraandKanadealreadypointedout andconsideredn their
approachthe subspacespannedy oneobjectdoesnot needto have the maximumrank. One
reasonwhich they treatedjs thatthe featureson the objectthemselesonly form a subspacén
3-D, i. e., they aresituatedon a planeor aline only. The secondeasonwhich is addressethy
Kanataniat this point andthe possiblymoreimportantone,is degeneratanotion. This s the
caseif anobjectonly movesparallelto theimageplaneandrotatesonly aboutthe optical axis
of thecameraln caseof theassumptiorof af ne subspacegsherankof the subspacevould be
reducedo 2. If, in addition,the objectsdo not rotateat all, they form parallel,two-dimensional
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Figure4.5: Featuredracked onthe Crawler object

subspaceslf suchdegeneratemotionsexist, the af ne spaceseparatioralgorithmfrom above
hasto bealteredaccordingly

Unfortunatelyit is generallynot known beforehandvhetheranimagesequenceontainsde-
generatenotion,or not. Therefore Kanataniproposesthree-ste@pproacho take into account
all kindsof motion. First, aninitial segmentationis determinedisingaf ne spaceseparatioras-
sumingdegeneratenotion. This sggmentatioris usedto initialize anunsupervisedearningstep
assumingagain,degeneratenotion. The nal stepconsistof unsupervisedearningassuming
generalmotion. This multi-stagemethodprovedto yield the bestsegmentatiorresults.

Oncethe featurepoints on eachobject have beenidenti ed, the 3-D structureand camera
posesrelative to eachobjectare determinedoy applying, e.g., a paraperspeate factorization
method followedby non-linearoptimization(cf. Section3.3.3).

Thefactthatfeaturetrails arenotlong enoughto reconstructe scenewith only oneapplica-
tion of a factorizationmethodis even moretruefor dynamicscenesAs featuresaredividedup
betweenrseveral objects which may be smallor moving quickly, the averagelengthof afeature
trail may be quite low, possiblyasfew as10 to 20 frames. As an example,the featuresfound
on the moving objectin the Crawler sequenceareplottedin Figure4.5. Thus,theiterative ex-
tensionprocessof Section3.4.1hasto be appliedhereaswell, but interweaed with repeated
sggmentation®f the new featureso be addedto thereconstructionin orderto increaseghe un-
derlyingamountof data,andthusrobustnessthe alreadyassignedeaturesareusedto initialize

1Thesourcecodewaskindly providedby the authorsat http://www.suri.it.okayama-u.ac.jp-program.html
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Figure4.6: Cameramotionrelative to amaving object.If bothcameraandobjectarein motion (left), the
cameranotionrelative to the objectconsistof bothmotioncomponentgright).

Kanatanis algorithmwith the known segmentationtherebyalsodecreasingomputationatost.

Assigningnew featurego anobjecthasto be donebeforetheir 3-D positionis triangulated.
In orderto do so, the setof new featuresis subdvided accordingto the numberof calibrated
framesthey arevisible in. For eachsubset,a measurementatrix is constructedaddingall
featureswhich arealreadysegmentedandvisible in theseimages.The sgmentationalgorithm
is initialized with K prede nedgroupsof sortedfeaturesandonegroupfor eachnew feature.

Concerningheidenti cation of wrongly assignedeaturesthe usualmethodgor discarding
erroneoupoints—athresholdon the back-projectiorerroror outlier detection—tak effect here
aswell.

4.3.2 Registration of Object Reconstructions

After calibration,the cameramotionrelative to eachobjectis availableandcanbe usedto infer
the motion of the object. As depictedin Figure4.6, the reconstructeddameramotion not only
dependon the motion of the object,but alsoincludesthe motion of the cameratself. In order
to getthe motion of the objectitself relative to the backgroundor other objects,the cameras
own motionhasto be eliminated.Theremainingmotioncomponentill berequiredin the next
subsectiorfor dividing the motioninto time steps.

Since afterreconstructionno commonworld coordinatesystems available,thereconstruc-
tion for eachobjectwill differ from the othersby an arbitraryrotation,translationandscaling.
Thisissuewasencounteretik ewisein the previous sectionfor step-wisestaticlight elds. The
solutionproposecdhereis thereforesimilar to the approachappliedbefore.

Without lossof generalitythe objectcontainingthe highestnumberof featuress selectedas
the backgroundf the sceneanddenotedasobjectO. Likewise without lossof generality it is
assumedhatthe camergposedor thebackgroundandary objectk 1 for the rst image,P o1
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andP .1, arethe same. Then,ary objectcameraposecanbe transformedo the background
coordinatesystemanalogouslyo equation(4.1):

- !
Rl;l R-l[;ltk;l R-(I)-;l R-(I)-;lto;l

PO_. =P
kTR ot 1 ol 1

(4.112)
Theinversetransformations appliedto each(homogeneous3-D objectpoint.

The remainingscalefactoris determinedn the sameway asfor step-wiselight elds, by
assuminghatthe objectsshouldbe at the samedistancefrom the camergpositions. Therefore,
thescalingis calculatedastheratio betweerthe distance®f the centersof massof the 3-D point
cloudsof objectandbackgroundandagainappliedto eachcamergposeasin equation(4.4):

| |
. 1 .
P 00 — P 0 RO-I[;l Rol;ltf();l F'201—;1 Rol;lt(lz;l
00 = po

4.12
! ! 03 1 03 1 (4.12)

Both backgroundandobjectreconstructiorarenow in the samecoordinatesystemalthough
the transformations not exact sincethe scalingis calculatedonly by a heuristicmeasure.An
exactsolutionto this problemseemgo beanopenissuein 3-D reconstructionsinceit is neither
addressedby Costeiraand Kanadein [Cos9§, althoughtwo independenteconstructionsre
calculatedthereas well, nor in ary other contribtution dealingwith segmentationof moving
objectsin 3-D reconstructionsuchas[Avi99], [Han00]or [Sha01]. In caseswvheretheinexact
approximationof the scalefactoris inadequatdor further processingit hasto be adjustedoy
hand.An accuratecalculationof the scalefactorremainssubjectto futurework.

Finally, the cameramovementrelative to the objectis calculatedasthe transformatiorbe-
tweentwo correspondingameragposesthe onerelative to the backgroundgivenby R o and
toj, andthe transformeddbjectmotion R 23, 29 extractedfrom P 23. This posedifferenceis
transformedackto theworld coordinatesystemusingthereferencgoser o1, to.1:

Py = (Kj03)M 1M o;jllvI |?;? (4.13)

where |
My = 5 ke 4.14
ki O'j:,— 1 ( )

As can be seenfrom the above equation,the calibrationmatrix K is assumedo be the
samefor all imagestheintrinsic parameterdeingconstanfor the whole sequencelf they are
estimatedalongsidehe poseparameterghey arestill thesamefor all objectsk in oneimage; .
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Figure4.7: Reconstructiomf themoving objectin the Crawler sequencandpartitioningof its movement
into four time steps,usingthe object-relatre camerapositions. The camerapositionsaremarked in a
differentshaddor eachtime stepandemphasize@additionallyby dashedines.

Likefor equation(4.11),theinversetransformatiorof equationg4.12)and(4.13)is applied
to the 3-D objectpoints,althoughseparatelyor eachcamergose.In thisway, 3-D pointtrajec-
toriesaregeneratedvhich arerelevantlateronfor calculatingdepthmapsfor visualization.

4.3.3 Time Stepldenti cation

In caseof the step-wisestaticlight elds introducedpreviously, differenttime stepsin scene
motion are available due to the adaptedrecordingmethod. Visualizingtheselight elds is a
simplematter aswill be shavn in Section4.4. Therefore,it is desirableto establishthe same
preconditiondor thelight elds at hand. Here,time stepsareequvalentto similar posesof an
objectin the courseof its motion. Thus,the goalis to identify andcombineimageswith similar
objectpositionsandorientationgo form individual time steps.

UsingtheprojectionmatricesP ., k 1, calculatedpreviously, similar objectpositionsare
calculatedby applyinga vectorquantizer{Ger82] to the camerapositions,i. e., the translation
vectorst, ; . In orderto generate¢he codebookthe standard.inde-Buzo-Gray(LBG) algorithm
[Lin80] is employed. Thisiterative algorithmdeterminesn optimalpartition of a setof vectors
by groupingthemaroundone codebookvectorfor eachclass,thus minimizing the intra-class
distance. The codebookvectorsare given by the centroidsof eachclass. Both partitioning
and codebookestimationare updatedin eachiteration. Thus, for eachdesiredtime step,one
codeboolkvectoris speci ed. An examplefor aresultingquantizations shovn in Figure4.7 for
the Crawler sequenceHere,thecamergositionsaresubdvidedinto four time steps.

Unfortunately this partitioning schemefor discretetime stepsintroducesa spatiotemporal
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dilemmafor later rendering. If a small numberof time stepsis selectedasin Figure4.7, the
objectpositionsbelongingto onetime stepwill bewidely spread.This leadsto seriousblurring
duringrenderingof theobjectasimagesareinterpolatedvhichdonot t togethemwell. Likewise,
theobjectwill seemo move slightly eveninsideof onetime stepasdifferentimagesareselected
asreferenceavhile the observingyirtual cameras moved.

On the otherhand,if a high numberof time stepsis chosenonly few imagesareassigned
to eachone. Sincethelight eld relieson a densesamplingof the plenopticfunction, this leads
to a badreproductionof viewpoint-dependengffects, suchas speculardighting, shadaving or
occlusion,anderrorsin geometryinformationbecomemorepronouncedTherefore the result-
ing dynamiclight eld getsbetterwith eithermoreinputimagespor smallerandrepetitve object
motion.

4.4 ExtendedRendering Techniques

Both step-wisestatic andrigid objectlight elds are divided into time steps,arising directly
from reconstructioror resultingfrom a nal processingstep. Therefore,both typesof light
elds canbe visualizedusingthe renderingtechniquedor step-wiselight elds, introducedin
[Sch02,Sch04b]. This techniquewill be describedn the following subsection.However, the
lattertype of light elds offers moreinformationaboutmotionin the scenewhich is exploited
by the renderingtechniqueintroducedin Section4.4.2. The nal Section4.4.30f this chapter
provides an outlook to the future of dynamiclight eld renderingfor rigid objectmotion by
introducingthe conceptof objectlight elds.

4.4.1 Multiple Light Fields

For step-wisestaticlight elds, eachtime stepis well separatedrom all othersby the factthat
for eachof them,oneinputimagesequencés available. Thus,for eachtime step,onelight eld
is readilyavailable,consistingof inputimages camergarametersanddepthinformationin the
form of depthmapsor local proxies. As scenereconstructiongor all time stepsareregistered
with eachother soaretheresultinglight elds.

Visualizingthesemultiple light elds is arathersimplematter Thelight eld rendererbe
it the free-formlight eld [SchOl1b]Jusedoriginally in [Sch04b],or the unstructuredumigraph
[BueOl]usedlater, is extendedto handlean arbitrary numberof light elds. By switchingto
anothetdight eld, differenttime stepsarevisualized.
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Figure4.8: Renderingime stepsfor step-wisestaticlight elds. Fromonelight eld pertime step,the
time stepcurrentlyviewedis selectecandimagesarerenderedor this time stepfrom the corresponding
light eld.

This approachis outlinedin Figure4.8. As can be seenthere, the setsof input images
are disjoint for eachtime step,and an additionalset of depthmapsis requiredfor eachtime
step.Consistentnformationacrosdime steps suchasfor the staticbackgroundis not handled.
Consequentlylarge amountsof datahave to be stored,andswitchingbetweenlight elds may
requireextensve memoryacces®perations.

The samevisualizationtechniquecan be appliedfor dynamiclight elds of rigid, moving
objects. However, in orderto createonelight eld for eachtime step,the setof inputimages
available hasto be split up betweenthe light elds. The resultinglight elds possesa very
smalldatabase causinglow imagequality. The next renderingtechniquethereforeexploits the
availability of anobjectsegmentationjmproving quality at leastfor partsof thescene.

4.4.2 Using Con dence Maps

Theobsenationof the previoussectionwasthat,for bothkindsof dynamiclight elds regarded
here,the backgroundof the scenes staticandpartsof it arevisible in all inputimages.Nev-

erthelessfor eachtime steponly the inputimagesallocatedo it wereutilized for renderingthe
backgroundwhich meanghata lot of informationis discarded.With the segmentatiorof fea-
tureson the moving foregroundobjects,a selectve usageof imagecontentfor renderings now

possible.

Thekey to this selectve usageareso-calledcon dencemaps They wereoriginally intended
to provide a con dencevaluebetween0 and1 for the depthvaluesin the correspondinglepth
maps.However, they weresofar only usedto maskout areasof animagewhereno depthwas
available at all, or whereimageinformationwas unusable. This is the case,e.g., in medical
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Figure4.9: Examplecon dencemapsof the Crawlersequenc&heretheobjectis visible (a) andinvisible
(c). Thecon dencemapis generatedrom a Delaunaytriangulationof thesggmentedeaturesn animage

(b).

applicationsvherehighlightsarecausen the scenedueto wet surfacesof organs.Thebene t
of remaving thesehighlightsusingbinary con dencemapswasshavn in [Vog02h VogO02c].

For visualizingdynamiclight elds of moving objects,con dencemapsh;. arecalculated
for eachimagef ¢ in the sequencandfor eachtimestep = 0;1;:::. In this casethecon -
dencemapsmay containthreedifferentvalues,h¢. (q) = 0 for pixelsontheforegroundobject
if it is invisible, h¢. (q) = 1if it is visible,andh¢. (q) = 0:5 for all backgroundpixels. The
valuesarechosenarbitrarily. Figures4.9(a)and4.9(c)showv two examplecon dencemapsfor
the Crawler sequencethe rst wherethe objectis visible, andthesecondwvhereit is not.

In orderto partition eachimageinto a foregroundand a backgroundarea,the segmented
featurepoints are connectedby a meshusing Delaunaytriangulationasin Section3.6.2. A
triangleis assignedo the foregroundif atleastoneof its verticesbelongsto the moving object.
Otherwiseit is allocatedto the background.Sucha partitioningis visualizedin Figure4.9(b),
showving the relationshipbetweenoriginal image, point featuretriangulation,and con dence
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map. It alsoshavs thatthis segmentations very inexactandmasksthe objectquite generously
Obviously, an improved seggmentationwould be desirable,but, asit will be demonstratedn

Section5.3, erroneouslymaskingthe backgrounds preferableto the opposite,which would

resultin artifactsduringrendering.

Transforminghetrianglemeshto acon dencemapcanbedoneveryef ciently usinggraph-
ics hardware,which is a logical choicefor handlingmeshes Eachtriangleis assigned depth
value accordingto its classi cation, and after renderingusing OpenGLthe con dencemapis
readfrom the depthbuffer of thegraphicscard.

In orderto make the effect of con dencemapsmoreplausible the generalapproacho the
renderingof imagesfrom a light eld shallbe summarizedrie y. Initially, the virtual image
to be createds subdvided by a regular trianglemeshwith m  n vertices. For eachof these
samplingpointsq,,,,, @ X ed numberf, of contributing input imagesis selectedaccordingto
differentcriteria. The rst two of thosearetheanguladifferenceof viewing rayspassinghrough
the proxy surface point correspondingo the samplingpoint, and the distanceof the camera
positionto thatof thevirtual camera.

At this point, a third selectioncriterionincorporategshe con dencevalues.For ary kind of
light eld, staticor dynamic,the inputimageis discardedf h¢. (g,,,) = O. In the dynamic
case this occursif theimageshaows the moving objectat a point in time whereit is invisible.
Furthermoretwo setsof closesimagesaremaintainedthe rst one,

Fbg(qmn) = ff fj0< hf; (qmn) < 1g , (415)

wherethe backgrounds visible,andthe second,

ng(qmn) = ff f J hf; (qmn) = lg ; (416)

shaving theobjectin adesiredpositionfor time step . Imagesareselecteduntil jF gj + jF 1g] =
f,. If noimagesarefoundshaowing the object,i. e., if jF¢j = O, only the backgroundwill be
renderedrom Fq. However, if jFj > 0, Fpq is discardedentirely andonly Fy4 is usedfor
rendering. This preventsthe blendingof backgroundandforeground,which would resultin a
translucentippearancef the objectin motion.

The nal renderingstepis initialized by reevaluatingtheweightsfor theinputimagesateach
vertex of the regular triangle meshsuperimposean the virtual image using someadditional
criteria. Theresultingblend eld determinesow correspondingexturetrianglesfrom theinput
imagesareblendedo form the new, 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 thisimprovedrenderingmethodfor step-wisdight elds is clari ed by Figure
4.10.Now, all inputimagesanddepthmapsareusedfor eachtime step.A restrictionis only ap-
pliedfor partsof theinputimages~vheremoving objectsarepresentThisleadsto aconsiderably
improved renderingquality for backgroundareaswhile 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 dence mapsimproves renderingquality, the principle dravback of
dividing objectmotioninto discretestepsmentionedn Section4.3.3,remains.The moresteps
are used,increasingtime resolution,the lower the numberof imagesavailable for each. The
conceptof objectlight elds introducedin the following constitutesan importantsteptowards
remedyinghis tradeof.

4.4.3 Object Light Fields

Theideabehindobjectlight elds is to make useof additionalinformationwhich wasneglected
sofar. Becaus®f featurepoint segmentationa 3-D reconstructiorns availablefor eachof theK
objects,i. e., backgroundand moving objects. Now, usingthe original cameraparameter® g
of the backgroundandtheregisteredparameter® ‘k)f)’;j ko= 1;:::;K 1, of equation(4.12),
aseparatdight eld is createdor eachobject. The con dencemapscalculatedn the previous
sectionareusedto completelymaskall imageinformationnot belongingto the currentobject
light eld. Thevaluesfor h¢(q),k = 0;:::;K 1, haveto beselectedaccordingly

In orderto correctlyvisualizethe dynamiclight eld, the K individual light elds have to
berenderedogetherwith anadjustabldéransformatiorbetweerbackgrouncandmoving object,
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M O;ko'
Two mainissuesexist which currentlypreventautomaticeconstructiorof objectlight elds
with sufcient quality:

1. Objectsggmentatiorfor con dencemapcalculationmakinguseof featuresegmentations
notaccurateenoughfor correctvisualizationof individual objects.An exactsegmentation
is requiredfor renderingwithoutresidualartifactsshowving partsof thebackgroundround
objects.

2. Jointrenderingof multiple light elds requiresthe consideratiorof multiple issueswhich
have not occurredbefore. Collision detectionor correctocclusionhandlingdependingon
independensetsof depthmapsor proxies,castingof shadavs aswell asef ciency aspects
have to betreatedadditionally

Theseproblemsarenot addressedspartof this thesisandleft openfor furtherresearchHow-
ever, Section5.3.4 offersa rst exampleasoutlook to the potentialuseof objectlight elds.

Anotherside-efect which canalreadybe utilized is thatin the backgroundight eld thuscre-
ated,the moving objectsareeffectively removed. Thus,if anobjectpassinghroughtheimage
is considereah disturbancethe undisturbedstaticscenas madevisible again.



Chapter 5
Experiments

In the following chapteythe techniquesntroducedn Chapters3 and4 for reconstructingtatic
anddynamiclight elds will be evaluatedexperimentally The methodsof evaluationare de-

scribed rst in Section5.1, which consistof the alreadyknown measure®f back-projection
errorandPSNR,aswell asgroundtruth dataobtainedoy anopticaltrackingsystemandknown

scenegeometry The experimentsthemselesare divided, again,into two partsfor staticand
dynamiclight elds, respectely, givenin Sections.2and5.3.

5.1 Light Field Quality Assessment

Objectwve evaluationof light eld quality is a dif cult task. Two criteria, back-projectiorerror

andPSNR,wereintroducedalreadyin Section3.3.2. In the following, an assessmertf these
guality criteriathemseleswill be given. It will be shavn that both of thesemethodsexhibit

differentadvantagesnddravbacks sothattheinformationdeducedrom themhasto betreated
with care.Thereforeathird evaluationmethodis introducedoasedn groundtruth data.This is

obtaineckitherby anopticaltrackingsystemor throughthe useof objectswith known geometry
While it doesnot give a directmeasureof light eld renderingguality, it offersa goodestimate
to theaccurayg of eithercamergposeor objectgeometryreconstruction.

5.1.1 Back-Projection Err or and PSNR

Apart from a comparisorwith groundtruth data,if available,back-projectiorerrorandPSNR,
asde ned in equations(3.20) and (3.23), are the only possibilitiesfound so far to obtainan
indicationfor the succes®f areconstructionAlthough often used they shouldneverthelesbe

119
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Back-projectiorerror PSNR
Independendf imagecontent no no
Measured? ¢ andps, independently no no
Independendf scenggeometrytype yes no
Measureguality of metricupgrade no yes
Smootherrormeasure yes no

Table5.1: Comparisorof back-projectiorerrorandPSNRasquality measure$or light elds

regardedwith cautionfor reason®utlinedin thefollowing. A summaryof the propertiesof the
two measuress givenin Table5.1.

First of all, it hasto be statedthat neithermeasureconstitutesan absolutecriterion. Both
dependon the contentof the sourceimagesequencandthe circumstancesf recording. Thus,
if, e.g.,anafne projectionmodelis assumedthe back-projectiorerrorof afeaturedepend®n
thedistanceof the correspondingoint from the cameraandits positionin animage,asfeatures
closerto theopticalaxisarelessdistorted(cf. Figure2.4,page27). Ontheotherhand the PSNR
of alight eld will behigherif theimagescontainlarge,homogeneouareasvhich disappeam
differencamages.

With both measuresthe resultsof camergparameterand 3-D point positionestimationare
measuredogetheyre ecting the succes®f a reconstructiorasa whole. Thus, it is usuallynot
possibleo giveaquality valuefor eithercamergarameter® ; or 3-D pointsps, independently
As back-projectiorerroris computedbeforescenegeometryreconstructiont remainsthe same
for any of the geometrytypesintroducedin Section3.6 which maybeusedlateron. Thisis not
thecasefor PSNR,whichrenderst suitablefor comparingthedifferenttypesof geometry

Themainreasorfor introducingPSNRasa secondselectioncriterionfor factorizatiormeth-
odsin Section3.3is its ability to measurehe succes®f an upgradefrom projectve to metric
reconstruction.This is demonstratedvith the left plot of Figure5.1, wherea 100imagessub-
sequencas processedpplying perspectie factorizationwith self-calibrationusing an af ne
solutionasdescribedn Section3.3.30n page66. The entriesof upgradematrix D givenin
equation(3.24)aremodi ed with Gaussiamoiseof differentdegreesto distorttheresultingre-
constructionConsequentljthePSNRvaluedeterioratesapidly with increasingioise while the
back-projectiorerroris completelyunafected. The resultsfor eachnoiselevel were averaged
over vetrials. Theexampleontheright handsideof Figure5.1shavsreconstructiorerrorsof a
paraperspeacte factorizationof the sameimagesubsequencir differentassumptiongor focal
lengthf . In this caseback-projectiorerrorandPSNRareobviously correlated.

Finally, Figure5.2 shavsthe experimentsof Figure5.1for avery shortexamplesequencef
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Figure5.1: Back-projectiorerrorandPSNRfor thereconstructiomf a100imagednitial subsequencéga)
Variationof noiseon the metricupgradematrix; (b) differentfocal lengthpresettinggor paraperspecte
reconstruction.
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Figure5.2: Back-projectiorerrorandPSNRfor thereconstructiorof an 8 imagesexamplesequence(a)
Variationof noiseon the metricupgradematrix; (b) differentfocal lengthpresettinggor paraperspecte
reconstruction.

only 8 images.Theright handplot document®neadditionaldravbackof PSNR,its sensitvity
to small changesn parametersespeciallyfor few imageswherelittle averagingoccurs. In
contrasto that,the back-projectiorerroryieldsa smootherrorcurve. For factorizatiorselection
of Section3.3, this effect is thereasorwhy the nal decisionis madebasedon back-projection
error.
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(@) (b)

Figureb5.3: (a) Sory DV cameraequippedvith atamgetconsistingof vere ective, sphericamarlers,(b)
ARTtrack2camera®f the smARTtracklopticaltrackingsystem

5.1.2 Relative Poseand Geometry Err or from Ground Truth Data

The evaluationmethodsintroducedherewere devised by Vogt for experimentalevaluationof

light elds from endoscopidmagesin [Vog06]. As alreadymentionedin Sectionl.1, a very
reliableway to acquirecamergposeinformationfor light elds is the useof anopticaltracking
system.Suchatrackingsystemconsistof two or moreinfraredcamerasvith integratednfrared
light sourcesandatargetequippedwith re ective markers. For the experimentdn this chaptey
suchatargetwas x edto aSory DSR-PD100AMYV camerasshovnin Figure5.3(a).In Figure
5.3(b),two camera®f thetrackingsystemby AdvancedRealtimeTrackingGmbHaredepicted.
Sincethe relatve posesof the two camerasand the geometryof the target are calibrated,the
tamget's position canbe triangulatedin a Euclideanworld referencerame (cf. Table2.1, page
41).

The optical tracking systemyields groundtruth dataconsistingof rotationR; andtrans-
lation t; for eachimagef after a so-calledhand-ege calibration is applied. Obviously, the
trackingsystemonly estimateghe positionof the target, but not the poseof the camerawhich
is denotedby the cameracenter This transformation—translatioandrotation—whichis x ed
for all images,is calculatedusinga numberof referencemagesof a calibrationpattern. The
transformations obtainedusingthe vectorquantizatiorbasedlataselectionschementroduced
in [Sch04a,Sch06].Estimatedccamergposedrom reconstructioralgorithmsaredenotecdoy R
and®; .

As proposedn [Vog0q, thedifferencebetweerreconstructiomndgroundtruth datais given
as averagerelative errorsbetweencameraposepairs (f ; g) which are chosenrandomly Ad-
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ditionally, a constraintmay be imposedstatingthat the minimum frame distancein the image
sequencés above a certainthreshold,. e.,jf  gj ¢ . A usualnumberof point pairsis 100
or 100Q

Calculatingtherelative translationbetweerntwo camergposess straightforvard,theerroris

givenas
— ktf;g bf;gk .
t;rel — 7ktf;gk ’

wheret; 4 is thetranslationbetweerncamergposed andg. Theerrorthusdenotesa percentage

(5.1)

valueof deviationfrom thetruetranslatiordistance However, thetwo translatiorvaluest ¢ . and
by g areonly comparabléf thetwo reconstructionarescaledequally In orderto achievethis, the
algorithmproposedn [Zin05] for registeringtwo point setswith integratedscaleestimationis
applied.It usesSVD to minimizethedistancebetweerthetwo setsof camergposeswith respect
to the sumof squaredlifferences.Thus,not only the correctscalefactoris calculatedjput also
rotationandtranslation.A roughpre-alignments achiezedby mappingonecamergposeof the
estimationto the correspondingroundtruth pose analogouslyto equation(4.1), pagel00.

For measuringhe rotationerror, the rotationdifferencebetweernthe two camergposesof a
pairis calculatedas
.
R ditf;f g = Ii?f;ng;g : (5.2)

In orderto getanangularerror, therotationdifferencematrix is transformedo axis/angleepre-
sentationwith r ¢ . therotationaxisand gi.f . therotationangle. Therelatve rotationerror
is thencomputedas

_ K it K

R;rel — Kk . ;gk

Contraryto thetranslatiorerror ..., therelatverotationerroris independentf aprior registra-
tion of thetwo camergposesequencesThe averageerrorsover alarge numberof camergpose
pairsaredenotediy 7 ..e; aNd Tk .rel, respectiely.

(5.3)

A secondmethodfor acquiringgroundtruth aboutcamergposess to placean objectto be
recordedon aturntable,andto x thecameraon arobotarmwhich canbe movedin avertical
arc over the turntable. From the positionanglesof turntableandrobot arm, the cameraposes
on a hemisphereover the objectare derived. Relatve translationand rotation errorsare then
computedasabore.

Sofar, groundtruth datawasonly acquiredfor the camergposesput not for the 3-D object
or scenebeingrecorded. The usualway for providing groundtruth for scenegeometryis to
useonly objectswith known properties. The mostprominentof theseare calibrationpatterns.
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Most calibrationpatterns however, areill-suited for structure-from-motiorasthey often show
repetitve patternsjeadingto wrongly assignedeaturespr posses®nly a singlesurfacewhich
constitutesa degeneratease.Instead sphericalbbjectswith a more“natural” surfacetexturing
areused.A spheras tted tothereconstructedcengointsby solvinganover-determinedinear
systemof equationdor its radiusandcenterfor each3-D point. The 3-D pointsarethenscaled
sothattheradiusof the sphereis normalizedto 1. The normalizedrelative shapeerror gpapels
calculatedasthe meandistanceof the 3-D pointsto the surfaceof thesphere.

5.1.3 Comparison of Evaluation Methods for Static Light Fields

Of the threeoptionsintroducedpreviously for evaluatingthe quality of alight eld reconstruc-
tion, back-projectiorerror, PSNR,andgroundtruth data,thelastoneis clearly preferableo the
formertwo, if available.Neverthelesssomerestrictionshave to be consideredOpticaltracking
itself hasalimited accurag, whichis speci ed by themanugcturerto be 0:19mm perpendicular
to theopticalaxesof thetrackingcameraand0:36mm parallelto thematadistanceof upto 4m.
Therotationalerroris 0:14 .

An additionalerroris introducedby hand-ge calibration. Comparingoptical trackingwith
calibrationusinga calibrationpattern,the error after hand-ge calibrationis givenin [Vog06]
with .0 = 2:5% and . = 2:2% for the Sory DV camerashowvn in Figure5.3(a). No such
measurementareavailablefor theturntablesequences.

In mary caseshowever, optical trackingis not possibleor desired. Onedranvbackof these
sequences thata synchronizatiorsignalis requiredwhich is only availableif S-Videois used
for transmissionThis analogsignalis, however, inferior to thedigital DV signalwhichis ideally
provided, e.g., by the above Sory DV camera. In addition, S-Video imagesare generatedy
interlacingtwo elds of half the resolutionof the whole image. This requiresdeinterlacing
andinterpolationof every secondscanline, which further reducesmagequality in contrastto
progressie scanrecording. In [Vog04q, the sensomoiseof S-Videois quanti ed with a mean
standarddeviation of 2:4 averagedver the threecolor channelsasopposedo DV with avalue
of 1:8. Thesedifferencesareof coursenoticeablefor reconstruction.

Additionally, theopticaltrackingsystems unsuitablgor outdoorapplicationsor 360 record-
ingswherethe trackingtargetis frequentlyoccluded.In thesecasespack-projectiorerrorand
PSNRremainfor quality measurementThey constitutemeaningfulmeasuresslong asthe
characteristicstatedin Section5.1.1 are considered. Thus, their expressvenessncreasesf
usedtogethey and, in caseof PSNR,the longerthe image sequenceainderexamination. For
comparingdifferenttypesof scenegeometryonly the PSNRis meaningful,andboth measures
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dependon image contentand shouldthereforenot be usedto comparemethodsacrossimage
sequences.

5.1.4 Quality Measuresfor Dynamic Light Fields

Evaluatingthe reconstructiorof a dynamiclight eld is considerablymoredif cult thanin the
staticcaseanddifferentmethodshave to beappliedfor step-wisestaticandrigid-objectcase.In
the rst casepack-projectiorerrorandPSNRmaybelikewiseappliedfor thelight eld of each
singlestep,but this yieldsno informationabouthow well thelight elds areregistered.In order
to measurehis, theback-projectiorerrorof pointsvisible in severaltime stepson onehand,and
theaveragecolor valuedifferenceperpixel for the sameview of thescenaenderedor different
time stepson the otherhandareconsidered.The speci ¢ implementation®f the two measures
aredescribedn Section5.3.2.

In caseof light elds of moving but rigid objects,the back-projectiorerror for eachobject
is asmeaningfulasbefore,but calculatingthe PSNRyields no additionalinformation,asobject
andbackgroundn arenderedmageareusuallynot comparabldo a singlesourceimage. This
leavesonly the subjectve impressionof the obsenrer asa meansfor comparisonof rendering
quality.

5.2 Evaluation of Static Light Fields

In this section,the methodsfor reconstructinga staticlight eld, introducedin Chapter3, are
evaluatedexperimentally First, the following subsectionntroducesall imagesequencewhich
areusedateronin theexperimentsdescribinghe circumstancesf their recordingandexplain-
ing the namingcorventions. The remainderof the sectiondealswith differentaspect®f static
light eld reconstructionn therespectie subsections.

5.2.1 TestSequencesnd Hardware Description

The imagesequencessedfor experimentalevaluationcanbe divided into four differentcate-
goriesaccordingto the methodof recording. Theidenti ers givento eachsequencee ect this
methodof recordingaswell asthe numberof imagesn the sequenceslhefour categoriesare

SET. An unorderedcollection of photographgaken with a Casio QV-3000 EX/Ir 3:3
Mpixel digital camera.The setsof imagesareusedto evaluatereconstructiorusingSIFT
features.
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Figureb5.4: Testimagecollections:two imagesrom FountainSEI35 ( rst row) andGlobeSETL7 (second
row), and a completeexamplereconstructiorfor eachcollectionin the right-handimage shawving all
camergposesandreconstructe®-D pointsonthescene

HH: Imagestaken with a hancheld camera,speci cally the Sory DV camerashown in
Figure5.3(a)but without there ective markers,usingits non-interlacegrogressie scan
modefor recording. Theimagesarethusof high quality andin sequentiabrder, suitable
for featuretrackingusingthe KLT approach.

TT: Objectsplacedon a turntablewith the cameramountedon a robotarm. This allows
therecordingof a hemispheref imagesaroundthe objects. The camerausedis a Pulnix
TMC-9700,whichis alsocapableof progressie scanrecording.

ART: Imagesequencesvith additionalposeinformation obtainedby the optical track-
ing systemof AdvancedRealtimeTrackingGmbH (ART). As describedn Section5.1.2,
theimagesarerecordedusingS-Videowhich requiresdeinterlacingthusreducingimage
guality in comparisorto the hand-heldsequences.

The cateyory of recordingis part of the nameof eachimage sequence. The length of
eachsequencas annotatedn the nameaswell, so that eachsequencenameis of the form

<name><category>-<length>

Of the collectionsof photographgSET), two instancesareusedfor evaluatingSIFT feature
trackingin Section5.2.2: FountainSET35 and GlobeSET17, shovn in Figure5.4. As canbe
seenfrom the examplereconstructionsthe rst collection,shoving a fountainin the gardenof
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theErlangernresidencesepresentarelatively densesamplingof thescenewith camergpositions
closelytogethemandatthe samedistancdrom thecentralobject,but with alargedepthdifference
betweernforegroundandbackground.In the secondcollection,camerapositionswerequite far
apartlaterallyaswell asin distancdrom thescene All imagesof bothsetsareof size1024 768
pixels.

Five of thetestsequenceslepictedn Figure5.5,weretakenwith a hand-helccameraHH).
The rst one,MilkHH-190, is usedthroughoutmostof the following experiments.ArtifactHH-
160 shavs anancientGreekvasewhich was, althoughplacedon a turntable,recordedwith the
Sory DV cameramountedonatripod. Sincetheverticalpositionof thetripodwasnotmeasured,
thesequences neverthelessatayorizedashand-heldlt is usedin Section5.2.3to pointoutthe
effectsof non-sequentidtackingandreconstructionFor eachof theremainingthreesequences,
Of ceHH-109, CandyHH-113andSantaHH-207a secondsequencés availablewhichis com-
binedwith the rst onein Section5.2.7to demonstrat¢he extensionof existinglight elds. The
imagesizefor all sequencess 512 512 pixels cut out symmetricallyfrom the original PAL
resolutionsinceimagesof size2" 2" canberenderednostefciently.

The next cateyory of sequencess thoseof objectsplacedon a turntable(TT). Figure 5.6
exempli es two of the threesequencesvailable. While SantaT¥752 coversalmostthe whole
hemispheraroundthe objectwith atotal of 752imagesColaTF40 representsnly onerevolu-
tion of theturntable. The third sequenceSantaTT200, constituteghelower ve revolutionsof
theturntableof sequenc&antaT1752 It is thusvery similar to SantaT1752andthereforenot
depictedtself. While SantaT¥752is usedin Section5.2.3dealingwith viewpoint meshesthe
lattertwo sequenceareutilizedin Section5.2.7. Theimagesof thesesequencearethesmallest
in thetestset,with only 256 256 pixels.

Thelastsequence® beintroducedarethosewhich weretakenwith ahand-heldccameraand
anopticaltrackingsystermin orderto gaininformationaboutthecamergoses.The rst sequence
depictedin Figure5.7,GlobeART501, is usedin mostof thefollowing sectionsasit suppliesa
measurdor the correctnessf 3-D reconstructiongdependingon the deviation from a spherdor
thereconstructedlobe. Threemoresequencearederivedfrom it, GlobeART200, GlobeART
100, and GlobeART50, by leaving out imagesat regular intervals. Theseare usedin the next
sectiononly for comparingSIFT featuresand KLT tracking. The remainingsequencesvere
includedto testvariousspecialproperties:CirclesART501 and CrawlerARF510 containmary
recurringcamergposesandGlassART150includessometransparenportionswhich arelik ely
to generataunreliablefeatures. While CirclesART501 is againusedin differentexperiments,
GlassART150is appliedto testrobust methodsin Section5.2.5,and CrawlerART510is only
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Figureb.5: Testsequencemkenwith ahand-heldcameraffrom topto bottom)MilkHH-190, ArtifactHH-
160, Of ceHH-109, CandyHH-113and SantaHH-207 Theright-handimageshavs an examplerecon-
structionfor eachsequence.
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Figure5.6: Testsequencesf objectson aturntable:(toprow) SantaTT752and(bottomrow) ColaTTF40,
with anexamplereconstructiorior each

usedn Section5.2.7.Imagesaregenerallyof size512 512pixels,only in caseof CrawlerARF
510thenative PAL formatof 768 576pixelsis retained.In thiscasethisis requiredto improve
featuretracking.

All experimentsfor staticaswell asfor dynamiclight elds, areperformedon aLinux PC
with an AMD Athlon 64 3000+CPU and2 GByte of mainmemory The graphicshardwareis
basedon the NVidia GeForce6800chipset. Theresultsshovn in the following mayvary if the
softwareusedto run the experimentss compiledwith differentcompilers,compilerversionsor
optimizationdor differenttypesof CPUarchitectureln generalhowever, it hasbeenfoundthat
thesevariationsaresmallanddonotalterthe conclusionglravn. Only in casesvheretechniques
shovedanunstablébehaiour for certaininput data,distinctdifferencesvereobseredattimes.

5.2.2 SIFT Featuresand KL T Tracking

In Section3.2 two alternatves for generatingfeaturecorrespondencelsave beenintroduced:
the matchingof SIFT featureswhich aredescribedoy equationg3.13)and(3.14) on page57,
and featuretracking using the Kanade-Lucas-dmasi(KLT) approachas de ned by equation
(3.12),page56. The advantageof SIFT featureds thatby matchingfeaturesrom eachimage
with all others,a sequentiabrderof theimagess notrequired.In this section the propertiesof
SIFTandKLT featuresarecomparedegardingaccurag of reconstructionbut alsotheirruntime
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Figure5.7: Testsequencewith posedatafrom optical tracking: (from top to bottom) Globe ART501,
CirclesART501, GlassART150 andCrawlerART51Q An examplereconstructions givenin theright-
handimagefor each.

requirements.

The advantageof SIFT featurestheir reliability despitelargeimagedisparities,is shovn by
the rst experimentwhereSIFT featurecorrespondencegeregeneratedor thetwo setsof pho-
tographsGlobeSET17 andFountainSET35. In orderto estimatethe camergposeparametersa
variantof non-sequentialeconstructior{Section3.4.2)is used,wherethe camerameshconsti-
tutesafully meshedyraph.Thenext camergoseto beestimateds selectedastheonefor which
the highestnumberof visible featureshave alreadybeentriangulated.Only the extrinsic cam-
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Sequence PSNR back-proj. err. spheredev. time
GlobeSET17 14.9dB 0.548 0.139%  296s
FountainSET35 | 15.7dB 1.73 — 1242s

Table5.2: Reconstructiomesultsfor two setsof photographsisingSIFT features A reconstructionusing
trackedfeaturesvasnot possible.

Figure5.8: Imagesrenderedrom the GlobeSET17 and FountainSET35 light elds reconstructedising
SIFT featurecorrespondences

eraparameterare estimatedthe trueintrinsic parametersveredeterminedeforehandisinga
calibrationpattern.

Theresultsof reconstructinghe two setsof imagesareshavn in Table5.2. In both cases,
reconstructionvassuccessfulor SIFT featureswith relatively low back-projectiorerrors,while
resultsfor KLT trackingarenot givensincefrom the featurecorrespondencegeneratedno re-
constructionvaspossible.Thelow PSNRvalues,however, areexplainedeasily In both cases,
reconstructiorwasbasedon very few featureswhich arethenusedto generatdocal proxiesas
scenegeometry But sinceboth scenegossess large depthrange,this scenegeometryforms
only averyroughapproximationThisis apparenin therenderedxampleimagesof Figure5.8.
Especiallyfor the globeimage,the patchwherefeaturecorrespondencesere available stands
out becausef its high contrastwhile the imagegetsincreasinglyblurredfartheroutside. This
effect is ampli ed by the very low numberof imageswhich were taken from far apartview-
points. Although successfulgeneratinghe featurecorrespondencesok 4:8 and20:9 minutes,
respectrely, whichis abouttwo ordersof magnitudeslowverthanKLT trackingin this case.

The secondexperimentwas designedo comparethe accurag of SIFT featuresand KLT

trackingwhenappliedto imagesequencewith little disparitybetweerconsecutieimages.The
resultsshavnin Table5.3for sequence&lobeART200andMilkHH-190 suggesthatbothtypes
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Sequence Type PSNR back-proj. err. spheredev. trans.err. rot.err.

GlobeART200 KLT | 30.4dB 0.393 0.217% 8.42% 11.2%
SIFT | 30.5dB 0.470 1.63% 8.56% 9.55%
GlobeARTIO0 KLT | 26.8dB 0.667 1.22% 9.88% 14.4%
SIFT | 26.8dB 0.547 1.28% 17.6% 9.45%
GlobeART50 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: Comparisorof reconstructionsisingSIFT featuresandKLT tracking. While resultsarecom-
parablefor imagesequenceshe SIFT featuregyetbetterthe farthertheimagesareapart.

of featurecorrespondencesecomparableegardingaccurag, sinceall errormeasuresrecon-

sistentlylow. This accurag, however, is gainedat theexpenseof exponentialcompleity in case
of the SIFT featuresasmatchingis donefor all possiblepairsof images.For GlobeART200for

instance SIFT featurematchingtakesseveralhoursfor all imageswhile KLT trackingrequires
only 56 seconds.

Sequence$lobeARTL00 and GlobeART50 areintendedto shaw the effect of increasing
disparity betweenimages. Therefore every secondmagefor GlobeARTL00 andthreeout of
four imagesfor GlobeART50 were removed from GlobeART200. Consequentlyerror rates
increasdrasticallyusingKLT tracking,so muchthat GlobeART50 could not be reconstructed
properly For SIFT featuresthereconstructiorerrorsremainroughlythe same althoughPSNR
decreasedueto the greaterbaselinebetweenmagesandthusincreasedn uence of incorrect
depth.

Summary: While accurag maybecomparabldetweerthesetwo typesof featuregeneration,
lineartrackingusingthe KLT methodshouldbe chosenf imagesequencewith little disparity
betweernconsecutie imagesareprocessedecausof its muchlower compleity. However, for

collectionsof photographsr sequencesvith low framerates,SIFT featuresmay be the only

possibleoption, evenif processingime increasegapidly with the numberof images. Thus,a

combinationof the two methodsis a logical choicefor generatinga light eld from multiple

imagesequencessit is describedn Section3.7.4.
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Figure5.9: Processingtepsfor linearandnon-sequentialmesh)reconstructiorof alight eld. Thetwo
stepsof camergparameteand3-D reconstructiorandlight eld generatiorareoutlinedin detail. Since
they aremostlyidenticalfor bothtypesof reconstructionthey aredepictedonly once.

5.2.3 Non-SequentialTracking and Reconstruction

It was pointedout beforethat processingan image sequencen sequentialbrder may leadto
error accumulation. Therefore,non-sequentiaprocessingvas introducedfor featuretracking
(Section3.2.3)andcamergrarameteestimation(Section3.4.2). The creationof a cameramesh
from theresultsof aprecedingsequentiafeconstructionwhichis describedy equationg3.26)
and(3.27)on page70,is requiredasa preprocessingtep.

In orderto comparesequentia(linear)andnon-sequentialmesh)reconstruction, veimage
sequencesvith differentpropertieswere selected. The rst experimentwas conductedn the
sameway for all sequences, e., bilinear tracking was appliedand after initial factorization,
imagesareprocesseaccordingo Section3.4.1.For thesecondexperimentacameraneshwas
constructecasdescribedn Section3.4.2. Dependingon the kind of informationavailable for
a sequencethe meshwaseithergeneratedrom the previous, linear reconstructior{sequences
GlobeART501, CirclesART501, MilkHH-190) or from known turntablepositions(sequences
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Sequence Type features avg.trail length

GlobeART501 linear | 10507 52.3
mesh 4568 83.8
CirclesART501 linear | 14746 31.7
mesh 4183 88.1
SantaT3752 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: Featuredracked with sequentiahndnon-sequentiaracking

Sequence Type PSNR back-proj. err. spheredev. trans.err. rot.err,

GlobeART501 linear | 31.1dB 0.376 1.96% 10.5% 16.4%
mesh | 29.9dB 0.548 0.586% 10.1% 15.0%
CirclesART501 linear | 31.7dB 0.941 — 14.8% 23.4%
mesh | 30.9dB 1.23 — 25.2% 61.1%
SantaT1752 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: Comparisorof sequentiahndnon-sequentialeconstruction

SantaT¥752 ArtifactHH-160. Featuretrackingandreconstructiorwerethenperformedagain
usingthis meshinformation. The two proceduresreoutlinedin Figure5.9. As canbe seen,
they sharea numberof processingsteps. Cameraposeand 3-D reconstructioraswell aslight
eld generatioraremostly identicalin both casessuchthatthe detaileditemizationsgivenfor
thoseprocessingtepsin two separatélocksof the diagramarevalid for linearaswell asmesh
reconstructionOnly thesequencef processingheimageswill usuallydiffer for reconstruction.

The mostobviousbene t of meshtrackingcanbe obseredin Table5.4. Usingthe camera
mesh the numberof featuredracked for oneimagesequencelecreasesonsiderablywhile the
averagedengthof atrail, i. e.,the numberof imagesa featurewasvisible in, increasest almost
thesamerate.

Fromtheevaluationresultsfor 3-D andcamergposereconstructiorof Table5.5ontheother
hand,a numberof ambiguousconclusionscanbe dravn. In all casespack-projectionerrors
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(a) CirclesART501 (b) GlobeART501

Figure5.10: Camerameshedor two examplesequencesSequenc€irclesART501 represents notice-
ably densersamplingof the scene.The interconnectingneshis denotedoy lines connectinghe centers
of projectionof neighboringcameragpyramidtips).

increaseafterthe applicationof meshreconstructionConsideringhatthis errorre ects the t
of a3-D pointto its 2-D projectionstheincreasas not surprisingsincea larger numberof 2-D
featureds availablefor each3-D point.

Theremainingerrormeasureshow clearlythatthe succes®f non-sequentialeconstruction
dependstronglyonthetypeof imagesequenceln caseof thetwo turntablesequencessantaTT
752andArtifactHH-16Q anobviousimprovements achiezed. They represena densesampling
of the scene,which resultsin shortdistancedfrom one camerapositionto its neighbors,and
thereforevery similarimagesin all directions. This prerequisitds bene cial for KLT tracking,
leadingto smallerrorsduringtracking. Theotherthreesequenceall constitutesparsesamplings
of the sceneto varying degrees,which can be seenin the comparisonbetweentwo of them
in Figure5.10. They aresuitedlessfor non-sequentiateconstructionwhich is re ected in a
worseningof bothPSNRandposeerrorsin thenon-sequentiatase.

Neverthelessthisresultis still misleadingmainlybecaus®SNR asit is usedhere,measures
local light eld quality, while non-sequentiaprocessingmprovesthe resultsglobally—mary
featuresarere-detectedvhich areotherwiselost, andthusvalid for a larger numberof images.
However, if only the currentimageis removedfor calculatingtheimagedifferencepnly alocal
neighborhooaf imagess dravn on for rendering.Themoreimagesn the neighborhooaf the
currentimageareremoved,thefartheraway theimagesusedfor renderingwill be,thusre ecting
bettertheglobal correctnessf reconstruction.
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Figure5.11: Localandglobalerrorin non-sequentialkeconstructiomsingPSNR measuredby anincreas-
ing numberof imagesremoved during PSNRcalculation

This is exempli ed in Figure 5.11, wherean increasingnumberof imageswas removed
for PSNRcalculationfor sequence€irclesART501 and GlobeART501 In both casesPSNR
getsbettereventuallyfor non-sequentialeconstructionshaving thatthe resultis globally more
correct. Additionally, the numberof local proxiesof neighboringimageswhich were usedto
calculatedepthfor eachimagewasincreasedor this experiment,which improved PSNRfor
the non-sequentiatase. This shows thatlocal proxiesare more consistentaswell, asthey are
calculatedrom fewer, non-ambiguous$-D points.

Summary: Thebene tsof non-sequentiarackingandreconstructiordependstronglyon the
way theinputimageswereacquired.In caseof a densesamplingof the scenejt mayconsider
ablyincreasegheaveragenumberof correspondencder eachfeature thusimproving therecon-
structionresults. Neverthelessfor lessdenselysampledscenesthe greaterglobal consisteng
achievedis not necessarilye ectedin light eld quality. In thosecasesvhere,e.g., theimage
sequenceontainsonly few imagestheadditionalstepsof meshtrackingandreconstructiorare
notnecessargndcanbe omitted.

5.2.4 Automatic Selectionof Factorization Methods

As was pointedout in Section3.3, the factorizationmethodsusedto processan initial sub-
sequenceshon different propertiesregardingaccurag and robustness. In general,the more
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Sequence Type PSNR back-proj. err. spheredev. trans.err. rot.err.
GlobeART501  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 — — — — —
CirclesART501 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: Automaticselectiorof theinitial factorizatiormethodfor threedifferentimagesequencesthe
method nally selectedaccordingo PSNRandback-projectiorerroris emphasizeih eachcase.

accuratea processthe greateiits shortcomingsn robustness.

The selectionschemantroducedin Section3.3.4determineghe bestfactorizationmethod
from four alternatvesby judging PSNRandback-projectiorerror of the reconstructiorresults
of the initial subsequencthey wereappliedto. A block diagramof the selectionschemewas
alreadyprovidedin Figure3.4,page65, wherethefour alternatve processinghainsareshovn
in directcomparison.They are designatedereaccordingto their main factorizationand self-
calibrationmethods,respectiely, i. e., paraperspecte (para), as describedin Section2.2.2,
iterative by Christy and Horaud (christy), Section2.2.3, perspectie with updateto a metric
reconstructiorusingthe af ne solution (aff. upd), explainedin Sections2.2.2and 3.3.3,and
perspectie factorizationwith self-calibrationusing the absolutequadric(quadric). Details of
thelastmethodcanbefoundin Section2.2.3and2.3.2.

In Table5.6, the applicationto threeof the examplesequences showvn. In eachcase the
lengthof the subsequenceaspresetandthe bestsubsequenceasdeterminedvith respecto
the highestnumberof features. The threeexamplesselectedhereshav thatindeed,the most
suitablemethoddependsn theimagesequencandshouldnotbe x edbeforehandin caseof
the globe sequencethe sphericalsetupof the featuresposesa degeneratecasefor perspectie
reconstructionso that self-calibrationfailed completely—ie., the estimatedquadricwas not
positive de nite—andtheaf ne updateyieldedno usableresulteither For thesecondsequence,
theafne approximationgperformbetteraswell, mostly againbecausehe featuresarelocated
on aroughly at surface (the keyboard), being badly suitedfor reconstruction. However in
this case the choiceis not asobvious asbeforeregardingonly back-projectiorerror, which is
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comparabldor all four methods.Translationandrotationerrorscon rm on the otherhandthat
the selectionregardingPSNRwas correct. The third sequenceshows that, if imagequality is
sufcient, perspectie factorizatiormayclearlyoutperformtheaf ne ones.althoughthesolution
usingthe absolutequadricfailed hereagain.The nal selectiorwasdoneregardingthe average
back-projectiorerror.

Reconstructionimesfor the automaticselectionalgorithminclude,of coursetime for eval-
uatingthe PSNRof eachindividual result. Thus, automaticselectionfor the CirclesART501
sequenceequiresa total of 4:8 minutes,while the sumof reconstructioniimesalonecomputes
to 2:5 minutes.On the otherhand,the useris not requiredto manuallyinspectthe resultsif one
of thealgorithmfails.

Summary: Thesucces®f afactorizationrmethoddepend®n mary differentfactorssothatit

is not obvious which methodis mostsuitablefor a certainimagesequenceThe automaticse-
lectionschemeausingPSNRandback-projectiorerrorreliably determineghoseattemptsvhere
reconstructiorfailed completelyand selectsthe bestreconstructiorfrom the successfubnes.
Sincea successfubverall reconstructiordependsighly on a correcttreatmenif the rst sub-
sequenceysingthis selectionproceduras recommendewheneer time enoughis availablefor

anumberof trials.

5.2.5 Robust Methods

Rohlustestimationtechniquesreusuallyrecommended theunderlyingdataareof low quality,
contaminatedy noiseor proneto othererrorswhich manifestthemselesasoutliers. In Chap-
ter 3, anumberof thesetechnique$ave beendescribedthe mostimportantonesof which will
be evaluatedhereregardingtheir effectivenesgor 3-D reconstruction.

Four robusttechniqueswyhich areall appliedto the extensionof reconstructiorafter an ini-
tial sequencdasbeenprocessedisinga factorizationmethod,are comparedchereusingthree
differentimagesequencesl hefour methodsare:

Ouitlier detection:the LMedS techniquedescribedn Section3.3.1is appliedasoutlined
in Section3.4.1for identifying outliersin 3-D point positions.

Featue weighting: the third of the featureweighting approacheslescribedin Section
3.5.1,which useshe structurematrix of eachfeaturede ned by equation(3.31),page73,
is evaluated peingthe mostaccurateoneof thesemethods.
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Figure5.12: Processingtepsfor the comparisorof outlier detectionweighting of featuresandrobust
estimatorswith the standardeconstructiormethodwithout errorthreshold. The ve methodgestedare
appliedduringnon-linearoptimizationaspartof thelinearreconstructionmethod.

Huber's minimaxestimator: this robust estimatorwhich wasintroducedin Section3.5.2
usingequation(3.33),page74,is appliedwith thethresholdparametek = 2:0.

Lorentzianestimator:for thissecondobustestimatoytheregulatingparameteof equation
(3.34)is setto k = 0:5. Thisvaluefor k andthe onefor Huber's estimatorarecommonly
usedasthey approximatehe quadraticerrorwell up to anerrorof aboutonepixel andare
thussuitablefor mostinput imagesequenceskurther sequence-dependenptimization
is possiblebut not examinedaspartof thisthesis.

The completeprogressiorof the experimentsconductedchereis shavn in Figure5.12. As can
be seenthere,all therobusttechniquesreappliedto the non-linearextensionmethodafterfac-
torizationof theinitial subsequencécludingthenon-lineare nementstepof thefactorization
result. The factorizationmethodis appliedidentically for eachtechniqueput differentsettings
areusedfor differentimagesequences.

Thethreeimagesequenceselectedor theseexperimentsare MilkHH-190, GlassART150,
andGlobeART501 Thesequenc&lassART1I50wasincludedin orderto demonstratéheeffect
of badpoint correspondenceas a sequencavith large areasof potentialoutliers,asis the case
herewith thetransparenandre ecting surfaces.

In Figure5.13,the four robustmethodsarecomparedo the standardeconstructiormethod
without discardingarny badfeaturecorrespondencesbore a givenback-projectiorerrorthresh-
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Figure5.13: Comparisornof PSNRvaluesof differentrobust reconstructiormethodsfor an increasing
numberof pointfeatures

old. This methodis labeled“no threshold”. The reconstructionsre performedfor a varying
numberof trackedfeatureperimage,rangingfrom 200to 1000featuresandthe PSNRIs given
for quality measurementin caseof the rst two sequenceshefeaturesdetectecareobviously
goodenoughsothatneitherathresholdor discardingfeaturess necessarjor goodreconstruc
tion, nor do the robust methodsimprove the results. Exceptfor the Lorentzianestimatoy the

robustmethodsevendecreas¢heresultinglight eld quality.

Thethird sequenceGlobeART501 imposegyreaterdemand®n thereconstructioomethod,
whichis demonstratetdy Figure5.13(c),sincethenormalmethodfails here.Again, the Loren-
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tzian estimatoryields consistentlygoodresults,outlier detectionhasa positive effect and Hu-
ber's minimaxyieldsa goodreconstructionn somecasesUsingthe structurematrix asfeature
weightagainhasno effect on reconstructiomquality, a resultwhich wasobtainedby Kanazava
andKanataniin [Kan01H aswell—thefeaturesdetectecautomaticallyaregoodenoughsothat
weightingdoesnotyield furtherimprovement.

Summary: The experimentsabove shav that while robust estimatordik e the Lorentziando
notnecessarilymprove thereconstructiomquality, they mayindeedhelpto increasdhestability,

i. e., robustnesspf estimation. While the Lorentzianestimatorwith k = 0.5 seemsto be a
goodchoicein arny casethisis not the casefor the othermethodgested.Here,the conclusion
of [Kan014 that probabilisticmodelingis not ef cient if featurecorrespondencesre already
well selectecholds,too. However, the reconstructioralgorithmsproved to be unperturbedy

thetransparenandre ecting objectsin GlassART150andlikewisein MilkHH-190, aslong as
enoughdiffusesurfacesareavailable.

5.2.6 SceneGeometry

In Section3.6 four differenttypesof scenegeometrywereintroduced:depthmapsby interpo-
lating reconstructe@-D points, a variationalstereodisparity approach)ocal proxies,andthe
generatiornof oneglobal proxy. Now, thesetypesof geometryarecomparedo eachotherre-
gardingrenderingguality andef ciency.

Theexperimentsareperformedon two differentimagesequencesdviiikHH-190andColaTF
40. In caseof the rst sequencegnly aninitial subsequencef 30imageswvasusedfor geometry
reconstructiorsothataglobalproxy of the rst type,i. e.,with themeshextendedupto theimage
borders,canbe generated.The secondsequenceonstitutesa completerotationof the camera
aroundan object,sothathere,theinitial sequencéasto be shortsinceall featureswill belost
eventually In fact,theinitial subsequencehich alsocreateghe initial proxy meshis only ten
imagedong, andfor therestof theimagesthe extensiontechniqueor long imagesequences
appliedto theproxy asdescribedn Section3.6.3.

Figure5.14 showns examplesfor the variationalapproachjocal, andglobal proxiesfor both
sequencesThe left and middle imageseachrepresentlepthcorrespondingo oneimage,the
geometrymeshe®ntheright arevalid for thewholesequenceAs canbeseenn thesecondow,
thelocal andglobal proxiesof the secondsequenc®nly modelthe objectpresenin the scene,
but notthe backgroundWhile for the global proxy this is a consequencef the algorithmused,
it is anoptionfor thelocal proxieschosermereto provide comparabilityfor thetwo approaches.
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Figure5.14: Examplesfor differenttypesof geometryfor the two imagesequence#ilkHH-190 (top
row) andColaTTF40 (bottomrow): variationalapproactby Alvarezetal. (left), local proxy (middleleft),
globalproxy (middleright), andanoriginalinputimagefor comparisor{right)

MilkHH-190 ColaTF40
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
globalproxy | 24.6dB  0.0649s 21.4dB  0.0192s

Table5.7: Comparisorof renderingquality and speedfor differenttypesof geometry:depthmapsin-
terpolatedfrom 3-D points, using a variationalimagedisparity approachJocal proxies, or one global
proxy

The gures of Table5.7 comparethe four resultinglight elds for eachsequenceegarding
renderingquality in termsof PSNR,aswell asrenderingimein secondperframe. Theobvious
conclusionis that both typesof proxies,local andglobal ones,areconsiderablymoreef cient
for renderingthan depthmaps. The variationalapproachlosesadditionaltime asit utilizes
con dencemapsto maskoutthoseareasvhereno depthinformationis available.

Theseareasare alsoresponsiblgor the bad quality resultsof the variationalapproachfor
the MilkHH-190 sequenceAppearingpreferablyat theimageborder areagnay remainduring
renderingwhereno depthwasfoundatall, resultingin a high errorcomparedo the original im-
age.Thiseffectis visible in thedifferencamagebetweeroriginal andrenderedmageshowvn in
Figure5.15(a).Additionally, the algorithmgeneratesvrong depthvaluesfor re ecting surfaces
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(@) (b) ()

Figure5.15: Problemsoccurringfor differentkindsof geometry:(a) missingbordersresultin highimage
differencedor thevariationalapproach(b) partsof the objectaremissingif local proxiesarenotextended
to theimagebordersjc) globalproxiesmaybeincomplete.

likethe CD casen sequenc#lilkHH-190, wherethe otheralgorithmsjust useanaveragedepth
of the surroundingreatures.For sequencewheretheseproblemsdo not occug asin the second
casetheaccurag of thevariationalapproackconsequentlyieldsthe bestresults.

The low quality resultsof local and global proxiesfor the ColaTF40 sequenceanbe as-
cribedto thelack of depthinformationoutsideandon therim of the centralobjectin the scene.
Although local proxiesare easily extendedto eachrespectre image border this is not done
hereto ensurecomparabilitywith the global proxy in both quality andrun-time. Theresultis a
somavhattruncatedout well renderedbjectasshovn in Figure5.15(b).

Theglobalproxy of sequenc€olaTTF40 exhibits anotherof theremainingdravbacksof the
algorithmusedfor generatingt. As canbe seenin Figure5.15(c),closingthe nal gapon its
backsidewherethe algorithm nished did not work out. While the algorithmis theoretically
ableto dothis, it is toorestrictvein this caseregardingthevisibility of featuresn the pertaining
imagesto succeedere.

Summary: Regardingrenderingspeedaswell asquality, local proxiescurrentlyrepresenthe

bestchoicefor light eld geometry Evenregardingtheir generationconstructinga 2-D Delau-

naymeshcanbedonevery ef ciently , andstorageequirementsirevery low. Densedepthmaps
usingoptical ow, suchasthe variationalapproachusedhere,yield potentially betterresults,
but arelessreliable,lessef cient duringrenderingandrequiresigni cantly moretime for their

computation Globalproxieswould posea seriousalternatve to local onesoncetheirreconstruc-
tion could be donein a stablemanner Renderingperformancebene ts, however, canonly be

expectedior muchlargersetsof inputimages.
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Figure5.16: The integratedprocessof trackingandreconstructinganimagesequencémageby image.
Processingtep(1) is only performedoncefor theinitial subsequencayhile theiteration(2) is repeated
until all imageshave beenprocessedThe distinctionbetweemo featurepredictionandthe exhaustve,
selectedandweightedpredictionschemess locatedinsidethe predictionstep.

5.2.7 FeedbackLoops

For theexperimentsn this section thereconstructioralgorithmintegratingtrackingandcalibra-
tion in asinglepassis appliedaccordingto Figure3.13,page85. This reconstructiorschemas
eguvalentto linearly trackingfeatureshroughthe sequencevithout the usuallyappliedback-
wardstrackingstep,followedby linearcalibration. Therefore yeconstructiorguality is lowerin
generalput the procesoffersthebene t of a streaming-lile processingf incomingimages.

Prediction by Back-Projection

The predictionof featuresfor trackingby back-projectingpreviously reconstructegbointsinto
the mostrecentimageasintroducedin Section3.7.1is similar in its effectsto non-sequential
reconstructiorof Section3.4.2. Two imagesequences;irclesART501 and CrawlerART510,
wereselectethecausef their lengthandrepetitve motion paths,andreconstructedisingfour
differentschemesno prediction predictionusingexhaustve searctof sourcamagesandsource
imageselectiorusingthe highestnumberof featureq“selected”)aswell asweightingaccording
to equation(3.43)on page86 (“weighted”). For the lasttwo schemesthe numberof imagesto
trackfeaturefrom waslimited to ve.

Figure5.16 offers a detailedovervien over the reconstructiorprocesdor this experiment.
The iteration of tracking, reconstructionand predictionwhich is repeatedor eachadditional
image after processinghe initial sequencas labeledwith (2). The four different prediction
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CirclesART501 CrawlerART510
Type features avg. trail length features avg. trail length
no prediction | 14716 20.4 28138 10.9
exhaustve 5769 63.3 8561 37.7
selected 5138 70.7 9245 34.2
weighted 5244 69.3 10380 30.3

Table5.8: Featuredracked without predictionandwith differentselectionschemedgor prediction

Sequence Type PSNR b.-proj. err. trans.err. rot.err. time/image
CirclesART501  no pred. 30.6dB 0.884 18.0% 30.8% 5.58s
exhaustve | 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
CrawlerART510 no pred. 26.0dB 0.697 8.35% 10.8% 6.46s
exhaustve | 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: Comparisorof differentselectionschemesor featurepredictionby back-projectiorwith linear
reconstruction

schemesreall locatedin the sameprocessingstepin thisloop.

As canbeseenn Table5.8,theaveragefeaturetrail lengthis increasedissubstantiallyasin
theexperimentdor non-sequentialeconstructior{Section5.2.3),by afactorof morethanthree.
Surprisingly this effectis not necessarilghe mostpronouncedor exhaustive search.In caseof
sequenc€irclesART501it is moredistinctfor the selectve schemes.

Justlik e for non-sequentialeconstructionthe resultsshavn in Table5.9 suggesthatlocal
correctnesss not necessarilyincreasedoy prediction. Likewise, but on a much larger scale,
back-projectiorerrorincreasesvhich is dueto the factthatreusedfeaturesmay badly t their
projectionsin the mostrecentimageand are discarded put continueto contribute to the total
error. This effectis lesspronouncedn the non-sequentiatasesincethere,the orderof feature
trackingandreconstructiorare both determinedby the view mesh. However, errorscompared
to groundtruthandPSNRstayatthe samdevel comparedo normalreconstructiorif prediction
by back-projections applied.

An increaseof global correctnessyhich is examinedby againleaving out a highernumber
of neighboringmagesduring PSNRcalculation,wasonly obsenablefor sequenc€irclesART
501 PSNRIfor differenthnumbersofimagesemovedis plottedin Figure5.17for bothsequences.
Theruntimebehaior is asexpected ascomputatiortime increasesnostfor exhaustve search,
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Figure5.17: Local andglobal errorfor linear reconstructiorandfeaturepredictionwith back-projection
usingPSNR

even distinctly more so for CrawlerART510 wherethe samesectionof the sceneis visible in
moreimages.The selectve scheme®n theotherhandincreaseuntimeby a x edamountsince
the numberof imagesfor retrackingis x ed,too. In generalthe “selection” schemeperforms
slightly betterthanweighting.

Summary: While considerablyncreasinghelengthof featuretrails beingtracked, prediction
by back-projectiondoesnot necessarilyimprove the overall accurag of reconstruction. The
approachs thusinterestingf commoninformationis requiredfor mary differentimagessuchas
if aglobalproxywerereconstructedyr if bundleadjustmenbr self-calibrationareto beapplied
subsequently In that respectit also provides an adwvantageover non-sequentiatracking and
reconstructiorasit requiresonly one,even streaming-lile passover the sequenceln addition,
thisonepasscanbedonein a x edamountof time perframeusingoneof theselectve schemes.
In that case,the simple selectionproved superiorto the weightingschemeasit yielded lower
absoluteerrors.

Closing Loopsin Camera Movement

In orderto exemplify the resultsof the closingloopsalgorithmintroducedin Section3.7.2,the
two turntablesequence€olaTF40 andSantaTT200arechosenWhile the rst consistof only
onerevolution of a turntablewith 40 images,the secondsequenc&omprises ve revolutions.



5.2. Evaluationof StaticLight Fields 147

(@) (b) (© (d)

Figure 5.18: Stepsof the closing algorithm for the ColaTF40 sequence:(a) linear erroneougecon-
struction,(b) loop closedwithout consideringotation,(c) loop closedconsideringotation,and(d) nal,
optimizedreconstructiorwith 3-D point positionscorrectecaswell

As canbe seenin Figure 5.18(a),the linear reconstructiorof the ColaTF40 sequenceields
a considerablegapbetweenthe rst andthe lastimage. The informationthat the sequences
circularis provided by addingthe rst imageto the end of the sequencendthenregistering
rst andlastimagewith eachother The processof closingthe loop is demonstratedby the
restof Figure5.18,with theintermediatestepsof closingtheloop consideringonly translation,
minimizing the residualvectorof equation(3.44), page88, andwith rotationsincluded,using
equation(3.45).For the nal result,the 3-D point positionsarerecalculated.

For SantaTT200, the viewpoint meshalgorithmof Section3.4.2is usedto identify the end
of aloop. Thus,loopsweredetectechutomaticallyevery fth imageafterreconstructiorof the
rst revolution, which wasselectecasminimumlengthof aloop.

As mentionedin Section3.7.2 the closing of loops makes the more sensethe larger the
accumulatecerror. This issueis re ected by the resultsshovn in Table5.10. PSNR,back-
projectionaswell asposeerrorsaregivenfor the reconstructiorusingonly bundle adjustment
onidenti ed loopsandfor thewholeproces®f closingloops,asopposedo thepurelysequential
cameraalibrationand3-D reconstructionThislinearreconstructiof sequenc€olaTF40has
a large accumulatecerror, therefore closingloopshasa greateffect on the positiondifference
while justapplyingbundleadjustments insufcient to reducethiserror. Closingtheloop onthe
otherhandhasa large effect, especiallyon poseerror.

For sequencesantaT$200 on the other hand, the accumulatecerror is rathersmall, and
thus, the cameraposition differenceis still lower without the closing step. The inaccuracies
introducedby closing,re ected by the increasedack-projectiorerrorin both sequencesyere
notcompensatedufciently by bundleadjustment.
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Sequence Type PSNR back-proj. err. trans.err. rot.err.

ColaTTF40 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%
SantaT1200 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: Comparisorof linearreconstructionbundleadjustmentandclosingof loopsfor ColaTF40
andSantaTT200sequences.

Summary: Sincethe closingintroducessomeerror on eachcamergpositionit workswell for
the compensatiorof large errors, but for small displacementsysing only bundle adjustment
may yield betterresults. Thus,the mainissuefor future work would be the reductionof errors
introducedduringtheclosingprocess.

Extending Light Fields

In orderto testthe methodsintroducedin Section3.7.4for extendingexisting light elds with
new input images,the experimentsof [Deu04] are repeatechere. The threeimagesequences
recordedor this purposeareOf ceHH-109, CandyHH-113andSantaHH-207 For eachof them,
a secondsequencevasrecordedstartingat an arbitrary camergpositionwithin, or closeto, the
convex hull of thecamergpositionsof the rst sequence.

The principle setupof the following experimentsis outlinedin Figure5.19. After feature
trackingandlinearreconstructionalight eld is generatedor the rst imagesequenceWhile
the parametesearchby renderingfeedbackrequiresthis rst light eld, it is not necessaryor
SIFT featurematching. Both approacheyield animagelD determiningwhereto initialize
featuretrackingto theadditionalimagesandeitherahomographyaccordingo equation(3.50),
page93, or a camergposeestimatefor featureprediction. The poseestimates obtainedusing
eitheradaptve randomsearchpr the particle Iter, solvingequationg3.53)through(3.55).

Both approachespatchingwith SIFT featuresandparametesearchy renderingeedback,
aretestedwith the sametwo experimentseach.For the rst one,only the rst imagesequence
is used. Oneof the imagesis removed from the sequencendfed into the searchalgorithmto
performasearctor thenearesimage.Thiswasdonefor tenimagedor eachof thethreescenes.
The secondsetof experimentsdealswith attachinga secondsequencéo the original sequence.
Again,tenimagesareused this time from the beginning of the secondsequence.

In caseof the SIFT featuremethod animageneighboringhemissingimagein thesequence
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Figure5.19: Processingtepgor thethreedifferentapproacheto addingnen imagesorimagesequences
to anexistinglight eld: SIFT featurematchingandparametesearchby renderingfeedbackusingeither
adaptve randomsearch(ARS) or the particle Iter (PF)

OfceHH-109 CandyHH-113 SantaHH-207

Type ARS PF ARS PF ARS PF
Cardan 0.642 6.30 0.529 3.07 281 6.96
Cardan 0.654 452 0.963 271 232 5.68
Cardan 0.561 222 0.653 1.87 292 09.12
translation | 145% 872% 108% 423% 328% 921%

Table5.11: Correctnes®f estimationof closestimagefor adaptve randomsearch(ARS) and particle
Iter (PF)

is foundfor all imagesin eachof the experiments Sincethe methoddoesnot calculatearny pose
parameter$or the missingcamergposition,no further statemenbf accurag canbe made.

For the useof renderingfeedbackon the other hand, the calculatedcameraposescan be
comparedo the poseof the cameracomputedoriginally during a reconstructiorof the whole
sequenceTable5.11 shaws the averagerotationalandtranslationalerror. In this case the ro-
tationalerroris givenas Cardananglesin absolutedegreesasin the original publication. The
translationakrrorfor removedimagef ; is calculatechsjb tijgti+c  ti], whereP is thetrans-
lation foundandt; the previously reconstructedranslationof imagef ;. Thus,thetranslational
error is given as a percentagef the cameradistancearoundthe removed imageor, in other
words,theerroris 100%if, insteadof thetrue position,thatof aneighboringmageis returned.
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Type Of ceHH-109 CandyHH-113 SantaHH-207
featuredist. (1) 49.0 58.6 41.6
featuredist. (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: Trackingaccurag of SIFT featuresn pixels andpercentagef featuresracked without (I )
andwith (H ) usingthe homographymatrix for prediction

OfceHH-109 CandyHH-113 SantaHH-207

Type ARS PF ARS PF ARS PF
feature dist. (all) 305 446 313 375 280 248
featuredist. (init) | 38.1 336 20.1 33.8 29.7 345
% 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: Trackingaccurag of adaptve randomsearch(ARS) and particle lter (PF)in pixels and
percentagef featuredrackedfor afull search(all) or initialized with the closestimage(init)

As canbeseentheadaptverandomsearc{ARS) methodoutperformgheparticle lter (PF)
approachor all sequencesThetranslationadistancesare generallywithin a few neighboring
imagesandtherotationaloneswithin afew degrees.Thoughthiserroris largerthanif theclosest
imageas per the SIFT methodhad beenused,the resultsare quite usablefor a global search.
Comparedo the original publicationin [Deu04], the resultsare muchimproved. This canbe
ascribedo distinctimprovementsn renderingquality dueto a modi ed selectionalgorithmfor
contributing imagesthe useof local proxiesinsteadof depthmaps,andminor optimizationsof
thecalibrationprocess.

For the secondexperiment,the SIFT featureandrenderingfeedbackmethodscanbe com-
pareddirectly. The extensionwasevaluatedoy measuringhe averagefeaturedistancefrom the
predictedposition,andthe fraction of successfullytracked features.In caseof the SIFT feature
approacha distinctionis madebetweenusing the estimatechomographymatrix betweenthe
imageto beaddedandthe closesinein the rst sequenceandnotusingit. FromTable5.12,it
is obviousthatthe homographymatrix mapsthe featuresvery accuratelyfrom oneimageto the
otherastheaveragefeaturedistancas belowv vepixelsin all casesConsequentlyfeaturetrack-
ing is very successfuln this case. Without this mapping,the trackingalgorithmhasto match
featureswhich arevery far apart,andobviously, the basinof corvergenceis not large enough
for distancedeyond 50 pixels,asdocumentedy the low rateof tracked featuredor sequence
CandyHH-113
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(@) (b) (©)

Figureb5.20: Extendedeconstructiorof the SantaHH-207magesequencéa) andrenderedmageswith-
out (b) andwith (c) theadditionalinputimagesasseenfrom exactly the samecamergposition

For evaluationof therenderingfeedbacknethodsijnitialization of the searchwastestedboth
from camergparametersf all imagesin the rst sequenceandfrom the closestcameraasper
the SIFT neighborsearch. The resultingproposedcameraparametersverethenpassedo the
featuretrackingprocesdy usingthe back-projection®f every known 3-D pointasan estimate
for thefeaturepositionssimilar to thehomographyH .

Theresultsarelistedin Table5.13. Here,an advantageof adaptve randomsearchover the
particle Iter cannotbe obseredasin the rst experimentor in [Deu04]. The reasonmay be
that the higher quality of renderedmagespromotesthe speedof cornvergenceof the particle

Iter approachWhile theaccurag of featurepredictionis lower thanin the SIFT featurecase,
it is still high enoughto allow for a percentag®f tracked featuresabose 70%for all methods
andsituations.However, it hasto be mentionedhatextensionfailedin two out of ten casedor
adaptve randomsearchwith initialization appliedto sequenc&antaHH-207

Regardingruntime,the SIFT featureapproactoutperformsenderingfeedbackeventhough
the ef cient unstructuredumigraphrenderingis usedtogetherwith local proxies. In caseof
sequenc&antaHH-207e.q., SIFT featuregequireatotal of 96:7 secondg$or nding theclosest
neighboringimage, of which homographycalculationmakesup only 1 second.In contrastto
that, adaptve randomsearchtakes about6:5 minutesfor the sametask without initialization.
The condensatioralgorithmrequireseven 8:9 minutesin average.In both cases20 iterations
with 207 particleswereused.

Figure5.20 nally shavstheresultof addingthe secondsequencéo SantaHH-207 Image
(a) depictsthe reconstructeg@amerapositionsof both sequencewith the positionsof the addi-
tional sequencdighlighted. Images(b) and(c) shov two imagesrenderedrom the resulting
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light eld without (b) andwith (c) the additionalimages,demonstratinghe increasedrziewing
rangeof theextendedight eld.

Summary: Theexperimentsshawv that eithermethodis ableto reliably solve the problemof
extendingalight eld. The SIFT featureapproachhowever, offersa muchhigheraccurag in
predictingfeaturepositions while therenderingfeedbackis suf cient andfails only in very few
casesAdditionally, SIFT featurecalculationis moreef cient hereunlesshenumberof particles
is reducedunreasonably

Recommendations: The bestapproachto generatinga static light eld from animagese-
guencealwaysdepend®n variousfactors,suchasthetype of recording thetime available,and
thepurposeof thelight eld. Themostgeneralscenarids probablythe availability of animage
sequenceecordedwith a hand-heldcamera,and no real-timeconstraints althoughthe result
shouldbe availablewithin severalminutes.In orderto achieze a goodresultsoonwith little or
no parameteadjustmentsgherecommendeg@roceduras alinearreconstructiomprocessccord-
ing to Figure 5.9 including bilinear tracking. Linear reconstructiontself shouldbe substituted
by automaticselectionof a factorizationmethodas showvn in Figure 3.4, page65, wherethe
subsequerextensionto thewhole sequencshouldmake useof therobustLorentzianestimator
of equation(3.34),page74, asshavn in Figure5.12. Thefastesigeneratiorandbestrendering
resultsfor scenegeometryareachievedwith local proxiesaccordingo Section3.6.2on page78.
Non-sequentiairackingandreconstructioriollowing Figure5.9 constitutesanoptional,suc-
cessve processingtep.It shouldonly beappliedif linearreconstructiorwassuccessfusothat
thecamerameshwhichis generatedisingequationg3.26)and(3.27),page70, containssensi-
bleinterconnectionsf neighbouringrziewpoints. This stepis recommendedjowever, if aglobal
proxy is to be generatedrom the reconstruction.Finally, if the existing light eld is to be ex-
tendedby new images the approachusing SIFT featurematchingandhomographyestimation,
shawvn in Figure5.19,shouldbe preferredfor thereasonglescribedn the summaryabove.

5.3 Evaluation of Dynamic Light Fields

Two differentmodelingtechniquedor dynamiclight elds have beenintroducedin Chapter
4, step-wisestaticlight elds andthe modelingof rigid objectmotion. Thesetwo modelsare
evaluatedin the following. As in the previous section,the different example sequencesire
introducedrst. As anoutlookto futurework, anexampleof anobjectlight eld is presented.
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Figure5.21: Exampleimagesirom thetestsequencefor step-wisestaticlight elds: HandSWS-468op
row), HeadSWS-48gniddlerow), andRotorSWS-57@ottomrow)

5.3.1 Example Sequences

In caseof dynamiclight elds, the examplesequenceare subdvidedinto just two cateyories,
onefor eachtype of modeling. Thecateyoriesgivenin thesequencélenti ers areSWSfor step-
wisestatic,andROM for rigid objectmotion. Thesequencéengthfor step-wisestaticsequences
denoteghe sumof imagesin all sequencesasonesequenceavasrecordedfor eachtime step.
All sequencewererecordedusingthehand-heldSory DV cameraalreadyusedpreviously.

For step-wisestaticlight elds, threesetsof imagesequencewererecorded.Eachof them
shows a differentdynamicobjectin front of a staticbackground.Exampleimagesfor eachof
thesescenesareshownn in Figure5.21. The numbersof imagesequenceftime steps)for each
sceneare5, 6, and8 for HandSWS-468HeadSWS-482nd RotorSWS-57aGespectrely. The
numberof imagespersequenceariesbetweert4and108

Anotherthreeimagesequencesvere chosenfor the experimentson light elds of moving
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Figure 5.22: Example imagesfrom the test sequencedor light elds of rigid, moving objects:
CrawlerROM-139(top row), Phone®M-145(middlerow), andHeadROM-200(bottomrow)

but rigid objects. Two exampleimagesof eachsequenceare shavn in Figure5.22. Besides
therotatingtoy crawler alreadyintroducedin Section4.3,the sequenceshov atelephonearm
beingrotatedrepeatedlyanda personturning his headseveraltimes. The sequencedenti ers
areCrawlerROM-139 Phone®M-145 andHeadROM-200

Finally, the exampleof an objectlight eld whichis givenin Section5.3.4asa preview is
generatedrom sequenc®honeM-145withoutany modi cationsto it.

5.3.2 Step-Wise Static Light Fields

Theexperimentakvaluationof step-wisestaticlight elds is donefollowing thesameprocedure
asin [Sch04b]. Although the sameimagesequencesvere examinedthere,resultsmay differ
considerably The reasonsare that insteadof the featuretracking schemeof Heigl [Hei98],
the more accurateand ef cient implementationby Zinf3er[Zin04] is used. Furthermore the
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Figure5.23: Processingtepsfor generatinga step-wisestaticlight eld from k inputimagesequences.
After independenteconstructiorof eachsequencehedynamiclight eld is assembledfterregistration
andre nement.

unstructuredumigraphrenderefBue01],whichis usedthroughouthisthesis,js now employed
insteadof the freeform rendereiintroducedn [Sch01Db].

Theexperimentaketupis outlinedin Figure5.23. The processingtepswhich areof special
interesthereareregistration,which combinegheindependenteconstructionsf theinputimage
sequencegndre nement,which consistf meshtrackingandreconstructiorfor all sequences
together Rejistrationis explainedin Section4.2.2 and appliesthe transformationgiven in
equationg4.1)to (4.4) onpagesl00to 102. Re nementis describedn detailin Section4.2.3.

An assessmeiaf thequality of registrationusingtheback-projectiorerroris shavnin Figure
5.24for the HandSWS-468equenceln orderto ensurehe comparabilitybetweerregistration
by concatenatiomndthe following re nement,the samesetof point correspondencesasused
for both. Theseconsistexclusiely of featureswhich were obseredin morethanone of the
imagesequencedJnlike in thenormalcase the correspondin@-D pointswerenot takenfrom
the calibrationprocessput weretriangulatedfrom the 2-D features.This way, featureswhich
areusuallydiscardedecaus®f a back-projectiorthresholdareincludedaswell.

The comparisonn Figure5.24 shows clearly thatthe back-projectiorerroris considerably
smallerin eachimageof all sequencesafter the re nementthanbefore. The reductionof the
back-projectiorerrorof thetwo otherexampleds givenin Table5.14,andis likewise consider
able.
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Figure5.24: Back-projectiorerror of point correspondencesith featuresin imagesof at leasttwo se-
guences.The errorin eachframe of sequencédandSWS-46& givenin pixels, before(solid line) and
after (dashedine) there nementstep.

Sequence  back-proj. err. img. diffs meandiff .
concat re ne concat rene
HandSWS-468 5.17 0.629 45.0 359 185
HeadSWS-482 5.02 1.69 30.0 21.3 141
RotorSWS-576¢ 25.0 0.824 84.0 49.4 195

Table 5.14: Comparisonof back-projectionerrorin pixels and backgroundshifts using averagecolor
valuedifferenceperpixel for the examplescenedeforeandafterre nement.In column“img. diffs”, the
numberof imagecomparisongor averagecolor valuedifferences given.

The secondmeasurdor the quality of imagesequenceegistrationis the shift of the back-
groundfor two renderedmagesof differenttime stepsput asseenwith exactly the samevirtual
camergpose.Puttingthis shift into numberss dif cult, sothe averageabsolutecolor valuedif-
ferenceperpixel waschosemasa measureWhile this lackssomequantitatve expressvenessit
canstill give a goodqualitative impression.In orderto ensurethe validity of this comparison,
thetestimageswerealwaysrenderedvith approximatelythe samevisible objectsizes.An ex-
actmatchwasnot possiblesincethe coordinatesystemdiffer beforeandafterre nement. The
valuesin column®img. diffs” of Table5.14denotethe numberof imagecomparisongerformed.

Sinceonly the backgroundshift wasto be consideredthe dynamicobjectsin theforeground
were removed by hand-coloringthemin black. Theseand ary other colorlessparts of the
images—thg appearif no referencemagesfor interpolationare closeenoughto this area—
wereignoredin thedifference.Thelasttwo columnsof Table5.14show the pixel differencegor
the simpleimagesequenceoncatenatiomomparedo thevalueafterthere nementstep.In all
sceneshere nementstepclearlyimprovestheregistration. This canbe seenin the examplein
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Figure5.25: Differencemagedor time step) and3 of the HeadSWS-482equencérom similar camera
positionsbeforeandafterre nement

Figure5.26: Exampleimagegenderedrom thelight elds of HandSWS-468ndRotorSWS-578having
differenttime steps.The imagesof the rst row wererenderedisinga constantcamergpose,while for
thesecondow the cameravasmovedtowardsthe scene.

Figure5.25wherethe differenceimagesof two time stepsareplotted,before(left) andafterthe
re nement(right) for sequencédeadSWS-482The hand-coloredegionsappearasuniformly
blackrectangles.

Finally, in Figure5.26 a seriesof exampleimagesis renderedrom the light elds of se-
guencesHandSWS-46&nd RotorSWS-578espectrely, which were both generatedafter the
re nementstep. For the threedifferenttime stepsrenderedthe observingcameras posewas
keptconstanin the rst caseto demonstratéhestability of backgroundin thesecondtasethe
cameras movedtowardsthe objectwhile advancingin time aswell.
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Figure5.27: Processingtepsfor generatingadynamiclight eld with rigid, moving objects.In this case,
the processs shawvn for backgroundandoneobjectonly.

5.3.3 Rigid Object Motion

The block diagramof Figure 5.27 shavs how the processingstepsof objectseparationregis-

trationandtime stepidenti cation areintegratedinto the usualprocesof light eld generation.
They wereintroducedin Sections4.3.1to 4.3.3and denotethe main techniquesemplogyed to

reconstructhiskind of dynamiclight eld. Objectseparatiomakesuseof theshapéanteraction
matrix Q givenin equation(4.5),pagel05,andtheseparatiorcriterionof equation(4.10),page
107. Registrationfollows equationg4.11)to (4.14) on pagelll. Tracking, 3-D reconstruc-
tion andlight eld assemblyarereusedrom staticlight elds, althoughthelastis extendedby

con dencemapgeneratiorwhichis requiredfor visualizationof thedynamiclight eld.

Oneaspecbf reconstructindight elds of moving but rigid objectswhich wasemphasized
in Section4.3.1is the problemof nding enoughfeatureson both backgroundandforeground
of the scene,which may be dif cult if the objectis eithertoo small or moving too quickly.
The threeexamplesequencesisedin the following were selectedkeepingthis issuein mind.
However, ascanbeseenin Table5.15,thetotal numberof featuresassignedo the objectduring
reconstructiormay be considerablysmallerthanfor the backgroundpr otherwise the average
trail lengthmaybevery short,asin caseof sequenc€rawlerROM-139 Theinitial factorization
wasthereforedoneon asfew as10 (CrawlerROM-139 to 35 (HeadROM-200 images.For the
remainingextensionto thewhole sequencegachfeaturehadto bevisible in atleast8 imageso
beincluded.
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Sequence images featuresbg. featuresfg. avg.trail length
CrawlerROM-139| 139 2181 1049 15.5
Phone®M-145 145 2207 266 38.0
HeadROM-200 200 1160 710 90.9

Table5.15: Somestatisticson the examplesequencesthe columnsdenotethe total numberof images,
thetotal numberof featureson backgroundandforeground,andthe averagdengthof featuretrails onthe
foregroundobject.

Figure5.28: Reconstructiomndquantizatiorof thethreeobjectsinto 8 time stepsor the rst, and6 time
stepdor theothertwo sequenced-romleft to right: CrawlerROM-139 Phone®M-145 andHeadFROM-
200

The nal resultsof the objectreconstructiongor eachsequencaredepictedn Figure5.28.
Here,the nal camergpathis visible whichresultsfrom deductinghecameras own motion. The
guantizatiorby camergposition,asdescribedn Section4.3.3,is illustratedby differentshades
for each‘time” step.

Figure5.29shaws four imagesrenderedrom the resultinglight elds for eachof thethree
sequencesysingtherenderingmethodintroducedin Section4.4.2. For all four imagesof each
sequencethe camergposewasthe samewhichis re ected by theidenticalbackgroundn each
image. The object,however, wasrenderedor four differenttime steps,andis thusat different
positions. Note that the cameraposesfor the renderedmageswere not part of the original
sequencehut choserarbitrarily. For the crawler light eld theimagesequencevassubdvided
into eighttime stepswhile the othertwo light elds consistof six time stepseach.

The mostobviouserrorsin renderingareapparentor sequencéleadROM-20Q wherearti-
factsarevisible aroundthe headto varyingdegreesn all images.Thisis theresultof alessthan
optimal partitioning of the input imagesinto foregroundand backgrounddueto background
featuredying too closeto the object. Thus,if partsof the objectarenot maskedoutby acon -
dencemap,they arerenderecasbackgroundandleadto the obsenedeffects. For the othertwo
sequenceghegenerougartitioningis sufcient to preventtheseerrors.
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Figure5.29: Renderedmagedor four differenttime stepsof therigid objectlight elds createdrom the
CrawlerROM-139(top row), Phone®M-145 (middle row), andHeadROM-200sequencébottomrow),
seerfrom the samecamergosition

5.3.4 Object Light Fields

As a further developmentof the dynamiclight elds of rigid objects,the objectlight eld was
introducedin Section4.4.3. It makesuseof the sameseggmentationalgorithm, but insteadof
partitioningtheimagesinto time stepsanindividual light eld is generatedor backgrouncand
objecteach.

For thepreliminaryexampleof anobjectlight eld shovn here,sequenc®hone®M-145is
reused Fromits previousreconstructiorshovn in Figure5.28,thetwo individuallight elds for
backgroundandforegroundobjectaregeneratedror thebackgroundight eld, thedataalready
available canbe reusedwithout further processingexceptthat thosecon dencemapsare dis-
cardedwhich allow for theforegroundobjectto berenderedThus,thetelephonearmis deleted
from the sceneandnot visible anymoreduring renderingasis demonstrateth Figure5.30(a).
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(@) (b) (© (d)

Figure5.30: Examplerenderingof anobjectlight eld: backgrounda)andobject(b) of the PhoneRM-
145 sequencarerenderedndividually usinghand-sgmentedcon dencemaps(c), andtogetherin one
renderei(d).

For theforegroundlight eld, theobjectis cutouttoo generouslyn theexistingcon dencemaps
sothatthey haveto bere ned by hand.For thelight eld renderedor Figure5.30(b),con dence
mapssuchastheoneof Figure5.30(c)areused.

The combinationof backgroundandforegroundlight elds to the nal objectlight eld is
shavn in Figure5.30(d). Here, the renderingsoftware was extendedto allow the independent
manipulatiorof eitherbackgroundr foreground.Althoughtherearenoticeableartifactsaround
theobjectwhichresultfrom inaccuracie objectsggmentationthis nally permitsacontinuous
representationf adynamiclight eld withoutdiscretetime steps.
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Chapter 6
Applications of Light Fields

In principle,light elds constituteanothettypeof geometrianodel,with thespecialpropertythat
they areeasilycomputedrom realimages Applying themasmodelsfor real-world applications
suggesté#tself, andexampleswverealreadyshavn in [Hei04]. There light elds wereappliedto
two tasksin imageanalysisyiewpointselectiorandself-localization. Thefollowing chaptemill
brie y introducea numberof additionalapplicationsn augmentedeality, objectrecognition,
andminimally invasive sugery.

6.1 AugmentedReality

Augmentedealityis arelatively young eld of researchwith theaim of combiningrealerviron-
mentswith computergeneratedyirtual objects. The impressiornthe usershouldgetis thatof a
seamlesstegrationof bothreality andvirtuality. In its simplestform, augmentedeality is used
to enhancehotographswith, e.g., modelsof new buildings or archaeologicateconstructions.
In its mostsophisticatedorm, the userwearsa head-mountedisplayin which his ervironment
andvirtual objectsarecombinedon-the- y in real-time. His surroundingsnay be recordedoy
cameraghataremountedon his headaswell, his own headposehasto bereconstructeeither
from thesecameramagesor from additionalsensorssuchasopticaltrackingby externalcam-
eras.A comprehensie surwey on the stateof theartin augmentedeality hasbeenpublishedin
[BimO6].

An examplefor a systemwhich wasdesignedor applicationin head-mountedisplayshas
beenintroducedn [Sch0ld]and[SchOle].lt makesuseof a metalcubewith a sidelengthof 6
cmthatis paintedwith a differentcolor on eachside,suchthatits positionandorientationcan
bedeterminedunambiguouslyA realscenecanthusbeaugmentedby renderinga virtual object
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Figure 6.1: Two examplesof augmentation:Original (a), CSC segmentedcut-out (b), and augmented
image(c) onaturntable;original (d) andaugmentedmnage(e) of cubeheldin hand.

in the samepose thusreplacingthe cube.Headtrackingis not necessarysingthis approach.

Thecubeis detectedy exploiting the known colorsof its sides.Applying a resolutionhier-
archy the imageis color sgmentedusingthe Color StructureCode(CSC)algorithm[Reh98].
Candidataegionsareidenti ed in eachresolutionregardingtheir color andveri ed in the next
resolutionlevel. Thisprocesss exempli ed in Figures6.1(a)and6.1(b). Thecornersof thecube
areidenti ed next, andusedto estimatethe cameraposefor eachimage,assumingperspectie
projectionandmakinguseof theknown shapeof thecube.Theaugmentatiomf thecubewith a
virtual objectusingthe computedooseis shovn in Figures6.1(c)and6.1(e).

Usingalight eld insteadof thesyntheticyirtual objectaboveis asmallstepwhichhasbeen
implementedor a slightly differentscenarian [M0102]. Here,the “calibration object”, which
wasthe cubein the systembefore,is the faceof a personandthe virtual objectis replacedoy
thelight eld of adifferentpersons head.Thus,the goalhereis to exchangea persons facein
amovie with thatof adifferentperson.

Two maintaskshaveto besolvedhere.Firstly, therespectre facesn boththeoriginalimage
sequencendthe imagesusedfor reconstructinghe light eld have to be identi ed. Thisis
doneby detectingthe facesbasedon skin color [Cha98],andonly featuresnsidetheseimage
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Figure6.2: An imageof a persons facefrom the original sequencé€a) andthe correspondingiew from
thelight eld of adifferentperson(b). Augmentatioris doneby matchingthe eye positionsandwarping
thelight eld image(c). Imagestakenfrom [M 01102].

regionsareusedlateron for calibrationandreconstructionSecondlya facewith the samepose
astheonein thecurrent,originalimagehasto begeneratedrom thelight eld. Thisis achieved
by calibratingthe original image sequencen the sameway as the imagesfor the light eld
hadto be, using,in both casesthe methodsdescribedn Chapter3. By registeringthesetwo
reconstructionsthe respectie imageis easilyrenderedy usingthe cameraparameter®f the
originalimagesequenceReggistration,however, is doneheremostly manually

In Figure 6.2, the processs demonstratedor one example. For the view from the original
imagesequencef Figure 6.2(a),the correspondingiew is renderedrom the light eld of a
secondperson,as shown in Figure 6.2(b). In orderto achieve the correctmappingof light
eld imageover the original facein Figure6.2(c),it is necessaryo warpthelight eld image
slightly, usingthe BeierNeely warpingalgorithm[Bei92]. As a correspondingpair of lines,the
connectindine betweerthe eyesis detectedn eachimageusingtheir differencein color from
therestof theface.

Thisapplicationconstitutesa speciakind of augmentedeality, asit combinesarealernviron-
mentwith “real” imagesstoredin alight eld model.While the exampleabove leavesroomfor
improvement,t shavs thatif seamlessuugmentationvererealized,usingalight eld asvirtual
objectmodelmayenhanceealismwith little effort.



166 Chapter6. Applicationsof Light Fields

6.2 Object Localization and Recognition

A numberof applicationsof light elds in objectrecognitionor robot navigation have been
introducedbeforeby Heigl in [Hei04]. With the advancesn bothlight eld reconstructiorand
renderingaswell asobjectrecognitiontechniquesgifferentapproachesiave becomefeasible.
Two of them, objecttracking using particle lters andfasttraining for objectrecognition,are
describedn thefollowing.

6.2.1 Visual Object Tracking

Objecttrackingis the task of sequentiallyestimatingthe internal, unknovn stateof a moving
objectfrom a sequencef obsenations.Model basedbjecttrackingexploits thefactthatinfor-
mationaboutthe objectis availablein form of amodel,from whichit is possibleto predictwhat
obsenationsshouldbeexpectedjf a certainstateof theobjectis assumedThis predictedobser
vationis comparedo theactualobsenationandthe estimatedstatemaybe updatedaccordingly
In 3-D objecttracking,the stateof the objectis a vectorthat usually containsthe 3-D position
of theobject,its velocity andaccelerationAdditionally, sometimeshe poseof the objectis also
of interestandis thereforeincludedin the statevector The useof alight eld asobjectmodel
for 3-D objecttrackingwith poseestimationwasexaminedin [Fri02] and[Zob02] andwill be
summarizedere.

In orderto obtaina suitableobjectmodelwhich providesinformationaboutan objectfrom
all viewing directions,the recordingsetupof a cameramountedabove a turntableasdescribed
in Section5.2.1is usedhere.Unlikethelight elds describedofarin thisthesisthelight elds
usedhereare not reconstructedising structure-from-motioralgorithms. Instead,the camera
posesarederivedfrom the positionsof turntableandrobotarm. Thisway; it is guaranteedhata
light eld canbereconstructedor arny object. Onthe otherhand,no depthmapsareasreadily
availablefrom triangulatedeaturepoints. Thereforeponly at depthmapsareusedhere.

Particle Filter Approach
Thevisual 3-D objecttrackingalgorithmmakesuseof the particle Iter (PF)techniquewhich

was alreadydescribedor the extensionof existing light elds in Section3.7.4. It usesa set

representtheprobabilitydensityfunction(PDF)p( j€) for thecamergose ., i. e.,theview of
theobjectmodel,giventheobseredobjectf. Like beforetheparticle Iter requiresanestimate
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for boththea priori densityp( ;) andthelikelihoodp(fj ;) asstatedby equation(3.53)which
decomposethe PDFusingBayes'formula.

Here,bothapriori densityandlik elihoodareestimatedimilarto Section3.7.4.For thelatter,
a Gibbsdistribution is usedasapproximation.In this case thelight eld objectmodelpredicts
animageof the objectassuminga certainstate. This imagehasto be comparedo the actual
obsenation. Therefore,the enegy term E(fj ) of the Gibbsdistribution given in equation
(3.55)hasto measurehesimilarity betweerthepredictedobsenationanda certaintargetregion
in theactuallyobsenedimage.

The enegy E(fj ) is de ned by meansof the normalizedcorrelation coefcient (NCC).
NCC is acommonsimilarity metric betweenmagesusedfor templatematching. Becausdghe
likelihood de nition of equation(3.55) requiresa high positve enegy for bad matchesthe
reciprocalof theabsoluteNCC is used.Additionally, theabsoluteNCCis increasedo the power
of with > 1. iscalledastrictnesparametebecausehe higherthis parameters chosen,
the betterthe matchhasto bein orderto nally achieve ahighlikelihood.

Experiments

In [Zob02], threedifferent objectswere usedfor experiments: besidethe SantaClaus gure
alreadyseenin Chapters thesearea stuffed elk anda tapecassette For eachof theseobjects
alight eld objectmodelis constructedrom 817 camerapositionson a hemispherewith the
turntable-armassemblydescribedefore.

In orderto evaluatetheaccurag of the proposedrackingtechniquegroundtruth datais ob-
tainedby recordingthe objectsagainfrom camergpositionson the hemisphere¢hataredifferent
from thoseusedfor the generatiorof the light eld objectmodels. In Figure 6.3(a),the 687
camergpositionsfor the elk sequencareplotted. Objectmotionwasthensimulatedoy de ning
differentpathsthroughthosecamergositions.Thethreedifferentpathsof length72 for the elk
sequencarechartedn Figure6.3(a)aswell.

For trackingthe objectson their paths(i.e., actually therobotarmandturntablepositionsare
estimatedp particle Iter using200sampledor representinghe posteriordensityis employed.
At eachtime stepthe estimatedstateis takento be the samplemeanof the posterior hencea
minimum meansquareestimatorns realized. In this case the stateis restrictedto containonly
the 3-D poseparametersiamely thetwo angles and , their velocity, andtheir acceleration.

For eachof thethreeobjectstwo trackingexperimentsvereconductedsettingthe strictness
parameter toeither = l1or = 5. Foraqualitatve impressionof the results,the tracking
of path1 for the elk objectwith = 5is comparedo the original pathin Figure6.3(b). The
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Figure6.3: (a) Threedifferentmotion pathsthroughthe camerapositionson the hemispherddots). (b)
Original pathandestimatedbjectmotionpathfor path1.
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Figure6.4: Comparisorbetweertheoriginalimage(left) of thetestsequencéor objectelk onpathl and
= 5, andtherenderedmage(right) from thelight eld accordingto the estimatedstate.

remainingexperimentsyieldedsimilar results althoughthe systemperformedbetterin all cases
for = 5. Fortheexact gures of all experimentgeferto [Zob03.

The actualsimilarity of the renderedmagesto the original onesis demonstratedh Figure
6.4 for the sameexperimentasabove. For time stepsat regular intervals, the renderedmage
correspondingo the estimatedstateis placedbesidethe respectie original imageto allow for
visualcomparisonlt canbe seenthatthe object's poseis estimatedjuite accuratelydespitethe
low renderingguality which resultsfrom thelack of accuratedepthinformation.
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Figure6.5: Objectclassesisedfor recognition:( rst row) cup,toy re enginemouse pen,(secondow)
toy passengecar, hole punchercandybox, stapler Eachimageshawn is partof the respectie training
sequence.

For theseexperimentsscalingwasnot consideredThedistanceof the camera®on the hemi-
sphereto the centerof gravity of the objectsis assumedo be x ed. In [Fri02], the scenarias
extendedandthe tracker is appliedto imagestaken by the cameraof a mobile robot platform
(MOBSY). The statevectoris extendedto includethe 3-D positioninformationinsteadof just
the orientationangles put velocity andacceleratiorhave to be omittedto reducethe dimension
of the statespace Tracking,however, is performedsuccessfullyaswell for this application.

6.2.2 FastTraining for Object Recognition

In [Grz04], [Grz05],and[Grz07b],a differentaspecof light eld reconstructiowasappliedto
objectrecognition. Insteadof the renderedmagesasin the applicationbefore,the reconstruc-
tion procesdor imagesequencefrom hand-heldcamerass now utilized to quickly generate
new objectmodels. It thusreplaceghe procedurecommonlyusedin appearance-basaidbject
recognitionof recordingimagesusinga turn-tablesetupsuchasthe onedescribedreviously.
Objectmodelgenerationis doneby placing eachobjecton a black, homogeneousurface
andrecordinganimagesequencevhich coversawide varietyof viewing directions.Theobjects
usedin [Grz04] areshownn in Figure6.5. After camereacalibrationand3-D reconstructiorusing
bilineartrackingandreconstructiorasdescribedn Chapter3, the camergposesareavailablein
thewell-known form derivedfrom equation(2.11). At this point, a parametetransformatioris
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requiredsincethe objectrecognitionsystemusesa differentparameterepresentationlt com-
prisestwo translation@ndonerotationin theimageplane two rotationsoutsidetheimageplane
andonetranslationalongthe optical axis. Only four of theseparameterapply sincethe objects
areassumedo be uprightandata x eddistanceo thecamera.

At the beginning of statisticalmodeling,oneimageof eachclassis selectedasa reference
image,andthe poseparametersor the remainingimagesare calculatedrelative to the poseof
the objectin this image. For all images featuresarecomputedusinga wavelettransformation,
wherethe wavelet coefcients arecalculatedon a multi-scalegrid on eachimage. Featureon
thebackgroundarediscarded The computedeaturevectorsareinterpretecasrandomvariables
and their componentsnodeledas normally distributed, thus comprisingthe statisticalobject
model. For localizationand classi cation, the samefeaturevectorsare calculatedfor the test
image.Objectposeandclassaredeterminedusingmaximumlik elihoodestimation For detailed
informationon this procedureeferto [Grz074.

In the experimentsconductedor [Grz04], [Grz05], and[Grz07b], a training sequencevas
recordecand3-D reconstructefbr eachof theeighttestobjectswith morethan200imageseach.
As testimagesa secondsequencavasrecordedor eachobjectwith morethan120imagesand
likewise reconstructed.Dependingon the numberof training imagesused,the bestaverage
classi cationrateachiezedwas98:8%. Thebestlocalizationrateamountedo 45:5%, assuming
amaximumdeviation of 10 pixelsfor translationand15 degreedor rotation,respectiely.

The two most prominentbene ts, however, are the time requiredfor acquiringthe object
models,andthelack of needfor specializechardware. Recording200imageswith a hand-held
cameratakes about13 secondqat a rate of 15 framesper second) featuretrackingand 3-D
reconstructiorrequireaboutthreeminutes. Togetherwith preprocessingteps,generatingone
objectmodelfrom the imagescanbe donein about35 seconds.Thus, from recordingto the

nal modeltakeslessthanfour minutes. Comparedo this, the recordingof the samenumber
of imageson aturntableandrobotarm setuprequiresabout20 minutes,andadditionaltime for
modelgenerationTheproposedpproachs thuswell suitedfor thead-hocsetupof arecognition
systemevenif no specializechardwareis available.

6.3 Medical Applications

Light elds have foundtheir way into a numberof differentmedicaldisciplines. Oneof these
areass endoscopisumgery, wheresomeof themethodsntroducedn the previouschapterhave
beenappliedto addressa numberof problems. Theseissues highlight substitution,progress
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Figure6.6: Highlight substitutionon light eld imagesof agall bladderin laparoscopisuigery: original
view (left) andsubstitution(right). An improvementis mainly visible in theimagecenterandupperright
corner Imagegsakenfrom [Vog0§ usingimproved renderingechniques.

monitoring of operationsandreconstructiorfor e xible endoscopesyill beintroducedin the
following.

6.3.1 Highlight Substitution

In endoscopisumgery, thecommonapproachs to enteranendoscop@to a cavity of thehuman
body, suchasthe nose,or the abdomenn laparoscop, wherethe operationis performed.The
majorproblemthesugeonfacesherearealimited eld andquality of vision,andalimited access
to the operationarea sincehis toolshave to be enteredhroughthe sameor nearbyopenings.

A rst issuethatwasapproachedisinglight elds is thatof highlightsfrequentlyoccurring
oninternalorgansin laparoscop. Sincethelight sources usuallyplacedright besidetheoptical
device,thelight is oftenre ected by wet surfacesperpendiculato the camerdens,thusleading
to saturationof the optical sensor In [Vog028 and [Vog02c], the propertyof light elds of
usingimagesof several viewing directionsto reconstructa novel view is exploited, similar to
themethoddor renderingdynamiclight elds introducedn Section4.4. In theoriginalimages,
highlight regions are detectedusing, e.g., thresholdson the valuesof saturationand valuein
HSV colorspaceTheseregionsaremarkedin con dencemapsfor eachimage justlike moving
objectsfor certaintime stepsin dynamiclight eld rendering.As aresult,the surfaceregionsin
guestionarerenderedrom imagesclose-bywhichwererecordedrom differentviewing angles.
In Figure6.6,anexamplefor highlight substitutionin this way on a gall bladders shavn.
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Figure6.7: Dynamiclight eld reconstructionn endoscopisugery: veimagesequencesereacquired
during a gall bladderremoval (cholegstectomy),shaving the progressof the operation. Imagestaken
from [Vog04§.

6.3.2 ProgressMonitoring using Dynamic Light Fields

The areaof operationin endoscopicumery is intrinsically non-static: apartfrom continuous
movementdue to heartbeat, respiration,and other functionsof the body which are not sup-
pressediuringanesthetizatiorthe operatiorareaitself is changedn the processy thesumgeon.
Neglectingthe rst kind of dynamicsit is still not sensibleto generatenestaticlight eld in-
cludingimagesof differentstagesf the operation.Therefore [Vog06] makesuseof step-wise
staticlight elds asdescribedn Sectiord.2,andespeciallytherenderingtechniquesntroduced
in Sectiord.4.1.

Figure6.7 presenta dynamiclight eld with vetime stepswhich wasrecordedduringthe
laparoscopiademoval of a gall bladder As cameraposeinformationis obtainedby the optical
trackingsystemintroducedn Section5.1.2,registrationof the differenttime stepss unproblem-
atic, andthe problemof unknowvn depthis solved by calibratingthe intrinsic parametersf the
camerabeforehandEvenif thelarge interval betweertime stepsdoesnot allow for animpres-
sion similar to 3-D video, this approachs neverthelesausefulfor physiciansto documenthe
progressiorof anoperation.

6.3.3 3-D Reconstructionfor Flexible Endoscopes

Sofar, the endoscopesisedin this sectionto recordthe imagesfor light eld reconstruction
wererigid, possessingenseswith shortfocal lengthwhich yield a distorted,but nevertheless
correctablemageusingstandarcalibrationalgorithms.In [Win050 onthe otherhand,a e xi-

ble glass- berendoscopé€a so-called berscope)is used,which maybeassmallin diameteras
a staticone(belov 3 mm) andcanbe usedto enterevencomple cavities, which areotherwise
not accessible.On the otherhand,a berscope consistsof only 3,000to 50,000 bers where
eachtransmitsonly oneintensityvalue,comparabléo onepixel. Theseintensitiesarerecorded
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Figure6.8: Exampleimageacquiredwith a berscopeexhibiting hongsicombstructure(a) andtheresult
of ltering (b); exampleimageof theboresequencéc) and3-D reconstructior{d)

by a cameraat the outsideendof the berscope,resultingin anoversamplingof the informa-
tion available. Thus,the nal imageexhibits a hongzcombstructure sincethe imagepoint of
each ber is surroundedy a darkring, owedto thetransmissiorpropertiesof glass bers. An
enlagedexampleimageis shaovn in Figure6.8(a).

Thegoalin [Win05h wasto generatex 3-D modelof a cylindrical boredespitethede cien-
ciesof the availableimages. This wasachiezed by rst eliminating the honegzcomb structure
usinga spectral lter . Basedon the spectrunof a berscopicimage,an optimalband-rejection
maskis generatechutomatically usingthe methoddescribedn [Win054. As canbe seenin
Figure6.8(b),this procesds ableto remove the combstructurealmostcompletely makingthe
imagesusablefor furtherprocessing.

Next, thecamerds calibratedn orderto determindts intrinsic parametersaswell asradial
andtangentialdistortioncoefcients. Thedistortioncorrectedmagesarethensuitablefor 3-D
reconstructionIn orderto reconstructhe boreshowvn in Figure6.8(c),bilinearfeaturetracking
asdescribedn Section3.2.3is appliedandthe extrinsic camergparametersaswell assurface
3-D points,areestimatedusingthetechnique®f Sections3.3.3and3.4.1. Theresulting,cylin-
drical point cloud is depictedin Figure 6.8(d). In orderto re ne the availablefeatures,some
knowledgeon the obsened objectsis applied,using only featurepointsin pre-de nedimage
regions.

An interestingeffect which canbe obseredhereis thatthe originally completelycylindrical
tube appearsconical in reconstruction. Obsenationsindicatethat this is due to a systematic
errormadeduringfeaturepointtracking. Thefeaturewindow transformationgreapproximated
by anaf ne matrix, althoughin reality, the transformationsre perspectie ones. This effectis
particularlyconspicuoufierewherethe cameramovesparallelto the surfacein view. Theresult
is asystematialistortionof thereconstruction.
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In [Wit06], the above approachs usedto reconstructhe sphenoidakinus,a cavity of the
skull behindthe eyes, of a skull phantom. Anotherre nementof point featurequality for en-
doscopicmagesis studiedin [Pop06]. By replacingthe corventionalring-shapedllumination
atthe endoscopeip with four point-shapedight sourcessurfaceirregularitiesare highlighted,
especiallyif thelights areturnedon alternatingly The resultingfeaturescanbe tracked longet
arelessnoisy and more numerous.The reconstructiorof a metaltube asabove thusshows a
distinctimprovementin 3-D pointlocalization.



Chapter 7
Summary and Outlook

In the following chaptey the main aspectof this thesisandits conclusionsare summarizedn
Section7.1. Section7.2 describesontinuatve work andoffers somepossibilitiesfor extending
upontheresultsof differentmethodsandapplicationsntroducedn the precedingchapters.

/7.1 Summary

Theconcepif image-basedenderingandasanimplementatiorof it thatof thelight eld, was
introducedn orderto supplyameandor modelingrealobjectsandscenesndto reproducehem
in photo-realisticquality. While early publicationson light elds madeuseof dedicatedpften
stationarycameramountingsthe desireto usecommercialhand-helccamerasoonemegedin
orderto easilycapturethenecessarnnputimages.Thisrequireshe computatiorof camergpose
informationfor eachimageandknowledgeaboutthe projectionpropertieof thecameraaswell
assomeknowledgeaboutthe geometryof thescene.

In this thesis differentmethodsor computingthesedataexclusively from theinputimages
using point featuretracking and (self-)calibrationmethodswere examinedand extended. Two
differentkindsof light elds wereconsideredstaticanddynamiconeswherethelatterformsan
extensionof the rst in thatit resolvesa majorconstraintthe staticnatureof therecordedscene.

Regardingstaticlight elds, the methodsntroducedcanbe divided againinto thosewhich
increasaobustnes®f the reconstructiormethodsemployed, andthosewhich aim at creatinga
globally valid 3-D reconstructiorof the underlyingscene. A generaltool for achieving these
goalsis to feed backinformation aboutthe currentstateof reconstructiorin a loop to earlier
stagesf the processandthusto re ne theresultsiteratively. In orderto measurehe quality of
reconstructionthe peaksignal-to-noiseatio (PSNR)wasintroducedfor this application. It is

175
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utilized besidethe back-projectiorerrorwhichis commonlyemployedfor this purposebut does
not necessarilye ect theobjective quality of alight eld.

Concerningrobustnessof reconstructiona comparisonof SIFT featureswith the widely-
usedKanade-Lucas-dmasi(KLT) featuretrackingalgorithmshavedthatareconstructiorusing
SIFT featureds on a parwith thosebasedn KLT featuresworking evenmuchbetterif camera
positionsarefar apart. E.g., while increasinghe spacingbetweencamergoositionsby a factor
of four in a commonimage sequencencreasedhe translationalerror basedon groundtruth
for KLT trackingdrasticallyfrom 8:42%to 751% it remainedunperturbedat around8% for
SIFT features. However, as computationakcompleity is exponential, SIFT featuresare only
suitablefor smallsetsof imagesor specialapplicationssuchasthe concatenatiof two image
sequencesecordedindependently Thus, appliedto a sequenceof 200 images,the time for
trackingamountedo severalhoursfor SIFT featuresasopposedo belonvy oneminuteusingKLT
tracking.

PSNRwas utilized for the rst time to make an automaticdecisionbetweenseveral recon-
structionmethodsavailable. It wasappliedto the choiceof factorizationmethodfor processing
asubsequencw initialize reconstructionwhereparaperspeate factorization ChristyandHo-
rauds iterative version,andperspectie factorizationwith two differentmetric updatesvereto
consider It wasshawvn thatwhile the back-projectiorerror doesnot always offer a clearsolu-
tion, PSNRreliably rulesout thefailed attempts.The methodis thereforeto be preferredf it is
necessaryo obtaina successfuteconstructiorwithout additionalmanualtrials.

Rolustnessvasalsothe motivationfor applyingoutlier detectionweightsonindividual fea-
tures,androbustestimatorgo the image-wiseestimationof camergparameterand3-D points.
While for two out of threetestimagesequencethe high quality of KLT featurecorrespondences
aloneprovidedfor reliablereconstructiongheLorentzianestimatomwasshown to yield goodre-
sultswithout exception.It thusoutmatchedhe othermethodgestedwhich shovedanimprove-
mentonly in few casesandfailed entirely in reconstructinghe light eld for a considerable
numberof the parametesettingsevaluated.

Increasingheglobalvalidity of a staticlight eld is aimedatfor severalreasonslt reduces
renderingartifactswhich appearif errorsaccumulatevhile reconstructinga long sequencef
images.Furthermoreit decreasethesizeof themodelespeciallyif, asaresult,scenegeometry
canberepresentetdy oneglobally valid 3-D mesh,calleda global proxy. Themainapproaches
introducedor this purposearethusintendedo increaséhenumberof imageshesameeatureis
foundin. Thiswasachiezedon onehandby creatinga meshof camergositionswhich provides
additionalneighborhoodelationsbetweenimagesin a sequenceind was usedduring feature
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trackingand cameracalibration. Theseapproachesvere namednon-sequentiabr meshtrack-

ing andreconstruction.On the otherhand, this relationshipwas generatedy back-projecting
known 3-D pointsinto theimagesandutilizing theresultingpositionsasinitialization of feature
tracking. This secondapproactwasthereforecalledfeatuie predictionby badk-projection

The bene t of non-sequentiatracking and reconstructionis mostnoticeablefor turntable
sequencesyherecameraposeerrorsdecreasedy morethan50 percentpointsto 17:3% and
13.4% for translationalandrotationalerror respectrely, and PSNRincreasedy about10 dB
for bothsequenceexamined.For hand-recordedequencethe successs notasobvious, but is
revealedif PSNRis calculatedfor referencamageswhich arefartherapart. The same but on
asmallerscale,is true for featurepredictionby back-projection.Here,the averagelengthof a
featuretrail couldbeincreasedy afactorof morethanthree,from 20:4 to morethan60images
perfeatureandfrom 10:9 to morethan30imagesfor the two sequencetested respectiely. In
caseof non-sequentialrackingtrail lengthincreasedeven by a factorof 23 for one turntable
sequence.

Thus, if global validity is desired,both approachesre superiorto sequentialprocessing,
wherenon-sequentialackingandreconstructions considerablynoreaccuratebut requiresgwo
completeiterationsif no meshinformationis availablea priori. Predictionby back-projection
shouldonly be usedif streaming-lile processings necessaryHere,the simple sourceimage
selectionschemeprovidesthe bestcompromisebetweerprocessindime andaccurag.

Anotherapproachthat allows for increasingglobal consisteng was adoptedfrom robotics
andautonomousnappingof environments.By coercvely closingaloop in cameramovement
if accumulatecekrrorspreventeda correctreconstructiona globally correctconstellationcanbe
createdIt wasshavn exemplarilythatfor large errorsthe methodis ableto halve theposeerror,
from, e.g., 71:3%to 26:1%translationakrror, althoughthe improvedglobal correctnesss paid
for with anincreaseof local errors.In generahowever, the applicationof bundleadjustmento
saidloopsis thepreferableapproach.

Besidethe parameter®f the recordingcamerasa light eld requiresdepthinformationin
orderto correctlyvisualizea virtual view. Originally, this informationwas provided asdense
depthmapspertainingto eachinput image. Here, two alternatveswere discussed|ocal and
global proxies. Both approachegncodedepthinformation astriangle meshesput wherethe
rst requiresa meshfor eachinput image,the secondcombinesall depthinformationin one
globally valid mesh.While global proxieswerealreadyrequiredaspartof the unstructuredu-
migraph,local proxiesform a compromisebetweerthoseanddensedepthmaps.They areeasy
to generateyselessmemoryandaremoreef cient in renderinghandepthmaps.In the context
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of global consisteng however, a new approacho generatinga global proxy from 2-D feature
correspondencesasintroducedand rst resultswerepresentedAlthoughthe constraintsn its
constructionare still too restrictve for universalutilization, renderingis morethanfour times
fasterthanwith depthmaps,improving from 3:3 to 15 framesper secondfor a proxy affecting
thewhole outputimage. It is thuson a parwith local proxies,andquality is not reduced Addi-
tionally, a methodwaspresentedo improve global proxiesbasedon non-linearoptimizationof
renderingguality using,again,aninformationfeedbacKoop.

Finally, the extensionof an existing light eld with additionalimagesequencesanbe as-
signedto the samecateayory of increasingglobal correctnessTwo methodsfor nding the best
imageto restartfeaturetrackingandthusintegratea new sequencaveredescribedTherebythe
matchingwith SIFT featureswas20 to 30 pixels moreaccuraten predictingfeaturepositions
thantherenderingfeedbackapproachhasedon adaptve randomsearchor the particle Iter, the
divergencebeingonly 2:0 pixelsin averagen contrasto 316 pixels.

Regardingthe secondmajor topic of this thesis,dynamiclight elds, it wasstatedthatthe
relaxationof the static-sceneonstraintcannotbegeneral lt isimpossibleto capturealight eld
denselyenoughwith only one cameraif parametespaceis thusincreasedy onedimension.
Therefore,the dynamiclight eld modelsregardedherehadto include new but lessstringent
constraintghanfor the staticcase.

Threedifferentmodelsandtheir mostly automaticreconstructiorirom oneor severalimage
sequencewereintroduced.The rst onethestep-wisestaticlight eld, requireghatfor multiple
time stepsoneimagesequences recordeceachjn suchawaythatthescengemainsstaticduring
eachrecording.Thesequencearereconstructedhdividually in a rst step.ln asecondstep,the
camergathsareconcatenatedndsubsequentlyhewholemodelis re ned usingnon-sequential
trackingandreconstruction.During renderingof the resultinglight eld, a switchingbetween
theoriginaltime stepsaswell asfree navigationwithin eachtime stepis thenpossible.

The secondtype of dynamiclight eld doesnot requirean aslaboriousrecordingstepas
the rst one,asit permitsrecordingthe dynamicscenen a singleimagesequencelt imposes,
however, the constraintthata moving objectvisible in the scenehasto berigid in itself. This
allows for the automaticsggmentationof backgroundandforegroundon the point featurelevel
usingthe subspaceeparatiormethodof Kanataniet al. Thus,backgrouncandobjectgeometry
canbereconstructethdividually andarethenmeigedinto acommoncoordinatesystem.Again,
thelight eld is dividedinto differenttime stepsbut now thisis doneby groupingviews of the
moving objectusingvectorquantization.The visible time stepduring renderingis selectedoy
maskingout all othersourceviews usingcon dencemaps. Thus,the sameeffect asbeforeis
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achievedbut requiringconsiderablyessuserinteraction.

However, the nal goalis to provide a continuousrepresentationf the dynamicpartof the
light eld. Thereforea rst implementatiorof anobjectlight eld waspresentedyhich consists
of onelight eld perobjectin thescene.lt is thuspossibleto view backgroundandforeground
individually, but alsotogetheiin the samecontext with a useradjustabldransformatiorbetween
thetwo. Theapproachhowever, still requiressomemanualpost-processingf con dencemaps.

Both step-wisestaticlight elds andlight elds of rigid, moving objectsweredemonstrated
onthreeexampleseach.For theobjectlight eld, oneprototypemodelwaspresented.

In the previous chapter nally , new applicationsof staticand dynamiclight elds to other
areaswere shavn. It was demonstratedhat light elds are well suitedas object modelsin
augmentedeality sincethey form representationsf real-world objectsthemseles. Thepossible
discrepang betweenreality andvirtuality is thusavoided. Likewise, light eld reconstruction
wasappliedto the classic elds of objectlocalizationandtracking, eitherby directly utilizing
light elds asobjectmodelsor by usingthe methodsfor their reconstructiorto generatehe
requiredmodelsfrom hand-heldcamerasequences.

A differentand still uncommonapplicationareais medicalimaging, particularly in endo-
scopicsumgery. Here,light elds wereusedto reducehighlightswhich arecreatedoy anendo-
scopes light sourceon wet tissue.Additionally, anapplicationof the step-wisestaticlight eld
modelwasdescribedvith the visualizationof differentstagesof anoperationin [Vog06], thus
monitoringanddocumentingts progressFinally, aninvestigationof theincreasingdemand®n
thereconstructiorsystemwhenusing e xible insteadof rigid endoscopewasintroducedanda
rst solutionpresented.

7.2 FutureWork

The work presentedffers a numberof startingpoints for future research.A rst suchpoint
is the Kanade-Lucas-dmasifeaturetracking algorithm. As it was alreadyobsened for the
applicationto imagesacquiredby a e xible endoscopen Section6.3.3,the af ne distortion
correctionwhich is currentlyappliedto the featurewindows may not be sufcient in all cases.
If the surfacesthefeaturesarefoundon aremostly perpendiculato the viewing directionof the
cameraanafne distortionmatrix is sufcient. However, if featuresareon surfacesparallelto

the viewing directionandthe cameramovesforward or backwards,suchasthrougha corridor,

the resultingdistortionsof the featurewindows are perspectie andthuspoorly modeledby an
afne distortionmatrix.
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Modeling perspeciie featuredistortionis equialentto estimatinga homographywith eight
degreesof freedomfor eachfeature. Determiningtheseeight parametersll at oncemay, how-
ever, posea considerablessuefor stability of the estimation.Goodinitialization andlimitation
of theadditionaltranslationarethereforeessential.

Next, regardingthe subsequenteconstructiorproceduresselectinga suitablefactorization
methodusing PSNRis only one possibleway for modifying the processbasedon rendering
quality. Theapproactcouldlikewise be usedto determineoptimal parametersor trackingand
reconstructionsuchasthe numberof featuresto track or the maximumback-projectiorerror.
Anotherapplicationwould beto monitorthe progresof reconstructiorusingPSNRandin this
way to detecta failure of calibrationof the currentcamergpose.

A majorproblemfor globally consistenteconstructionvasclearlyvisiblein theexperiments
of Chapter5. The perimageerrorincrease®venif global consisteng is improved, andthus
usuallyimpairsrenderingquality aswell. A solutionis offered by bundle adjustmentwhich
re nes all 3-D pointandcamergparameterat once.However, it alsorequiresconsiderabléime
for this task. A way outis presentedy ef cient bundleadjustmenstratgiessuchasthe one
proposedn [Shu99]. It combinesseveralimagesinto segmentsandde nes virtual key frames
for eachsegmentwhich areoptimizedassubstitutegor the whole segmentandthusreducethe
overallnumberof parameters.

Anotherpromisinginitial pointfor furtherwork is theglobalproxy, bothits constructiorand
its optimization.Thesuccessfuhpplicationof imagedifferenceaserrormeasurdor optimization
wasalreadydescribedn Section3.7.3. However, it may belik ewise appliedto the construction
of theglobal proxy asa meandor identifying nodeswhich wereinsertedwrongly. But notonly
the seamlessntegration of a nev 3-D point is importantfor renderingquality. A setof four
non-collinearpoints may be meshedn two differentways using Delaunaytriangulation. The
common,internaledgeof the resultingtrianglesmay thusbe, in the worst case perpendicular
to a 3-D edgein the scene.Morris andKanadeshovedin [Mor0Q] thatby ipping thesekinds
of edgesandcalculatingan error basedon projectinganimageonto the mesh,the correctness
of the meshcanbeimproved. This facthasnot beenconsidered/etin neitherconstructiomor
optimizationof globalproxies.

The optimizationof global proxiesoffers someadditionalroom for re nement. Currently
full-sizedimagesarerenderedn orderto calculatethe error modi cation for eachnodein the
mesh. However, only a fraction of the imageis affectedby the variationof onenode,namely
the adjacentriangles.By restrictingrenderingto theseareasa considerablespeed-ugould be
achieved. In additionto that, the algorithmdoesnot changethe numberof nodesin the mesh.
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Adding new nodesmayfurtherimprove theresultsif appliedin areaswith largeerrors.

Even more than static reconstructionthe generationof dynamiclight elds offers a large
numberof differentdirectionsfor future researchOnemajorissuefor rigid motionlight elds
andobijectlight elds is thedeterminatiorof scalingbetweernreconstructionsf differententities
in the scene.However, the problemis not easilysolved. A potentialsolutionis offeredagain
by animage-basedpproach.If scaledwrongly andviewedfrom a differentangle,the moving
objectis renderecht the wrong positionrelative to the background.The effect would be visible
in imagedifferencaf the samemethodasthroughouthisthesisof leaving outtheoriginalimage
is applied.

The problemof preciselyseggmentingthe moving objectin eachimagemay be solved sim-
ilarly. Renderinga light eld of the objectalone,imagequality insidethe object's boundaries
is high given correctcameraposeand depthreconstruction. The surroundingbackgroundon
the other handis formed by mary different, wrongly placedand thus overlappingpatchesof
the original images. Thus, the objectboundaryis formed by a marked differenceof high and
low quality expressedy imagedifferenceandcanbe approximatede.g., by anactive contour
model suchas snales [Kas88]. This method,of course,is boundto fail if the backgrounds
mostlyhomogeneoum texture.

The sggmentatiorof foregroundandbackgrounchasso far only beendemonstratedor one
moving objectin front of the static background. Neverthelessijt is theoreticallypossibleto
separateary numberof objectsprovided that enoughfeaturesare found on eachone. Neither
cameracalibrationand 3-D reconstructiomor the partitioninginto time stepsafterwardsform
anobstacle pnly the numberof possiblecombinationf visible andinvisible objectsincreases
exponentiallywith the numberof objects. This posesa problemfor visualizationasfor each
combinationpnelight eld is generatedgadingto vastmemoryrequirementsndnon-intuitive
userinteraction.Theseissuesdo notoccurfor objectlight elds.

In the samecontext of multiple objectsfalls the next issueto be treated,occludingobjects
andthoseleaving the eld of view of thecamerapr eventhe continuedrackingif movements
discontinuedIn this casejt is not possibleto rely on the segmentatioralgorithmary longer In
orderto treatthesecircumstancesorrectly additionalmethodsfor objecttrackinganda more
sophisticate@bjectmanagemertiave to beincorporated.

Beginningfrom theinitial two-planelight elds, constraintontheobsenedsceneéhave been
removed stepby stepin bothlight eld reconstructiorandrendering.The automatiogeneration
of dynamiclight elds containingrigid, moving objectswill notbetheendof this development.
Algorithmsexistswhich areableto reconstructhe 3-D geometryof a scenedespitethe presence
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of moving anddeformingobjects. Onesuchalgorithmis, e.g., outlinedin [Har03]. Thedif -
cultieshereareto nd astablesolutionfor longimagesequenceandto de ne a suitablemodel
for visualizingtheresultinglight eld. It shouldbeinterestingto follow the developmenif this
complex andexciting areaof researchn yearsto come,especiallysincenew applicationssuch
asin medicineareemeging evennow.



Appendix A

Mathematical Symbols

In this appendixall mathematicatymbolsandnotationsusedin this work areexplained. First
somegenerahotationsaregivenwhich areapplicableto differentsymbols.

Scalarvaluesaredenotedoy italic letterslike a, b, c.

Vectorsaredenotedoy bolditalic letterslik e x

Thei-th elemeniof avectorx is denotedoy X;.

Matricesaredenotedby capitalbolditalic lettersX .

Theelementatthei-th row andj -th columnof amatrix X is denotedy x;; .
Thetransposedf avectorx andamatrix X is denotecby x T andX T.
Theinverseof amatrix X is denotedoy X 1.
TheEuclideamormof avectoris denotedoy kx k.

The Frobeniusnormof amatrix is alsodenotedoy kX k.

A homogeneousectoris denoteddy underlininglike x.

An estimationto a valuex is denotedby k. k is alsousedfor a computedvalue when
comparedvith agroundtruth/realvalue.

A matrixY composedf amatrixX andavectorx isdenotedby Y = (X jx).
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The following tablelists the usedsymbols,their meaning,andthe pageof their rst occur
rence.

Xw x-axisof world coordinatesystem 5
Yw y-axisof world coordinatesystem 5
Zw z-axisof world coordinatesystem 5
L Theplenopticfunction 5
Firstviewing directionangle 5
Secondviewing directionangle 5

L Wavelengthparametenof the plenopticfunction 5
Timeinstance 5

t 3-D translationvector 5
Lo Two-planelight eld 6
Up Firstcoordinateaxisof camergplane 6
Vp Secondcoordinateaxis of camergplane 6
Sp Firstcoordinateaxisof focal plane 6
tp Seconacoordinateaxis of focal plane 6
\Y I Sizeof thegrid onthecamergplane 6
Ns:t Sizeof thegrid onthefocal plane 6
Xijjk ;1 Datapointon onepair of grid points 6
Bijk Basisfunctionfor eachpair of grid points 6
Cp The nite dimensionalumigraphapproximating- , 6
X¢ x-axisof camerecoordinatesystem 22
Ve y-axisof cameracoordinatesystem 22
Zc z-axisof cameracoordinatesystem 22
R 3-D rotationmatrix 22



3-D pointin world coordinates

3-D pointin cameracoordinates
Homogeneou8-D pointin world coordinates
Homogeneou8-D pointin cameracoordinates
The 3-D columnnull-vector

x-axisof imagecoordinatesystem

y-axisof imagecoordinatesystem

2-D pointin imagecoordinates
Thefocallength

Homogeneou&-D pointin imagecoordinates
Origin of image

Horizontalaxis of the sensoicoordinatesystem
Verticalaxis of the sensorcoordinatesystem
Horizontalsizeof sensorelements
Verticalsizeof sensorelements

The 2-D columnnull-vector
Horizontalcoordinateof principal point
Verticalcoordinateof principal point
Homogeneou®-D pointin sensoicoordinates
Effective focal lengthin horizontaldirection
Effective focal lengthin verticaldirection
Skew of sensoicoordinateaxes

The calibrationmatrix

The3 3identity matrix

The projectionmatrix

Centerof gravity of anobject
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23
23
24
24
24
24
24
24
25
25
25
25
25
25
25
26
26
26
27



186 AppendixA. MathematicaSymbols

A An arbitraryaf ne transformation 29
e Theepipoleof animage 30
I An epipolarline 30
q 2-D pointin sensoicoordinates 30
F Thefundamentamatrix 30
N Numberof featureandscenepoints 31
F Numberof frames 31
W Themeasuremenhatrix 31
q Centroidof imagepoints 32
e Registeredmagepoint 32
' Theregisteredmeasurememnnatrix 32
e Ragistered3-D world point 32

Motion matrix 32

Shapematrix 32
U Left matrix of singularvaluedecomposition 32
S A singularvalue 32
\% Rightmatrix of singularvaluedecomposition 32
b EstimatedViotion matrix 33
b EstimatedShapematrix 33
Pr3 Distanceof objectcentroidto cameracenteralongprincipal axis 34

Projectve depthof animagepoint 36
W, Themeasuremennatrix for projectve factorization 36
Xp Horizontalpositionof a 2-D pointfor paraperspeate projection 39
W ch Themodi ed measurememnnatrix for iterative factorization 39
D A transformatiorfor ambiguouseconstructions 40

m, Theplaneatin nity 41
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A scalefactor

Theabsoluteconic

Theabsolutequadric

Theessentiamatrix

Theabsolutedualquadric
Theabsolutedual conic
Theabsolutedualquadricin its canonicform
Costfunctionfor non-linearself-calibration
Residualectorof back-projectedeaturepoints
The Jacobiamatrix

A gray-level image

Horizontalpixel positionin animage

Vertical pixel positionin animage
Gradientvectorof animage(window)

The structurematrix

Window radius

An eigervalueof the structurematrix

An imagedisplacementector
Displacemenerror betweertwo featurewindows
Theafne motion eld for featuretracking

Af ne distortionmatrix for featuretracking

Af ne gradientvectorof animage
Contrastportionof illumination compensation
Brightnesgortionof illumination compensation
Imagegradientmagnitudefor SIFT features

Imagegradientrotationfor SIFT features
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c A SIFT featurevector 58
C A setof SIFT featurevectors 58
The Euclideandistancebetweertwo vectors 58

SIFT A thresholdvaluefor the similarity of two SIFT featurevectors 58
Fractionof initial numberof featuresn meshtracking 59

b Thresholdfor outlier detectionn LMedS 61
Differencematrix for LMedSin factorization 62

“bp Theaverageback-projectiorerror 62
f A colorimage 63
fo An imagerenderedrom alight eld 63
SNR Signal-to-noiseatio 63
PSNR Peaksignal-to-noiseatio 63
Projectve scalefactor 66

Ny Minimum numberof featuredor triangulatinga 3-D point 68
N Averagedistancebetweertwo camergpositions 70
- Averageanglebetweernviewing directionsof two camergposes 70
¢ Multiple of averagecamergpositiondistance 70
Multiple of averageanglebetweercameraviewing directions 70

i Minimum index differentbetweerntwo frames 70
Angle betweercameramotiondirectionandneighbor 70

min Thresholdonthedirectionangle 70
SSD Sumof squaredifferencesf back-projectiorerrors 71
B Covariancematrix of featurelocations 72
ML SquaredMahalanobigslistanceof back-projectiorerrors 72
z A depthvalue 76

Fep Setof imageswvhosefeaturesareconsideredn a globalproxy 81
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Faceof aglobalproxy

Vertex of aglobalproxy

Setof intersectedaces

Setof borderedgesf a globalproxy

Weightvaluefor selectingframesfor trackingof predictedfeatures
Residualectorfor closingloopsin cameramovement
Residualectorfor optimizingdepthmaps

A pixel position

Parametewectorfor optimizinga global proxy
Residualectorfor optimizingglobal proxies

An accumulatofor countingcommonSIFT features
TheKronecler deltafunction

A setof matchingSIFT featurevectorpairs

A 2-D homography

Camerastate(pose)vector

Setof camerastatehypotheses

Scalarratingfor ahypothesis

A 4 4 matrixfor scalingprojectionmatrices
Numberof objectsin adynamicscene
Theshapdnteractionmatrix for featuresegmentation
Centematrix of singularvaluedecomposition
Themeasurememnatrixin its canonicaform for sgmentation
Costfunctionfor sortingthe shapeanteractionmatrix
A setof featureggroupediogether

Residualaluefor merging two groupsof features

ThegeometricAIC of asubspace
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h A con dencemap 115
Fbg Setof inputimagesusedfor renderingscenebackground 116
Fig Setof inputimagesusedfor renderingdynamicsceneoreground 116
t;rel Relatve translatiorerror betweertwo camergposes 123
R -rel Relatve rotationerror betweerntwo camergposes 123
shape Normalizedrelative shapeerrorfor aspheret toreconstructe®-D points 123

A strictnesgparametefor thenormalizedcorrelationcoefcient 167
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B.2 Einleitung

Die Modellierungvirtueller UmgehlungenhatihrenWeg in viele Anwendungergefundennicht

nurin derUnterhaltungsonderrauchin die BereichelTechnik,Medizin, WirtschaftundBildung.

In derUnterhaltungverdendiesevirtuellenUmgelungenmeistin FilmproduktionerundVideo-

spieleneingesetztWahrendhier jedochdie AkzeptanzunrealistischepderkinstlicherSzenen
inharentist, berbtigen speziellmedizinischeAnwendungereinenhohenGrad an Realismus.
ModerneTechnilen der geometrischemModellierungerlaubeneine sehrrealitatsnaheRekon-

struktion schwierigerEigenschaftenjedochfordern sie aucheinige kiinstlerischeFahigkeiten
um dieseErgebnisseu erreichen.

Eine Alternative zur herkkmmlichengeometrischeModellierungwurde mit dem Konzept
desbildbasierterRenderinggIBR) eingefihrt,derengangigsteRepiasentationederLumigraph
[Gor96]unddasLichtfeld[Lev96] sind.Durchdie Verwendung/on BildernrealerUmgehungen
ermbglichensiees,ModellerealerSzenaund Objektezu generieremundsiein photorealistischer
Qualitat zu visualisieren.Fur Sammlungervon Bildern oder BildsequenzerstatischelSzenen
stelltdie RelonstruktionsolchervildbasierteModelle bereitseineherausforderndaufgabedar
und um so mehrnochfir sich dynamischandernddumgelungen.Ansatze zu derenrobuster
LosungsinddasThemadieserArbeit

B.2.1 Lichtfelder ausBildsequenzen

In einfachenWortenausgedicktberbtigt ein bildbasiertedlodell wie ein Lichtfeld alsEingabe-
datennur einenSatzBilder sowie dasWissenuberdie LagederKamera(d. h. ihre Positionund
Orientierung)und ihre internenParametemwahrendder AufnahmejedeseinzelnenBildes. Aus
diesenDatenkannein Bild desaufgenommeneebietesseiesein einzelneDbjektodereine
groReSzeneauseinembeliebigenBlickwinkel generiertwerden,solangedieserdenurspiing-
lichen Kamerapositionemalbwegs ahnlichist. Als Beispielkannmansich einenVerkauferim
Internetvorstellen,der ein 3D-Modell seinerWarein seinemOnlineshopprasentierermochte.
Benutzter ein Lichtfeld, so musser nur einige DutzendBilder seinesProduktesaufnehmen
und ermbglicht esso seinenKundendasProduktausjedemBlickwinkel zu betrachterdensie
winschen.

Ein weiteres eherwissenschaftlicheBeispielfur die Verwendungvon Lichtfeldernist die
endoskpischeChirumgie [Vog0§. Hier werdendie Bilder aus einem Endoslop zusammen-
gefuhrt,um demChirurgeneinendreidimensionalezindruckdesOperationsgebietau geben,
in demer nun ohneEinschankungerdurchunhandlicheanedizinischeGerate navigierenkann.
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(@) (b) (©

(d) (e)

Bild B.1: Lichtfelderin derendoskpischenChirumgie: (a) SichtdesChirurgendurchein Endoskop, (b)
Ober achenreknstrukton und(c) ausdemresultierendehichtfeld generiertéAnsicht,welchedie Szene
auseinergroRererEntfernungzeigt.(d) Lichtfeld einesLeber/Gallenblasenmodalimit (e) einertberla-
gertenCT-Aufnahme Bilder mit freundlicherGenehmigungon F. Vogt [VogO0§.

Dieswird durchAbbildungB.1 verdeutlichtdie alsBeispieldaslaparoskpischeEntfernereiner
Gallenblas€Cholegstectomie)eigt.DurchdasEndoskop stehtdemChirurgennureineNahan-
sichtmit begrenztenBlickwinkel zur Verfugung,sowie in AbbildungB.1(a).Durchdie Rekon-
struktionderGeometriadesOperationsgebietsusmehrererendoskpischerAufnahmenwie in
AbbildungB.1(b) dagestellt,kanndie Szenewie in AbbildungB.1(c)von einerUberblicksper
spektive ausvisualisiertwerden,indemdie TexturinformationmehreremBilder kombiniertwird.
Daruberhinauskonnenbei erfolgreicher3D-RelonstruktionundbildbasierteModellierungun-
terschiedlicheModalitaten,wie beispielsweis€ComputertomographiéCT), Kernspintomogra-
phie (MRI) oderUltraschall,eingeblendetverdenundsodemChirurgenweiterelnformationen
bereitstellendie ansonsteminsichtbawaren.In Abbildung B.1(e)wurdediesfir dasLichtfeld
einesModellseinerLeberund Gallenblasedaigestelltin AbbildungB.1(d),in Kombinationmit
einerCT-Aufnahmedurchgeiihrt.
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@) (b) (©

Bild B.2: Drei unterschiedlicheMoglichkeiten fur die Bildaufnahmefir Lichtfelder: (a) Verwendung
einesRoboterarmgler auchdie Lage der Kameraliefert, (b) einesoptischenTrackingsystemslasdie
KamerapositiomurchVerfolgungvon optischerMarkernbestimmtoder(c) einerhandgeifihrtenKamera
und AlgorithmenausdemBereichStrukturaus-B&vegung zur Lageschtzung.Abbildungen(a) und (b)
mit freundlicherGenehmigungon F. Vogt[Vog04§.

Fur beideBeispielestellt sichdie Frage woherdie Kameraparametdiir die einzelnenAuf-
nahmergenommemnwerdenkonnenln [Vog0q sindzwei Optionenfir dasSammelrdieserDa-
tenein Roboterarmwie derin AbbildungB.2(a)damgestellteund ein optischeslrackingsystem,
dasdie Positionund OrientierungdesEndoslkopsmit zwei Kamerasverfolgt, wie in Abbildung
B.2(b) gezeigt WahrenddiespraktikableLosungerfir ein klinischesUmfeld sind,sindsieviel
zu teuerfir die zuerstbeschrieben@dnwendung Fur deninternettandlerwareeseineakzepta-
ble Losung,wenner eine Videokameraausdem Endanwenderggnentwie die ausAbbildung
B.2(c) benutzerkonnte,um so eine VideosequeneinesGegenstandeaufnehmerzu kdnnen,
ohneauf spezialisiertdHardwarezuriickgreifenzu missenwelchedie InformationeniiberLage
undParametederKameraliefert.

Im Prinzip enthaltendie Bilder die komplettelnformation,die zum LosendiesesSzenarios
berbtigt wird. Der Schlisseldazuist die Identi kation von Punktlorrespondenzezwischerein-
zelnenBildern der BildsequenzDasWissenuiberdie ProjektionbestimmterPunkteder Szene
in zwei Bilder — die De nition einerPunktlorrespondenz erlaubtdie BerechnungginerAbbil-
dungfir PunktevoneinemBild in einanderesnsofern,alsdie moglichenPositionenm zweiten
Bild auf eine Geradeeingeschiinktwerden.Sind die Korrespondenzefir drei Bilder bekannt,
so kanndie Abbildung exakt berechnetverden.Die drei relatven Lagender Kamerakonnen
so sogarinklusive einigerinternerParameteder Kameragesclatzt werden,solangeeinige An-
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Bild B.3: BeispieleinerBildsequenZur dynamischeLichtfelder: ein Spielzeugihrzeugbevegt sichin
einerstatischerdmgehlungwahrenddie handgeifihrte Kameraunabkngigdavon bewvegt wird.

nahmergemachtwerden.Sind Korrespondenzeim weiterenBildern gegebensoist esmoglich,
dieseEinschankungerfur die internenParameteschrittweiseaufzuheben.

In derpraktischerAnwendungwird die Schatzungder Kameraparameteturchviele Fakto-
renerschwertDie gefundeneunktlorrespondenzesind iiblicherweiseaufgrundvon Bildrau-
schenleicht verschobenpderbeispielsweis@aufgrundvon Verdeckungemicht fur die gesamte
Sequenzerfugbar Dahersind robuste Verfahrennotwendigdie in der Lage sind, die sich er
gebenderfehlerzu kompensiererund sogarsehrlange Bildsequenzerzu verarbeitenDiese
Methoderbeinhaltermeistdie Verwendung/on (wesentlichynehrDatenalsnotwendigunddas
BestimmenderjenigenLosung,die diesenDatenam bestenentspricht Ausreil3erdetektionind
probabilistischeModellierungkdnnendie Ergebnissaveiterverbessern.

Zu diesemZeitpunktsind bereitsalle Datenfir die ModellierungeineseinfachenLichtfel-
deswie dasin der urspiinglichenVeroffentlichungzu Lichtfeldern[Lev96] beschriebengor-
handen Allerdings berbtigt die ParametrisierunglieserArt von Lichtfeld eine “dichte Abta-
stung”der Szeneausgehendon einemregularenGitter von Blickpunkten.Im Falle einerhand-
gefuhrten Kamerasind weder eine dichte Abtastungnoch eine Abtastungvon regelmafligen
Blickpunktenausmoglich, da die menschlicheHand schlechtfur eine derartigeAufgabege-
eignetist. JungereLichtfeldmodelleberiicksichtigendaherdiesezusatzlichenAnforderungen
[Hei99a, Sch01b,Bue01]. Aufgrund der dinnenAbtastungwerdendurch unbekannteOber

achengeometribedingteFehlerin ausdemLichtfeld generierteBildern sichtbarWissenuber
die SzenengeometrieduziertdieseFehlerdaherentsprechendEsexistiert eineReihevon Me-
thodenzur Schatzungder Tiefe einer Szeneaus mehrerenAnsichten.Strukturaus-Bevegung
sowie Tiefenberechnungus Stereobilderroder mehrerenAnsichtenkdnnenhier angevendet
werden.

Um schlief3lichwiederzu demBeispieldesinternettandlerszuriickzulehren konntedieser
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nunnicht nur ein statischedodell einesGegenstandedemonstrieremvollen, sonderrauchdie
Funktionsweiseinessich bewegendenTeils oderzum Beispieldie BewegungeinesFahrzeugs
durchdie Umgelungwie im Falle desSpielzeughhrzeugsn Abbildung B.3. In medizinischen
Anwendungerwie derendoskpischerChirurgie [Vog06] kannesnotig sein,dasBewegenvon
Organenoder medizinischerinstrumenterzu modellieren.Ein solchesdynamistiesLichtfeld
lasstsich wiederumam einfachstermit Hilfe von spezialisierteHardware rekonstruierenwie
beispielsweiseeiner Anordnungvon mehrerenKameras.Wird an dasProblemmit nur einer
(handgeiihrten)Kameraheranggangenmusseine softwarebasierté dsunggefundenwerden,
und dasEinsatzgebieist im Allgemeinennicht so allgemeingjltig wie im erstenFall. Mit der
Identi zierung unterschiedlicheZeitschritteoderder Trennungsich unterschiedlichbevegen-
der Objektekannein zusammengesetztéschtfeld rekonstruiertund mittels angepasstebar-
stellungstechni&nvisualisiertwerden.

DieseVerarbeitungsétte der Relonstruktionstatischeiroderdynamischetichtfeldmodelle
auseinerodermehrererBildsequenzerdie mit einerhandgefihrtenKameraaufgenommemur-
den,ist dasHauptthemalieserArbeit. Der darauffolgendeSchrittderkorrektenVisualisierung
von BildernauseinemsolcherLichtfeld herausmit seinervielenverschiedeneAnsatzenwird
nur kurz als Teil desUberblicksiiber den Standder Technikin der Lichtfeldmodellierungim
nachsterAbschnittabgedecktEr wird eheralsein Hilfsmittel zur UberwachungundBewertung
desErfolgsderRelkonstruktionbetrachtet.

B.2.2 Standder Technikin der Modellierung von Lichtfeldern

Die IdeedesLichtfeldeswurdevon der plenoptistenFunktionL( ; ; ; ;t), vorgestelltin
[Ade91], abgeleitetSie beschreibtlasAussehereinessichtbarerRaumegnit Hilfe von sieben
ParameternpamlichdemBlickpunktt desBeobachtersn Weltkoordinatendenzwei Winkeln

und fur die Blickrichtungund die Wellenlange | desbeobachtetehichtstrahlszu einem
bestimmtenZeitpunkt . DieserAufbauist in Abbildung B.4 fur eineneinzelnenLichtstrahl
gezeigt.

McMillan undBishop[McM95] warendie ersterdie ein bildbasierted/isualisierungssystem
mit Hilfe derplenoptischerFunktionbeschriebenDort wird ein plenoptisbesModell ausBil-
derneinerSzenegeformt— diesestellen“Abtastungenterplenoptischerfrunktiondar— die mit
einerKameraaufgenommenmvurden,die umihre vertikale Achserotiert wird. DasModell wird
ubereinezylindrischeParametrisierungeprasentiertdie einemzweidimensionalefanorama-
bild entspricht.Durch zusatzliche DisparitatsinformationkonnenbeliebigeAnsichtenausdem
InnerendesZylindersherausberechnetverden.
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Blickpunktt
Blickrichtung

Welt- Szene
koordinatensystem

Bild B.4: Die plenoptischd-unktion:eineinzelnelLichtstrahlwird von einemBeobachtemit Blickpunkt
t ausder Richtung,die mit und beschriebemwird, gesehenWellenfinge | undZeit sind nicht
dagestellt.

DasLichtfeld reduziertdenhochdimensionaleRaumder plenoptischerFunktionindemes
einenandererSatzan Restriktionenverwendetder gleichwohl die Positionierungder aufneh-
menderKameraanbeliebigenOrtenerlaubt.Eswird angenommenjassdie beobachtet&zene
UbereinegewisseZeit hinweg urverandertbleibt, und stattder Intensitt fur jede Wellenlange
wird nur ein Farbwertmodelliert,wodurchzwei Parametemegfallen. Zusatzlich wird die Luft
zwischendem Beobachtemund der Szenenobefacheals transparenangenommensodasdie
Intensiait desLichtstrahls,der von einemOber achenpunkin eine Richtungausgesanduird,
konstantbleibt, egal wo sich der Beobachterauf diesemStrahlbe ndet. Durch die Wahl einer
passendeRarametrisierungvird die plenoptischd-unktionsoaufvier Parametereduziert.

B.2.2.1 Lichtfeldmodelle und Visualisierungstechnilen

Im Folgendenwird ein kurzer Uberblick iiber die verschiedenefarametrisierungennd Vi-
sualisierungstechngnfir LichtfeldergegebenDie Technilenwerdenin zwei Hauptkatgorien
eingeteilt,Zwei-Ebenen-LichtfeldemndFreiform-Rarametrisierungern einerdrittenKategorie
werdenweitereTypenvon Lichtfeldernzusammengesst.

Zwei-Ebenen-Rarametrisierungen

Die Ansatzevon Levoy et al. [Lev96] und Gortler et al. [Gor9§ benutzenbeide eine Zwei-
Ebenen-Brametrisierund. ,(up; Vp; Sp; tp) zur DarstellungdesLichtfelds. JederLichtstrahlder
(reduzierten)plenoptischerFunktion wird hier durchje einenPunktauf den Ebenen(uy; vp)
und(sp; tp) beschriebenWahrendn [Lev96] die Projektionszentreder Originalkamerasn die
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9]
Sp
Szenenobeiache

(@) (b)

Bild B.5: (a) Zwei-Ebenen-BrametrisierunglesLichtfelds: jeder Lichtstrahlwird mittels der vier Ko-
ordinatensy, tp, up undv, parametrisiert(b) OhneTiefenkorrekturin der Ebene(sp; tp) werdennicht
zusammengéige Lichtstrahlerinterpoliert.

Ebene(up; vp) gelegt werden, die als Kamemebenebezeichnetvird, unddie (s; tp)-Ebenedie
gemeinsamd3rennebenalieserKamerasist, wird in [Gor9q keine derartigeEinschankung
gemacht.In letzteremwerdendie zwei Ebenenparallel zueinandeigelegt, wobei eine Ebene
z.B. in der Szenenobacheund die anderenaheram Beobachtetiegt, wie etwa in Abbildung
B.5(a)gezeigt.

Die Zwei-Ebenen-Brametrisierungereinfichtdie ErstellungsynthetischeAnsichtenaus
demLichtfeld deutlich.Wie bereitsvorhererwahntist dasLichtfeld nur dinn abgetastetvenn
realeEingabebildeverwendetverden wasbedeutetdassesunwahrscheinlichst, dassein be-
liebigerLichtstrahlvorherbeobachtetvurde.Gortleretal. generierereineAnnaherunglesidea-
len, kontinuierlichenLichtfeldesL , indemsie die zwei Ebenenin Gitter mit My, My, und
Ns: Ns: Punktenunterteilenwobeix;;x 1 denFarbwertjedesPaaresausGitterpunktenbe-
zeichnet(i; j ) bzw. (k; ) indizierendie Gitterpunktein denGittern (u,; v,) bzw. (sp; tp). Eine
BasisfunktionB ;. .1 (Up; Vp; Sp; tp) Wird mit jedemGitterpunktpaawerknipft und dazuverwen-
det, den sogenannteendlich-dimensionalet.umigraphenC, zu rekonstruierenwelchereine
AnnaherungdeskontinuierlicherLichtfeldesdurchdiskreteWerte mittels

lku;v 'ku;v XS;? XS;?

i=0 j=0 k=0 =0
darstellt. Verschiedendasisfunktionenstehenzu Auswahl, wie etwa eine Rechteckfunktion,
die denWert 1 um denzugeldrigenGitterpunktherumbesitzt,und ansonstei®, odereinequa-
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drilineareFunktion,welchedie InterpolationbenachbarteGitterpunkteerlaubtund so zu einer
kontinuierlichenFunktionC, fuhrt. Die Wertex;;x 1 andenGitterpunkterwerdenausdenStich-
probenin L, denEingangsbilderniiberdie Dualeder BasisfunktionberechnetEine Interpola-
tion desnachsterLichtstrahlsim Lichtfeld zu einemdurch(uy; vp; Sp; tp) gegebenenberdtigten
Strahlwird alsoaufeinfacheWeiseausC, berechnetAnstattdieselnterpolationaberStrahlfir
Strahl,alsofuir jedesPixel einesgenerierterBildes, durchzutihren,konnendie Bildbereichein
jedemGitterelementer (up; vp)-Ebeneals Texturen gespeichertind die Interpolationauf der
Gra khardwarefur mehrerePixel auf einmaldurchgeiihrtwerden.

Bis zudiesemPunktsinddie Ansatzevon Levoy etal. undGortleretal. sehrahnlich.Sinddie
Positionerder aufnehmendeiKamerajedochnicht nahezusammenkonnenTieferanderungen
in der Szenezu erheblichertUnsclarfe der Ausgabebilderden sogenannteiGeisteartefakten
fuhren.Der Grund dafur ist in Abbildung B.5(b) damgestellt,namlich dass,auchwenn Licht-
strahlendie (sp; tp)-Ebenean demselberPunktkreuzen,sie nicht den gleichenPunktauf der
Szenenobefachezeigenfalls der Tiefenunterschiedu grof3ist. Der Ansatzvon Gortler et al.
bericksichtigtTiefeninformatiorundreduziertdadurchdieseArtefakte.

Der Vorteil desZwei-Ebenen-Ansatzeast seineEf zienz in der Darstellung,der durchei-
ne Reihevon nachfolgendeeroffentlichungenweiter verfeinertwurde. Sloanet al. [SI097]
erhbhendie Darstellungsgeschwindigit zusatzlichdurcheineverbessert@uswahl derKnoten
auf der (up; vp)-Ebene jedochauf Kostender Qualitat. DasselbeZiel wird von Schirmacheet
al. [Sch004 verfolgt, welchedie Technikdessogenannteimage warpings(“Bildv erzerrung”)
hinzunehmemum die Darstellungzu beschleunigerDieserAnsatzist zwar nur anwendbaifalls
dichte Tiefeninformationfir jedesBild zur Verfugungsteht,kann dannaberdie Anzahl der
berbtigten Stichprobendeutlich reduzieren.Chai et al. [Cha0Q untersuchterdie Anzahl an
Stichprobendie fiur die optimaleDarstellungeinerAnsichtauseinemLichtfeld notwendigsind.

Ein wesentlichemNachteil des Zwei-Ebenen-Ansatzest jedoch seinegeringeFlexibilit at
hinsichtlichder StichprobenbildedasiesichaufeinemregularenGitter mit gemeinsameBren-
nebenebe nden missen[Levog| 10st diesesProblem,indem eine spezielleKamerahalterung
verwendetvird, wahrendin [Gor9q die Bilder verzerrtwerden,um zu demregularenGitter zu
passenwasaberzu einemVerlustan Qualitatfuhrt. Aus diesemGrundwurdenneueParametri-
sierungerentwickelt, die eine e xiblere Kamerapositionierungrlauben.

Freiform-Lichtfelder

Die ersteLockerungderZwei-Ebenen-Bedingungurdevon Heigl et al. [Hei99a] fur Lichtfel-
dervorgeschlagendie mit einerhandgefihrtenKameraaufgenommenvurden.Die Bilder der
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aufnehmendekKamerawerdendabeiauf die Bildebeneder virtuellen KameraabgebildetDie
beitragendeiamerasverdenausgevahlt,indemihre Kamerazentreauf die virtuelle Bildebe-
neprojiziertunddie dreizumberdtigtenSichtstrahemnachsteriegenderProjektionergenvahlt
werden.Die virtuelle Bildebenewird in Dreiecle unterteiltund passend®ildbereicheder Ori-
ginalkamerasverdenauf diesesabgebildetGeometrieinformatiomvird mittels Tiefenkarterfur
jedesBild eingelundenwobeifir jedesDreieckeine Ebeneapproximiertwird.

Der Begriff Freiform-Lichtfeldwurdevon Schirmacheet al. [SchO1b]fur einenahnlichen,
aberef zienteren Ansatzalsdemobigeneingetihrt. Als Ausgleichfiir die gesteigerté.eistung
musserdie Originalkamerasierjedocheinekonvexe Hullle umdie SzeneoderdasObjektherum
bilden,wobeijedesBild die kompletteSilhouetteder Szenesinseherkann.

In [BueO1l]de nierenBuehleretal. einenSatzausachtAnforderungerandie Lichtfeldvisua-
lisierungwie beispielsweis&ontinuitat der Farbwerte Au dsungsemp ndlibkeit oderunstruk-
turierte EingabedatenGleichzeitigwerdenfrihereParametrisierungeandVisualisierungstech-
niken wie die obenbeschriebeneauf dieseAnforderungerhin analysiertund verglichen.Die
AutorenschlagerentsprechendinenVisualisierungsalgorithmugenanntJnstrukturierterLu-
migraphvor, der dieseAnforderungerbericksichtigt.Der Unstrukturierte_umigraphstellt da-
herdenallgemeinsterfrreiform-Lichtfeldrenderedar, derderzeitverfugbarist, undwird fur alle
weiterfuhrenderverfahrenund Experimentan dieserArbeit verwendewerden.

Weitere Reprasentationen

Analog zum Zwei-Ebenen-Lichtfeldvurde noch eine Reihe weitererRepiasentationeminge-
fuhrt, die beispielsweiseine spharischeParametrisierundirr eine oder beide Ebenenbenut-
zen.DieseAnsatzehabenallerdingsnie eineahnlichweitverbreiteteAnwendungwie die Zwei-
Ebenen-BrametrisierungefundenDer geneigtd_eserwird daherauf die kurzeZusammerds-
sungdieserAnsatzein [SchO1b]verwiesen.

Ein weiterer Ansatzder Freiform-Lichtfeldvisualisierungst daspunktbasierteRendering
DasLichtfeld wird hierbeimit einerMengevon 3D-Punkterreprasentiertdie gerichteteLicht-
remissionsinformatioenthaltenDer Vorteil davonist, dassandersals bei der Speicherungion
Dreiecksnetzerals Geometrieinformatiordie Verbindungsinformatiorzwischenden Punkten
weggelassemverdenkann,waszu einemkleinerenModell fuhrt. Der Nachteilist, dassbei Nah-
aufnahmerund VerdeckungeriL iicken zwischenden gezeichneterPunktenauftretenkdonnen.
PunktbasierteRenderingrr Lichtfelderwird in [ES03 und[Vog0g beschrieben.

DasOber achenlidtfeld eingefihrt von Wood et al. [Wo000],ist eineParametrisierunglie
sich auf ein sehrgenauesseometriemodeltesdamgestelltenObjektsstiitzt. Remissionsinfor
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mationfur Gitterpunkteauf der Ober achedesModellswird in sogenanntehumisptaren ge-
speichertyvelchedie Lichtstrahlerrepiasentierendie von demGitterpunktausin jedebeliebige
Richtungabgegebenwerden Die Starke diesesAnsatzediegt in derrealistischerModellierung
derRe exionseigenschaftedesObjekts,sodassogarGlanzlichtersehrgut reproduzierenver-
denkodnnen.

AbgeseherondenobengenannteichtfeldmodellerundVisualisierungstechnénwurden
nocheineReiheweitereBeitragezu Lichtfeldrep@sentationenerdffentlicht. Ein austihrlicher
UberblickiiberdieseAnsatze ndet sichin [Vog05].

B.2.2.2 Bildaufnahme

Wie weiterobenbeschriebemvurde,bestehtie minimaleEingabefiir ein Lichtfeld —abgesehen
von Tiefeninformation- auseinerMengean Bildern und denzugetorigenKameraparametern.
Dieseumfasserdie intrinsischenParametemwie z.B. Brennweite Pixelseitenerhaltnisund an-
dere Parameterwelchedie internenEigenschafterder Kamerabeschreibenund extrinsische
Parameteralsoihre Positionund Orientierungfir jedesBild, die Ublicherweiseals derenLage
bezeichnetverden.Die Kameraparametexerdenim Detail in Abschnitt2.1.1vorgestellt.Im
Allgemeinengibt eszwei Moglichkeiten,dieseParameterzu bestimmengntwederiibereinen
entsprechendehlardwareaufbauwie einen Roboterarm,oder ausschlief3lichaus den Bildern
selbstDiesgilt savohl fur die intrinsischeralsauchfir die extrinsischerParameter

Bleibendie intrinsischerParametewahrenddesgesamtefVorgangsder Bildaufnahmekon-
stant,sowird ihre SchatzungmeistmittelseinesKalibriermustersnit genaltbekanntergeometri-
scherkEigenschaftenorgenommenDie ParametekonnensounterVerwendungeinesStandard-
kalibrieralgorithmuswie etwa [Tsa87]sehrgenauberechnetverden.Kamerakalibrierungphne
Kalibriermusterwird Selbstkalibrierunggenanntundist dannnitzlich, wennsich die Kamera-
parametewahrendderBildaufnahmeoderzwischerewei AufnahmenverandernDer derzeitige
Standder Technikauf diesemGebietwird austihrlicherin Abschnitt1.2.3vorgestellt.

Um die Lageder Kamerafiur jedesBild zu erlangenpenutzerdie verschiedenenn diesem
AbschnittzusammengeksterAnsatzeeine Reiheunterschiedlichefechnilen. Fur dasZwei-
Ebenen-Lichtfeldaus[Lev96] musssich die Kamerafur jedesBild an bestimmtendiskreten
Gitterpunktenauf einerEbenebe nden. Um dieszu erreichenwird ein Aufbau eingesetztmit
desserHilfe die Kameraauf einerEbenebewnegt werdenkann,wahrenddie Kameraselbstmit
einerdreh-undneigbarerAufhangungausgeiistetwurde,mit derdasObjektim Sichtfeldgehal-
tenwerdenkann.Um einenkomplettenRundum ug aufzunehmenvurdedasObjektauf einen
Drehtellergesetzundjeweils um 90 Gradgedrehtsodasd.ichtfelderausvier Richtungerent-
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stehenEineahnliche aberausgefeilter&kameraaufangungwird in [Mat02] benutztum speku-
lare undtransparent®bjekteaufzunehmenrkine vertikale ReiheaussechsKameraswird Uber
einemDrehtelleraufgetangt,wahrendeine zusatzliche,rotierendeReiheLichtquellenfir eine
wechselndeBeleuchtungsomgt. Zusatzlich dazuliefern Monitore unterund nebendem Objekt
sogenannternvironmentmattes]Zon99. Die DarstellungderartigerObjekteerfolgt ibereinen
punktbasierteiVisualisierungsansafZwiO1].

Ein weiterer noch e xibler hardware-basierteAnsatz fur die Bildaufnahmeist der Ein-
satzeinesRoboterarmsDabeiist die Lage der Kameraauf der SpitzedesArms Uberdie Ro-
tationender mechanischeiGelenle bekannt.Im medizinischenJmfeld werdenRoboterarme
beispielsweiseur Aufnahmevon LichtfeldernwahrendendoskpischerOperationereingesetzt
[Vog04,VogO06].

Anstatt einer oder mehrererbewveglicher Kamerasstellt die Lichtfeldvideokamexr [Wil02,
Wil05] eine Multikameramatrixaus bis zu 100 Kamerasdar, die in der Lageist, ihre Bilder
gleichzeitigaufzunehmerDie Herausforderungei diesemAnsatzist die exakte Synchronisati-
on einerderartgrof3enAnzahlan KamerasObwohl als Nachteilbei diesemAufbau die Anzahl
derBilderim resultierendetichtfeld aufdie AnzahlderphysikalischetiKameradeschanktist,
ist siesehrgutfur die Erstellungdynamisber Lichtfeldergeeignetundwird dahemochmalgm
Detail in Abschnitt1.2.5behandeltDer gleicheAnsatz,jedochin mikroskopischemMal3stab,
wurdefir die plenoptisbie Kamer eingesetzfNg05]. Hier wurde eine Matrix aus296 296
Mikrolinsen zwischender Hauptlinseund dem optischenSensoreiner handgefihrtenKamera
eingefigt, die dannwie vielfacheeinzelneKamerasagieren.Abgesehervon der Moglichkeit,
den Beobachtein der Makrophotographierzerschieberzu konnen,erlaubtdieseTechnik das
NeufokussieredesBildeswahrendderNachbearbeitung.

Ein wenigeraufwendigerAnsatzzu Berechnungler Lage der Kameraist der Einsatzeines
KalibriermustersoderbestimmtemMarker, die wahrenddergesamterBildsequenzsichtbarsind.
DieseMethodewurdefir die Bildaufnahmefur denerstenLumigraphengewahlt [Gor9§. Die
hier visualisierterObjektewurdenvor und auf eineOber achemit speziellenMarkerngestellt,
derenPositionernrelativ zueinandebekanntwaren.Auch hier wurdeder Algorithmusvon Tsai
[Tsa87]eingesetztum die Lage der Kamerazu bestimmenAhnlich dazuwird in [Sha02]die
Lageder Kameratiberzwei Ebenenberechnetdie jeweils vier Marker tragen,wobeisich eine
EbenehinterdemObjektbe ndet unddie anderdransparent&benedavor.

Vor allemin medizinischerAnwendungemwerdenoptischeTrackingsystemeingesetztdie
aufdemgleichenPrinzip wie Kalibrierungmit bekannterMarkernbasierer{Sal01]. Fur Licht-
felderausendoslkbpischerBildern wie in [Vog06]wird die Kameramit einem“Target” ausge-
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stattet,dasvon einerStereokameraufgenommenvird. Dadurchkanndie Positionder Kamera
rechtgenauberechnetverden DieseTechnikberbtigt jedochdie Berechnunginersogenannten
Hand-Auge-TansformatiorewischenrdemTargetund der Endoslopspitze Tsa89 Sch04a].

Alle bishervorgestellterBildaufnahmetechn#énumfassterzusatzlicheHardwareabgesehen
von der Kameraselbst.Esist jedochmdoglich, die berbtigte Informationausschliel3licrausder
Bildsequenzu beziehensodaskeinezusatzlicheHardware notwendigist. Die Technilen, die
hierfur eingesetziverden,sind Selbstkalibrierundur die intrinsischenParameterder Kamera
und Strukturaus-Bavegungfir die extrinsischenParameterAnsatze,die ein Lichtfeld mit Hil-
fe dieserTechnilenaufbauerund dahemur eineeinzige ,handgeiihrte Kameraberbtigen,sind
in [Koc99a Hei993 Bue01,Hei04] beschriebenDa die vorliegendeArbeit auf demgleichen
Konzeptberuht,namlich der Verwendungur einerhandgefihrtenKamerafir die Lichtfeldre-
konstruktion,wird der Standder Technik auf diesemGebietim nachstenAbschnittumrissen.
Trotzdemsollte ein letztesLichtfeldaufnahmesystenejngefihrtin [Koc03, hier erwahntwer-
den.EsstellteineZwischenbsungzwischerhardware-basiertenndEin-Kamera-Methodedar,
daeseinenhandgeifihrtenMulti-Kamera-Aufbauverwendetder auszwei odermehrKameras
bestehtderenLageparametemittels Strukturaus-B&egungberechnetverden.

B.2.2.3 Schatzungvon Kameraparametem

Der ersteSchrittzur Schatzungvon KameraparameterausaufgenommeneBildern ist die Er-
kennungvon irgendwiegearteterMerkmalenin denBildern, unddie Erstellungvon Korrespon-
denzernzwischendenMerkmalenin unterschiedliche®ildern. DieseMerkmalekdnnenunter
schiedlicheArt sein,wobeidie hau gstenPunkteoderLinien sind.DerfolgendeAbschnittfasst
herkommliche Ansatzehinsichtlich Punktmerkmalezusammenda sie die Grundlagefir die-
se Arbeit darstellen Die Ubersichtiiber die Kameraparametersatzungselbstist unterteiltin
Ansatze, die verschiedend-aktorisierungsmethodeverwenden Selbstkalibrierungsmethoden
fur die SchatzungintrinsischerKameraparametarnd weiterfuhrendeTechnilen die beispiels-
weiselangeBildsequenzemehandelndie nicht von denfaktorisierungsbasiertelinsatzenab-
gedecktwerden.

Punktmerkmalsdetektion und -verfolgung

Die Algorithmenzur Merkmalsdetektionglie in dieserArbeit betrachtetverden,sindim Allge-
meinenintensititsbasiertyas bedeutetdasssie einenGewichtungsoperatode nieren der die
Intensititswertan einem- Ublicherweiseechteckigen- FensterdesBildes betrachtetDie be-
kanntestenyndimmer nocham weitestenverbreiteternGewichtungsoperatoresind diejenigen



B.2. Einleitung 207

von Moravec [Mor77], Forstner[For87] und Harris [Har88]. Alle dieseAnsatzebasierenauf
der Autokorrelationsfunktionyahrendjedochder erstenur die Ahnlichkeit einesFenstersnit
seinerNachbarschatfbetrachtetgde nieren die anderereine Matrix, die daraufhinweist,ob ein
FenstethomogeneRagionen,eine Kante oder idealerweisegine Ecke enthalt. Eine Ubersicht
undBewertungdieserundvieler andereiGewichtungsoperatoremdet sichin [SchO0b].In den
vergangenerdahrerhabendie sogenannte®IFT-Merkmale[Low99] einedeutlichePopularitt
erreicht.Dieserotations-undskalierungsimarianterMerkmals\ektorenwerdeniblicherweisen
derObjekterlennungund-lokalisierungeingesetztsind aberauchauf die Merkmals\erfolgung
anwendbarDie von Tomasiund KanadegTom9]] explizit fur die AufgabederVerfolgungde -
niertenMerkmalesindinzwischenedochein gangigerStandardHierbeisind die besterMerk-
male diejenigendie signi kante, senkrechtaufeinandestehendeésradientenin ihren Fenstern
enthaltenwie beispielsweis&cken.

Wurdeninteressant@unktmerkmalenit Hilfe einesderobigenAlgorithmengefundensoist
dernachsteSchrittdasWieder ndenjedesMerkmalsin einemandererBild oderdasAbgleichen
von zwei Merkmalsmengerdie in zwei Bildern gefundenwvurden.Letztereswird oft von Hand
durchgeiihrt, falls nurwenigeBilder mit wenigenMerkmalenbetrachtetverden Diesgeschieht
ublicherweisezu Demonstrationszweek, wie beispielsweis@ [Men99]. DieseMethodekann
automatisierwerden,falls Abstandsmal3ewischenMerkmalende niert und die ahnlichsten
miteinandeidenti ziert werden,wie in [Deu04]fur SIFT-Merkmale[Low99] gescheherDiese
Abgleichtechnilfunktioniertallerdingsnur danngut, wenngerigendkorrespondierendilerk-
malein beidenBildern gefundenwerden.

Die Alternative dazu,dasWieder ndeneinesMerkmalsim folgendenBild, daseinmalde-
tektiertwurde,ist mittlerweile weit verbreitet,besondersir Bildsequenzemnd groieMengen
an Bildern. Die Grundlageder meistendieserVerfolgungstechniénist der sogenannté.ucas-
Kanade-Tacker [Luc81]. Ursptunglichfur die Bildregistrierunggedachtbenutzter eine Mini-
mierungmittels Gradientenabstigs, um die besteUbereinstimmundur jedeseinzelneMerkmal
im zweitenBild zu nden. Der zu minimierendeFehlerist die Differenzzwischenden Inten-
sitatswerterin einemFensteum dasMerkmalherumin beidenBildern. DieseMethodewurde
in [Tom9] aufgeyriffen undvon Shiund Tomasi[Shi94] erweitert,um nicht nur translatorische
Bewegung,sonderraucheineaf ne Deformationsmatrixiir dasMerkmalsfensteru schatzen.

Der Algorithmuserfuhrim Folgenderviele weitereVerbesserungnd Modi kationen. Eine
Methodezur Beleuchtungsimpensationgie von Hagerund Belhumeur[Hag98] fur die Ob-
jektverfolgung eingefihrt wordenwar, wurde in [Jin01 zusammermit einem Verfahrenzur
Ausreil3erdetektiodemVerfolgerhinzugetigt. DasProblemdes“Wegdriftens”von Merkmalen
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vom Original UiberlangeBildsequenzehinweg wurdein [Mat03] behandeltEinedeutlicheBe-
schleunigungvurdedurchdensogenannteAnsatzder inversenVerkniipfungzur Aktualisierung
derBewegungsparametearreicht[Bak01,Bak04].DieseVerbesserungenurdenschliellichin

demEchtzeiterfolgungssystenion Zinl3eret al. [Zin04] kombiniert,welchesin dervorliegen-
denArbeit eingesetzwvird.

FaktorisierungsbasierteStruktur -aus-Bewegung

Der faktorisierungsbasiert&nsatzzu Strukturaus-Bewegungvurde erstmalsvon Tomasiund
Kanadein [Tom97 vorgestellt. SeinzugrundeliegendesPrinzip ist die Zerlegung einer soge-
nanntenMessmatrixdie alle Punktlorrespondenzeim einerMengevon Bildern entralt, in die
3D-Strukturder Szenealsodie zu denBildmerkmalengehrendern3D-Punkte und die Kame-
rabavegung.EinedetaillierteEinfuhrungzu diesenMethodenwird in Abschnitt2.2 gegeben.

Im Anschlussan die ersteVerdffentlichungwurdenviele Verbesserungeand Variationen
vorgeschlagenAbhangigvom erreichterilyp derRekonstruktion(sieheAbschnitt2.3.1)kdnnen
dieseMethodenin af ne und projektive Faktorisierungereingeteiltwerden.Die erstererbein-
haltendie OriginalmethodgdTom93, die ein orthographische®rojektionsmodellvoraussetzt,
unddie schwach-undparaperspektischenErweiterungeraus[Poe91, die auchin [Chr9¢| an-
gevendetwerden,um iteratv eineeuklidischeRekonstruktionausihnenabzuleiten Projektve
RelonstruktionemwerdeniiberdenAnsatzvon Sturmund Triggs[Stu96]gesclatzt,einealterna-
tiver Algorithmuswurdevon Oliensis[Oli01] aufgezeigtEin rekursver Ansatzzur projektiven
RelonstruktionbasierendwufeinerFaktorisierungvurdevon Heydenetal. [Hey99l vorgestellt.
Eristin derLage,mehrund mehrBilder zu integrieren,sobaldsie zur VerfugungstehenEine
ausfihrlichereUbersichtiiberFaktorisierungsmethodemird in [Kan98] gegebendarunterz. B.
auchMethodendie Linien- anstattPunktmerkmalenrerwenden.

In jungererZeit wurdenFaktorisierungsmethodesuchin einemprobabilistischerKontext
betrachtetentwederdurch Gewichtung jedesMerkmalsim Hinblick auf seineZuverlassigleit
[Aan02, Aan03],odermit Hilfe der ModellierungjedesMerkmalsdurcheine Kovarianzmatrix
[Ana02]. Besonderdalls Informationentberdie Verlsslichlkeit ausder Punktwerfolgungheraus
zur VerfugungstehensinddieseMethodenn derLage,die RolustheiteinerRekonstruktionaus
verrauschteatenzu erhbhen.

Selbstkalibrierung

Eine gemeinsameEinschankungder oben zusammengekstenFaktorisierungsmethodeist,
dasssie nurin derLagesind, die Bewegungder Kamerazu erfassennicht aberderenintrinsi-
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scheParametewie z.B. ihre Brennweite Die Technilendie zu diesemZweckeingesetziverden
heiRenSelbstkalibrierungderauchAutokalibrierung

Die erstel dsungdesSelbstkalibrierungsproblemgurdevon Faugeragtal in [Fau92]unter
VerwendunglerKruppa-GleitiungenangeebenDiesequadratischefsleichungerwerdenaus
der Fundamentalmatrirur zweier AnsichtenberechnetObwohl der Ansatzim Folgendernver
feinertwurde,z.B. in [Zel96], wird er Ublicherweisanichtangavendetdaerim Allgemeinenals
zurauschemp ndlicrangesehewird undessich zeigte,dasserin mehrSituationerfehlschigt
alsandereAnsatze[Stu0Qd.

Ein weitererAnsatz,derebenélls die Eigenschaftenler FundamentalmatrixweierAnsich-
tenausnutztistin [Men99]beschriebenndwurdein [Fus0] untersuchtAndersalsdie Kruppa-
Gleichungerberechneer die intrinsischenParametevon mindestenslirei Bildern Uberdie ite-
rative Minimierung einerFehlerfunktion Da diesfur verrauschtdatenleichtin einemlokalen
Minimum endet,wurdenmehrereVerbesserungemittels globalerOptimierungvorgeschlagen
[Rot02,Ben03].

Haupt&chlich auf einer Minimierung des Rickprojektionsfehlersler rekonstruierten3D-
Punkteund Kameraparametanittels der Levenbeg-Marquardt-Optimierungasiertderals ge-
schichteteSelbstkalibrierungpezeichnetéAnsatz von Hartley [Har93]. Die Idee dabeiist die
ErweiterungeinerprojektivenRelonstruktionerstauf einequasi-afne unddannaufeinemetri-
sche,wahrenddie intrinsischenParametemls fur jedesBild gleichangenommemverden.Eine
alternatve Erweiterung,die kritische Kamerabeegungenin Betrachtzieht wird in [Dem98]
aufgezeigt.

Triggs verwendetdie sogenannt@absoluteQuadrik um die Erweiterungsmatrixon einer
projektivenaufeinemetrischeRekonstruktionzu bestimmerjTri97]. Der Vorteil diesefMethode
ist, dassdie zu berechnendemtrinsischerParametenicht konstantiir alle Bilder seinmuissen,
wie von Pollefeys gezeigt[Pol98, Pol99 Pol04].In [Gib02] wird die Rohustheitder Schatzung
UbereinedemRANSAC ahnlicheTechnikgesteigertTheoretisch&/oraussetzungeiiir die An-
zahlderbekannterParametemwerdenvon Heydenund Astrom in [Hey97, Hey98, Hey994 un-
tersucht.

Leider ist die Selbstkalibrierungweiterhin sehremp ndlich gegeriiber RauschenDaher
schlagerviele der Autorenauf diesemGebietdie Verwendungeiner TechniknamensBindel-
ausgleid vor, umdie ErgebnissalerSelbstkalibrierunguverfeinernBiindelausgleiclptimiert
die 3D-PunkteundKameraparametéiir einegro3eAnzahlanBilderngleichzeitigundstelltda-
hereinelangsameaberrobusteTechnikdar, dasieein extremuberbestimmte&leichungssystem
lost.Zwarwurdeesurspiinglichin derPhotogrammetrientwickelt [SIa80],wurdeim Rechner
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sehenaberin [Har93] eingefihrt. Eine Erweiterung,genanntverschactelter Bundelausgleib
[Sze98, wird in denmeistenFallenverwendet.

Da Selbstkalibrierungein wichtiges,aberschwierigesProblemdarstellt,wurdennochviele
weitereBeitragezu diesemThemaverdffentlicht. AusfuhrlichereZusammerdssungerals der
hier vorgestelltekonnenin [Pol99, Fus00 Har03]gefundenwerden.

Rekonstruktion langer Bildsequenzen

BildbasierteModellierungmit Lichtfeldernberbtigt Ublicherweisenicht nur einigewenigeBil-
der, sondernoft grofieMengenmit mehrererhundertBildern. Die obenbeschriebenefakto-
risierungsmethodeteilen denbedeutendeiNachteil, dasssie die Sichtbarleit aller Merkmals-
punktein allen Bildern fordern. Obwohl Methodenexistieren,welchedie Positionfehlender
MerkmaleunterBerucksichtigungder Einschankungauf denvon denMerkmalenaufgespann-
ten Unterraumschatzen[Tom92 Gue032, ist eswahrscheinlichdassdiesedenFehlerder Re-
konstruktioniberGehlihrerhbhen falls zu viele Merkmaleersetztverden.

Ein alternatver, oft benutzterAnsatzist es,mit einerprojektv verzerrterRekonstruktionder
Kameraparametequ beginnen,indemdie Fundamentalmatrixacheinandefir alle Bildpaare
[Har93] oderdertrifokale Tensorfir alle Bildtripel [Bea9§ gesclatztwird, unddie resultieren-
denTeilsequenzrednstruktionenverschmolzenverden.Da sichdie fir jedentrifokalen Tensor
gemachterehleraufsummierenschlagenFitzgibbonund ZissermanFit98] vor, den Fehler
gleichmaRigauf alle Kamerapositioneru verteilen falls kreisformige Kamerabaegungenge-
gebersind.Der Ansatzwurdeweiterdurchdie VerwendungineshierarchischeWerschmelzens
verbessertym dasgleicheZiel einergleichmal3igenFehlenerteilungzu erreichensawie durch
unterschiedlich@&ildauswahlverfahren[Nis00, Gib02, Sai03].Dassogenannt®\ebeneinesAn-
sichtennetzeson Koch et al. [Koc99a]erstellt eine 3D-Topologieder Kamerapositionemnd
ermoglichtsodasVerschmelzernon Teilsequenzeim mehrereRichtungen.

Die Einschankungder Faktorisierungsmethodesuf kurze Bildsequenzemwird von Heigl
undNiemannin [Hei99b] dadurchvermiedengasssie sukzessie Faktorisierungetkombinieren
und so rekonstruierte liberlappenddeilsequenzenerschmelzenDie Verwendungeiner Fak-
torisierungals Initialisierungfur die Schatzungder Kameraparametater verbleibenderBilder
durchnicht-lineareMinimierungdesRuckprojektionsfehlersird in [Hei04] beschrieben.

B.2.2.4 Szenentiefe

Wie vorhererlautertberdtigendinn abgetasteteichtfelder, und damitspeziellFreiform-Licht-
felderaushandgeiihrtenKamerasequenzemformationeniberdie Tiefe der Szendur die kor-
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rekte Visualisierung Die Berechnungvon Tiefe ausmehrerenBildern ist seit etwa 30 Jahren
ein sehraktivesForschungsgebighnerhalbdesRechnersehenB®aherwird hier nur einekurze
Einfuhrungin dasThemamit Blick aufdie Lichtfeldmodellierunggegeben.

Abgesehewom urspiinglichenLichtfeld von Levoy verwenderalle bishereingetihrtenVi-
sualisierungsmethodemusatzlicheTiefeninformationIin denmeistenFallen,aberbesondersir
Freiform-Lichtfelderwird die Tiefeninformationmeistin einerTiefenkartepro Eingabebildab-
gelgt. Im Zwei-Ebenen-E&ll, wie etwa im urspiiglichenLumigraphenwird Tiefeninformation
oft globalin dasModell integriert, wahrendder Lichtfeldansata/on Isakserlsa00]einegloba-
le Brennebenererwendetdie dynamischan die Szenentiefeangepassiverdenkann. Der Un-
strukturierteLumigraph[Bue0]] hingegenverwendetein globales3D-Netz,um die komplette
Szenengeometr@nzurdhern.

EsexistierteineVielzahlvon Moglichkeiten,um Tiefenkarterpro Bild auseinerBildsequenz
herauszu berechnenkFalls, wie bei Heigl [Hei04] geschehergine 3D-Relonstruktionder Sze-
ne ausden Merkmalslorrespondenzeherechnewird, kanndie resultierende8D-Information
verwendetwverden,um einediinneTiefenkartefur jedesBild abzuleiten Sind die Kamerapara-
meterbekannt,kanndie Tiefe jedochauchausdem optischenFlussin Stereobildpaareonder
mehrererBildern berechnetverden.Hauptfchlichbasierendauf dem Algorithmusvon Horn
und Schunck[Hor81] zur BerechnunglesOptischenFlussesvurdenin denfolgendenJahren
viele verschiedendechnilenund Verbesserungetiir denStereoéll vorgeschlagenUmfassen-
de Ubersichtersindin [Bar94, Bea95]zu nden, wennauchdie Entwicklungin diesemBereich
nichtstillsteht,wie z. B. andenskalenraumbasiertednsatzenvon Alvarezetal. [Alv00, Alv02]
zu sehenist. Die BerechnunglesoptischenFlussesausmehrererBildern wurde erstkirzlich
z.B.in [Ira99, Kan04 untersucht.

Ahnlich wie Heigl benutzerKang und Szeliski [Kan96b] eine mittels Strukturaus-Bewe-
gungberechnet8D-Relonstruktionum ein globales3D-Szenenmodeflir zylindrischePanora-
mabilderzu erhaltenFur beliebigeKamerapositionewurdenmehrereAlgorithmenvorgeschla-
gen,um Stereotiefenkartenu einemglobalenModell zuverschmelzefHig94, Cur96,Koc994.
Wird nureineinzelne®bjektbetrachtetdaszuverlassiggomHintergrundgetrenniverderkann,
so kannein sogenannteForm-aus-Silhouetténsatzangevendetwerden[Pot87, Den98].An-
derntlls generierdie TechnikdesSpaceCarvings[Kut99 iteratv einenVoxelraum,indemdie
KonsistenzlerOber achernoxel mit allenBildern Giberpiift wird. Der Nachteil,derallendiesen
Ansatzengemeinist, liegt darin,dasssie auf einesehrgenauealibrierungder Kameraparame-
ter angaviesensind, um konsistenteglobaleTiefeninformationzu generierenKleine Fehlerfur
einzelneBilder konnensich bei Verwendungaller Bilder derartaufsummierengdassder Algo-
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rithmusfehlschigt.

B.2.2.5 DynamischeLichtfelder

Im GeggensatzustatischerichtfeldernwurdenbishemurwenigeBeitragezudemThemadyna-
mischeLichtfelderverdffentlicht. DasichdasProblemfelddrastischerweitert wenneineweitere
Dimensionzum Parameterraurhinzugefigt wird, wurdenbishernur Spezialélle behandeltim
Hinblick aufdie Visualisierungvon LichtfeldernsichbenegendeiObjektewarenLi etal. [Li98]
die erstendie eineLdsungvorschlugenwennauchnur fur synthetischéatenstze.Dasdyna-
mischeLichtfeld wird hier auseinerAnzahlstatischefeillichtfelderzusammengesetatie sich
frei im Raumbewegenundrotierenkdnnen.

Ein sehrdirekter Ansatzfur die VisualisierungdynamischelLichtfelder realer Szenenist
dasGenerieremmehrerestatischetichtfelderunterschiedlicheZeitschritte In einemBeispiels
wurdedieszuerstin [Bue01]fur denUnstrukturierterLumigraphendemonstriertDie periodi-
scheBewegungeinesBeispielobjektsvird hier von Handin mehrereZeitschritteunterteilt.Der
AnsatzderdynamisbenTexturen [Dor03a]zielt daraufab,dasAussehervon Pranomenenvie
Wellen und Rauchzu modellieren.In [Dor03l schlagerndie Autorenvor, einendynamischen
Lumigraphenfir die ModellierungdynamischeiTexturen zu verwendenwobei dieserAnsatz
nichtimplementiertwurde.

Die vorhererwahnteLichtfeldvideokamerdsieheAbschnitt1.2.2),die mehreresynchroni-
sierte Kameraskombiniert, vereinfachtdie HerstellungdynamischeiLichtfelder deutlich. Ein
statisches.ichtfeld kannso,ablangigvon derBildwiederholfrequenzlerverwendetetiKamera,
mehrereMale pro SekundayenerieriverdenunddasLichtfeld kannwie ein3D-Videobetrachtet
werden bei demderBlickwinkel beliebiggevahlt werdenkann[Gol02]. Ahnliche Kameraauf-
bautenwerdenin [O0i01, Sch0layan02]vorgestellt.

Im Fall, dassnur eineeinzigeKamerafir die Erfassungeinesdynamischeriichtfeldesbe-
nutzt wird, ist ein moglicher Ansatz,zuerstdie bewegten Dinge oder Regionenin der Szene
zu identi zieren. Fur den Spezialall starrey sich bevegenderObjektein eineransonstersta-
tischenSzenewurden mehrereunterschiedlicheAnsatze vorgeschlagenBei eingeschiinkter
Bewegung kann eine 3D-Relonstruktiongleichzeitigfur alle Objektein der Szenebestimmt
werden,so etwa fur lineareObjektbevegung[Avi99, Han00,Sha01 Han03 oderObjektbave-
gung entlangeinesKonikschnitts|[Sha99. Die 3D-Bewegung kann jedochnur bis auf einen
Skalierungsdktor bestimmtwerden.Fir beliebigeObjektbavegung wurdenmehrereahnliche
Methodernvorgeschlagenm die unterschiedliche®bjektein der Szenevoneinanderutrennen
[Cos98,Kan01a,Kan03 Vid04]. Eine 3D-Relonstruktionwird dannunablangigvoneinander
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fur jedesObjekterstellt.Die in Abschnitt4.3vorgestellterdynamischemichtfelderbasiererauf
dieserMethoderzur Trennungvon Objekten.

B.2.3 Beitrag dieserArbeit

Die im vorliegendenText entwickelten Methodenbasierenauf der Arbeit von Heigl [Hei04]
und verwendendieselbelmplementierungsumgeing. Die hier gemachtergrundleggendenAn-
nahmensind daherahnlich: Unter Verwendunghur einerhandgeiihrtenKamerawird ein bild-
basiertedModell einerSzeneauseineraufgenommeneBildsequenzyeneriertDie Rekonstruk-
tion der KameraparametgedesBildes erfolgt mittels einespunktmerkmalsbasierte3truktur
aus-Bevegung,was voraussetztgdasssich die Kamerarelatv langsambewegt und sich so die
Blickwinkel von Bild zu Bild nur wenigverandernwasdie Punktwerfolgungermoglicht. Keine
AnnahmenwerdeniiberdasAnwendungsgebieder aufgenommeneBilder gemachtwas be-
deutet,dassbeliebigeSzenerverwendbarseinsollten,seienesnun Innenraumszeneodersol-
cheim Freien,mit nur einemsichtbarerObjekt odereinerkomplexen Umgelung. Die einzige
Anforderunghierist, dassdie SzenenobeiacheeinegewisseTextur oder Strukturaufweist,die
eineErmittelungvon Punktmerkmaleerlaubt.Die Beleuchtungvird alskonstanengenommen,
daBeleuchtungdnderungemvahrendderVisualisierungnicht modelliertwerden.

Einewichtige Einschénkungin Heigls Arbeit wird hier aufgehobenyundzwar die Konstanz
derSzeneAnstattrein statischeSzenerwerdennunauchdynamische&szenenn Betrachtgezo-
gen,wennauchkeineallgemeineBewegungzugelassemird, sonderreinige Einschéankungen
weiterhinangevendetwerden:die Bewegung mussschrittweise sich wiederholendoder starr
sein.

Der BeitragdieserArbeit kannin drei unterschiedlichéspekteunterteiltwerden.Der erste
stellt Verbesserungemnd neueAnsatzefir die RekonstruktionstatischelLichtfeldmodelledar,
wohingaender zweite Aspektdie Rekonstruktionund ModellierungdynamischeiSzenertur
die Lichtfeldvisualisierunglarstellt,inklusive der Anpassungler Visualisierungstechnén.Der
dritte Aspektist die Anwendungvon LichtfeldmodelleraufanderesebietederMustereriennung
sawie derBild- oderVideoverarbeitung.

StatischeLichtfelder. Die Rekonstruktiorvon Lichtfeldernerforderteinegrof3eAnzahlVerar
beitungsschritteinddie Verbindungvieler verschiedenefechnilen.Die in [Hei04] vorgeschla-
geneVerarbeitungséttewird soum neueAnsatzefur die Punktwerfolgung[Zin04], Faktorisie-
rung [Chr96] und Tiefenkartensciitzung[Alv02] erweitert.ZusatzlichwerdenAnsatzezu pro-
babilistischerfKan01b] und robusten[Ham86] Modellierungvon unterschiedlichespekten
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desRelonstruktionsprozessestersuchtEin wichtiger Beitragist die Entkopplungder linea-
renVerarbeitungsitteund die Untersuchunginterschiedlichemoglichkeitenzur Ruckfuhrung
von InformationausspaterenvVerarbeitungsschrittemn zu friiherenSchritten Beispielesinddie
Verwendungron Kalibrierinformation,um die Punktwerfolgungzu verfeinernoderdie Verwen-
dungderabschliel3endeBildsynthesdir die VerbesserungervorhandeneiefenkartenDie
Erweiterungoestehenddrichtfeldermit neuerBildernist Teil derEntkopplungdesRekonstruk-
tionsprozesseschliellichwird aucheineMethodevorgestellt,um globaleSzenengeometrizu
erzeugenyelchedie Leistungsahigkeit derVisualisierungdeutlicherhdht.

In AnbetrachtdieserModi kationen wird eine Moglichkeit zur Evaluationder resultieren-
denVerbesserungerbtigt. Eswird eineMethodevorgestellt,die einequantitatve Messungder
Qualitatderauseinemstatischeriichtfeld erzeugterBilder ermoglichtundsoeineMoglichkeit
zumVemgleichunterschiedlicheAnsatzeder Lichtfeldrekonstruktionbietet.

DynamischelLichtfelder. Der haupt&chlicheBeitragdieserArbeit in Bezugauf dynamische
Lichtfelderist,dassm Gegensatzudenin Abschnittl.2.5erwahnterAnsatzemureineKamera
fur die Aufnahmevon Bildern einerSzenebenutztwird, unddasLichtfeld mittels Ansatzender
Strukturaus-Bevegung rekonstruiertwird. Die Einschénkungauf eine Kameramachteinige
Bedingungerfur die Szenenbsegung erforderlich.Abhangig von der Relonstruktionsmetho-
desinddieseEinschénkungendassdie Szenenbsegungentwedemnur schrittweisast odernur
starre sichbewvegendeObjekteundsichwiederholend®ewegungenthalt. Falls schrittweiseBe-
wegungvorhandenst, kanndie RelkonstruktiontiberherkbmmlicheAlgorithmender Struktur
aus-Bevegungerfolgen.Fur starre bewvegte ObjektewerdenzusatzlicheSegmentierungsmetho-
den[Kan03] angevendet.Zusatzlich zu den Rekonstruktionsmethodewerdendie vorhande-
nen Visualisierungsalgorithmearweitert,um die Visualisierungder dynamischeriichtfelder
zuermiglichen.

Anwendungenvon Lichtfeldern. Da LichtfelderModellevon SzenerodereinzelnerObjek-
tendarstellenjst eseinelogischeKonsequenziein verschiedenemodellgetriebeneAnwen-
dungender BildverarbeitungeinzusetzenAussehensbasier@bjektlokalisierung-erkennung
und -verfolgungsind einige der Gebiete,in denenLichtfelder erfolgreicheingesetzivurden.
Hier werdennun Ansatzevorgestellt,die entwederen TrainingsschriteinesErkennungsund
Lokalisierungssystemgereinfichenoderbei denenLichtfelderdirekt als Objektmodellesinge-
setztwerden.Ein anderesGebiet,auf dem Lichtfelder niitzliche Werkzeugedarstellen st die
ErweiterteRealifat, die in denvergangenedahrerein gesteigertetnteressenenorgerufenhat.
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Aus realenBildern rekonstruiertelLichtfelder werdenhier eingesetztum Szenemicht nur um
synthetischesonderrum realeObjektezu erweitern.

B.2.4 Uberblick

Im Folgenderwird einkurzerUberblickiiberdeninhaltdieserArbeit gegebenNachderEinfiih-
rungdesProblemfeldeslerLichtfeldrekonstruktionin Kapitel 1 beschreibKapitel 2 die theore-
tischenGrundlagerder ProjektionsmodelleKamerakalibrierungind Algorithmender Struktur
aus-Bevegungwie etwa die Faktorisierungsmethode.

In Kapitel 3 wird der RelonstruktionsprozessinesstatischerLichtfelds ausBildsequenzen
im Detail erklart. Nach einer Einfuhrungin den Aufbau des Relonstruktionssystemaerden
die unterschiedlicheVerarbeitungsschrittbeschriebenangeingenmit der Punktwerfolgung,
derFaktorisierungvon Teilsequenzenndder Erweiterungauf einekompletteBildsequenzDas
Kapitel deckt zusatzlich die Themender probabilistischermAnsatze und der Berechnungvon
Szenengeometrigh Die Unterschiedlicheschrittewerdenschlief3lichin neuerReihenfolgen
sogenanntemformationsiickkopplungsschleifeausammengesetzt.

Die Erweiterungder Ansatzezur statischeriichtfeldrekonstruktionauf dynamischeszenen
wird in Kapitel 4 untersuchtNachderDe nition derzusatzlichenAnforderungerdynamischer
Lichtfelderwerdenverschieden@nsatzezu ihrer RekonstruktionausBildsequenzenorgestellt.
DasKapitel besclaftigt sichauchmit denzusatzlichenAnforderungendiefur die Visualisierung
dynamischet.ichtfelderentstehen.

NachdentheoretischeBeschreibngenstellt Kapitel 5 eineexperimentelleAuswertungder
statischersawie derdynamische\nsatzezur Lichtfeldrekonstruktionvor. EineMethodefir die
guantitatve Bewertungder Visualisierungsqualkitt wird eingefihrt.

Im Anschlussandie ExperimentéeschreibtlasnachsteKapitel mehrereAnwendungervon
Lichtfeldernin ErweiterterRealitat, Objekterlennungund-verfolgung,unddemmedizinischen
Umfeld. Die letzterezeigtihre Nutzlichkeit besonderg derUnterstitzungvon Chirurgenin der
minimal-invasvenMedizin.

Das letzte Kapitel stellt schlieBlicheine Zusammerdssungder Arbeit und einenAusblick
aufmoglichezukiinftige Erweiterungemund VerbesserungetiesRelkonstruktionssystendar.
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B.3 Zusammenfassungind Ausblick

Im folgendenKapitel werdendie HauptaspektelieserArbeit und ihre Schlussfolgerungeim
AbschnittB.3.1zusammengekst AbschnittB.3.2beschreibtveiterfuhrendeArbeitenundbie-
tet einige Moglichkeiten, auf den Ergebnisserder unterschiedlichenn denvoranggangenen
KapitelnvorgestellterMethodenund Anwendungeraufzubauen.

B.3.1 Zusammenfassung

Das Prinzip der bild-basiertenVisualisierungund, als eine Implementierungdavon, das des

Lichtfelds wurde eingefihrt, um eine Moglichkeit zur Verfugungzu stellen,reale Objekteund

Szenenzu modellierenund sie in photorealistischeQualitat wiederzugebenwWahrendfrihe

Veroffentlichungenzu Lichtfeldernspezialisiertepft statioraire Kameraaufhngungernverwen-

den,ergabsich bald der Wunsch,kommerzielle handgeifihrte Kamerasverwenderzu konnen,
um die ndtigenEingabebildeauf einfacheWeiseaufzunehmenDies erfordertdie Berechnung
von Lageinformatiorder Kamera,sawie Wissenuberdie Geometrieder Szene.

In dieserArbeit wurdenunterschiedlich&ethoderuntersuchtinderweitert,umdieseDaten
ausschliefliclausdenEingabebildermit Hilfe von Punktmerkmalssrfolgungund(Selbst-)Ka-
librierungsmethodenu berechnenZwei unterschiedlichérten von Lichtfeldern,statischeund
dynamischewurdenbetrachtetwobeiletztereeineErweiterungdeserstennsoferndarstellt,als
esdie haupt&chlicheEinschankung die statischeNaturderaufgenommene8zeneau 0st.

Im Hinblick aufstatischd.ichtfelderkonnendie eingefihrtenMethoderwiederumin solche,
welchedie Rolustheitder eingesetztefRekonstruktionsmethodearhdhen,und solche,die auf
die Erstellungeinerglobal gultigen 3D-Relonstruktionabzielenunterteiltwerden Ein generel-
lesWerkzeugzur ErreichungdieserZieleist dasRuckfuhrenvon Informationtiberdenaktuellen
Standder Rekonstruktionin einer Schleifezu friiherenStufendesProzessesym sodie Ergeb-
nisseiteratv zu verfeinern.Um die Qualitat der Rekonstruktionzu messenwurde dasSignal-
Rausch-¥rhaltnis (“Peak Signal-to-NoiseRatio”, PSNR)fur dieseAnwendungeingefihrt. Es
wird nebendem Riickprojektionsfehleverwendetder tiblicherweisefur diesenZweck einge-
setztwird, abernichtunbedingtdie objektive Qualitat einesLichtfeldswiderspigelt.

HinsichtlichderRolustheitderRekonstruktionzeigteein VergleichzwischerSIFT-Merkma-
len und demoft verwendeterKanade-Lucas-dmasi(KLT) Merkmals\erfolgungsalgorithmus,
dassineRelonstruktionmit Hilfe der SIFT-Merkmalegleichwertigzudenauf KLT-Merkmalen
basierenderst, undsogardeutlichbesseist, wenndie Kamerapositioneweit voneinandeent-
ferntsind.Beispielsweisédiihrtedie ErhohungdesAbstandszwischendenKamerapositionem
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einerublichenBildsequenaim denFaktor vier zu einerdrastischerErdhungdesTranslations-
fehlersgegeriiberdenwahrenDatenvon 8; 42% auf 751%fur KLT-Punktwerfolgung,wahrend
er fur SIFT-Merkmaleurnverandertbei etwa 8% blieb. Da die Berechnungskmplexitat jedoch

exponentiellist, ist diesnurfir kleine BildmengernoderspezielleAnwendungenwie dasAnein-

anderfigenzweier unabtangig voneinanderaufgenommeneBildsequenzenmoglich. Bei der

Anwendungauf eineBildsequenznit 200Bildern betrugdie Zeit fur die Punktwerfolgungdaher
mehrereStunderfur SIFT-Merkmale,im Vergleichzu wenigeralseinerMinute bei derVerwen-
dungderKLT-Punktwerfolgung.

DasPSNRwurdezumerstenMal verwendetum eineautomatisch&ntscheidungwischen
mehrererunterschiedlicheekonstruktionsmethodenu ermbglichen.Es wurde auf die Wahl
zwischenFaktorisierungsmethodesngaevendet,die eine Teilsequenaserarbeitenum die Re-
konstruktionzuinitialisieren.Dabeistanderdie paraperspektischeFaktorisierungChristyund
Horaudsiterative Versionsowie die perspektrischeFaktorisierungmit zwei unterschiedlichen
metrischenUpdateszur Auswahl. Es wurde gezeigt,dass,wahrendder Rickprojektionsfehler
nicht immer eine klare Losungvorgibt, dasPSNR zuwerlassigdie fehlgeschlageneNersuche
aussortiertDas Verfahrenist daherzu bevorzugen falls esnotig ist, eine erfolgreicheRelkon-
struktionohneweiteremanuelleVersuchezu erlangen.

Rohkustheitwar auchdie Motivation zur Anwendungvon Ausreil3erdetektioniewichtung
einzelnerMerkmale und robuster Schatzer auf die bildweise Schatzungvon Kameraparame-
ternund 3D-PunktenWahrendfur zwei der drei Testbildsequenzedie hoheQualitat der KLT-
Merkmalslorrespondenzeausreichendvar, um eine zuverlassigeRekonstruktionzu ermogli-
chen,konntegezeigtwerden,dassder Lorentz'scheSchatzerohne Ausnahmegute Ergebnisse
liefert. Er war sodenanderergetesteteMethodeniberleggen,die nurin wenigenFalleneineVer-
besserungeigten,jedochfir einebedeutendénzahl der untersuchtefParametereinstellungen
bei derRelonstruktiondesLichtfeldsvollkommenfehlschlugen.

Die globaleGiltigkeit einesstatischerliichtfelds zu erhbhen,wird ausmehrerenGrinden
angestrebtEs verringertVisualisierungsartekte,die auftreten wennsich Fehlerwahrendder
RelkonstruktioneinerlangenFolgevon Bildern aufsummierenAulRerdenreduziertesdie Grol3e
desModells,besondersvenn,alsein Ergebnisdavon, Szenengeometraurchein globalgultiges
3D-Netz,genannglobalerProxy, repasentieriverdenkann.Die wichtigsten fur diesenZzweck
eingefihrtenAnsatzezielendaherdaraufab,die AnzahlderBilder zuerhbhen,in denerdasglei-
che Merkmal gefunderwird. Dieswurde einerseitddadurcherreicht,dassein Netz der Kame-
rapositionergeneriertwurde, daszusatzlicheNachbarschaftsbeziehungewischenBildern in
einer Sequenzur Verfugungstellt und wahrendder Merkmals\erfolgungund Kamerakalibrie-
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rungeingesetzivurde.DieseAnsatzewurdennicht-sequentiell®@derNetzPunkterfolgungund
Relonstruktiongenannt Auf der anderenSeitewurde dieseBeziehungdurch Ruckprojektion
bekannteBD-Punktein dasBild erstellt,unddie sich egebenderPositionerals Initialisierung
derMerkmals\erfolgungverwendetDieserzweiteAnsatzwurdedaheralsMerkmalsvorhesage
durch Ruckprojektionbezeichnet.

Der Nutzen nicht-sequentiellePunktwerfolgung und Rekonstruktionist fur Drehtellerse-
guenzeram deutlichstenywobeidie Lagefehlerder Kameraum mehrals 50 Prozentpunktauf
17, 3% bzw. 13;4% fur Translations-und Rotationsfehlewverringertwurdenund sich dasPS-
NR fur beideuntersuchterSequenzemm etwa 10 dB erhohte. Fur von Hand aufgenommene
Sequenzerst der Erfolg nicht so deutlich,zeigt sich aber wenndasPSNRfir Referenzbilder
berechnetvird, die weitervoneinandeentferntsind.Dasgleiche , wennauchin kleineremMalf3-
stab,gilt fur die Merkmalswrhersagelurch Riickprojektion.Hier konntedie durchschnittliche
LangeeinerMerkmalsspuum einenFaktorvon mehralsdrei, von 20; 4 auf mehrals 60 Bilder
pro Merkmalbzw. von 10; 9 auf mehrals 30 Bilder fur die beidengetestetetsequenzergrhboht
werden.Fur denFall der nicht-sequentiellePunktwerfolgungerhbhte sich die Spurbingesogar
um einenFaktorvon 23fir einederDrehtellersequenzen.

WennalsoglobaleGultigkeit erwlinschtist, sind beide Ansatzeder sequentiellerVerarbei-
tung Uberlggen,wobei die nicht-sequenziell&/erfolgungund Rekonstruktiondeutlichgenauer
ist, aberauchzwei komplettelterationerberbtigt, falls Netzinformationemichtapriori vorhan-
densind.Die VorhersagéiberRuckprojektionsollte nur verwendetwverden falls eineVerarbei-
tung als kontinuierlicherDatenstronnotwendigist. Hier bietetdaseinfacheAuswahlverfahren
denbesterKompromisszwischenVerarbeitungszeiind Genauigleit.

Ein weitererAnsatz,der eine Erhdhungder globalenKonsistenzrlaubt,wurdeausder Ro-
botik und derautonomerKartierungvon UmgelungeniibernommenDurchdasErzwingendes
SchlieRenyon Schleifenin der Kamerabwegung,falls aufsummiertd-ehlereinekorrekteRe-
konstruktionverhindertenkann eine global korrekte Konstellationerzeugtwerden.Es wurde
beispielhaftgezeigt,dassdieseMethodefiir grol3eFehlerin derLageist, die Lagefehlerzu hal-
bieren,von beispielsweis@1; 3%auf26; 1% Translationsfehleobgleichdie verbessertglobale
Korrektheitmit einemAnwachserderlokalenFehlerbezahltwird. Generelljedochist die An-
wendungdesBiindelausgleichauf die besagterschleifenderzu bevorzugendénsatz.

NebendenParametermeraufnehmendeKameraberbtigt ein Lichtfeld Tiefeninformation,
umdie virtuellen Ansichtenkorrektvisualisiererzu konnen.Urspiinglichwurdedieselnforma-
tion in Form von dichten,jeweils zu einemEingabebildpassendeitiefenkarterzur Verfugung
gestelltHier wurdennunzweiAlternativen,lokaleundglobaleProxys diskutiert.BeideAnsatze
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kodierendie Tiefeninformationin Formvon Dreiecksnetzerdochwahrendderersteein Netzfur
jedesEingabebildberitigt, vereintderzweitealle Tiefeninformationernn einemglobalgultigen
Netz. WahrendglobaleProxysbereitsals Teil desUnstrukturierteri.umigrapherberitigt wur-
den,stellendie lokalenProxyseinenKompromisgwischendieserunddendichtenTiefenkarten
dar Siesindleicht zu erstellen berdtigenwenigerSpeichemundsindin der Visualisierungef -
zienterals TiefenkartenIm Kontext derglobalenKonsistenedochwurdeein neuerAnsatzzur
ErstellungeinesglobalenProxysaus2D-Merkmalslkorrespondenzegingefihrt,understeErgeb-
nissewurdenvorgestellt.Obwohl die Einschénkungenn seinerKonstruktionnochzu strengfir
eineuniverselleEinsetzbarkit sind,ist dasVisualisiererjedochmehralsvier malsoschnellwie
fur Tiefenkartenund verbessersich von 3; 3 auf 15 Bilder pro Sekundefiir einenProxy der
sich auf dasgesamteAusgabebildauswirkt. Er ist damit auf gleichemNiveauwie die lokalen
Proxys,wobeidie Qualitat nicht sinkt. Zusatzlichwurde eine Methodevorgestellt,mit dersich
globaleProxysbasierendauf einer nicht-linearenOptimierungder Visualisierungsquaktt und
untererneuteNerwendungeinerinformationsiickkopplungsschleifeerbessertassen.

Die Erweiterungeinesbestehendehichtfeldesum zusatzlicheBildsequenzekannschliel3-
lich ebenélls der gleichenKategorie der Steigerungder globalenKorrektheitzugeviesenwer-
den.Zwei Methodenzum Auf nden desbesterBildesals AusgangspunkginererneuterMerk-
mals\erfolgung,undsozur IntegrationeinerneuenSequenzwurdenbeschrieberDabeiwar der
Abgleich Uiber SIFT-Merkmalefir die Vorhersagealer Merkmalspositionerum 20 bis 30 Pixel
genauerlsdie Anwendungder Riuckkopplungausder Visualisierungbasierendhuf deradapti-
venZufallssuchédozw. demPartikel Iter . Die Abweichungbetrugdabeiim Schnittnur 2; 0 Pixel
im Vemgleichzu 31; 6 Pixeln.

Hinsichtlich deszweitenHauptthemaslieserArbeit, dendynamischeriichtfeldern,wurde
erklart, dassdie Lockerungder Einschankungauf statischeSzenemicht allgemeinseinkann.
Esist unmoglich, ein Lichtfeld mit nur einerKameradicht genugabzutastenyennder Parame-
terraumauf dieseWeiseum eine Dimensionerhbht wurde.Dahermussterdie hier betrachteten
dynamischerbichtfeldmodelleneue,aberwenigerharteEinschénkungerals der statische-all
umfassen.

Drei unterschiedliché/lodelle undihre grof3tenteilsautomatisch&kekonstruktionauseiner
oder mehrerenBildsequenzerwurdenvorgestellt. Das erste,das schrittweisestatischelL.icht-
feld, setztvoraus,dassfir mehrereZeitschrittejeweils eine Bildsequenzaufgenommenwird,
wobei die Szenewahrendjeder Aufnahmeunbevegt bleibt. Die Sequenzenverdenin einem
erstenSchritt einzelnrekonstruiert.In einemzweiten Schritt werdendie Kamerapéde anein-
andergehangt,und daraufhinwird dasModell mittels nicht-sequenziellePunktwerfolgungund
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Relonstruktionverfeinert. Wahrendder Visualisierungdessich emgebenderLichtfeldesist an-
schlieRenakin UmschalterewischendenOriginalzeitschrittersowie die freie Navigationinner
halbjedesZeitschrittsmoglich.

Der zweite Typ dynamischetLichtfelder berdtigt diesenaufwendigerAufnahmeschritdes
erstenTyps nicht, da er es erniglicht, die dynamischeSzenein einer einzigenSequenzauf-
zunehmenkEr fuhrt jedochdie Einschiankungein, dassein in der Szenesichtbarespewvegtes
Objektin sichselbststarrseinmuss.Diesermoglicht die automatisch&egmentierungson Hin-
tergrundund Vordegrundauf der Ebeneder PunktmerkmaleinterVerwendungler Unterraum-
trennungsmethodeon Kanatanietal. SokonnenHintergrund-und Objektgeometriéndividuell
rekonstruiertundanschlieRenth ein gemeinsamekoordinatensystermbertragerwerden.Das
Lichtfeld wird wiederumin unterschiedlich&eitschritteunterteilt,wobeidiesnundurchGrup-
pierungderAnsichtendesbenvegtenObjektsmittelsVektorquantisierungeschiehtDerwahrend
der Visualisierungeweils sichtbareZeitschrittwird durch Ausmaskierungller anderemQuel-
lansichtenunterVerwendungvon Vertrauenskarteausgavahlt. Sowird der gleicheEffekt wie
zuwor erzielt,jedochmit deutlichwenigerBenutzerinteraktion.

Dasenddiltige Ziel ist jedochdie BereitstellungeinerkontinuierlichenRepi&asentatiordes
dynamischerileils einesLichtfeldes. Daherwurde eine erstelmplementierungeinesObjekt-
lichtfelds prasentiertdasauseinemLichtfeld pro Objektin der SzenebestehtSoist esmaoglich,
Hintergrundund Vordegrund unabtangigvoneinanderu betrachtenaberauchzusammenm
selberKontext mit einerdurchdenBenutzerinstellbareMransformatiorewischerbeiden Der
Ansatzberbtigt jedochweiterhineinemanuelleNachbearbeitunderVertrauenskarten.

Sowohl schrittweisestatische_ichtfelder als auchLichtfelder starrey sich bevegenderOb-
jektewurdenjeweilsanhand/ondrei BeispielerdemonstriertFur dasObjektlichtfeldwurdeein
Prototypmodelprasentiert.

Im voranggangenerKapitel wurdenschliel3lichneueAnwendungerstatischemund dyna-
mischerLichtfelder auf andereGebietegezeigt.Es wurde demonstriertdassLichtfelder gut
als Objektmodellein der ErweitertenRealiét geeignetsind, da sie selbsteine Rep@asentation
realer Objektedarstellen.Die mogliche DiskrepanzzwischenRealitt und Virtualitat wird so
vermiedenDie Lichtfeldrekonstruktionwurdeweiterhinauf die klassischerelderder Objekt-
lokalisationund -verfolgungangevandt, entwederdurch direkte Verwendungdes Lichtfeldes
fur die Objektmodelleoderuiberdie Anwendungder Methodenzu ihrer Rekonstruktionauf die
GenerierunglerberbtigtenModelleausSequenzeerinerhandgefihrtenKamera.

Ein anderesund immer noch ungavohnlichesAnwendungsgebiestellt die medizinische
Visualisierungdar, besondersn der endoskpischenChirurgie. Hier wurdenLichtfelder dazu
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verwendetGlanzlichterzu reduzierenyelchedurchdie LichtquelledesEndoslkopsauf feuch-

tem Gewebe erzeugtwerden.Zusatzlich wurde eine Anwendungdes schrittweisestatischen
Lichtfeldmodellszur VisualisierungunterschiedlicheAbschnitteeinerOperationin [Vog06]be-
schriebenwodurchihr Verlauf beobachtetind dokumentiertwerdenkann. Schlief3lichwurde
eineUntersuchungler gesteigerternsprichean dasRelonstruktionssysterbei Verwendung
e xibler anstattstarrerEndoslopevorgestellt,undein erstesErgebnisdemonstriert.

B.3.2 Zukinftige Arbeit

Die vorgestellteArbeit bieteteineReihevon Ansatzpunktemir zukiinftige ForschungEin erster
solcherAnsatzpunkist derKanade-Lucas-dmasi-PunkterfolgungsalgorithmudVie bereitsin
Abschnitt6.3.3fur die Anwendungauf Bilder, die Uberein e xibles Endoslop aufgenommen
wurden,beobachtetvurde,ist die derzeitauf die Merkmalsfensteangevendeteaf ne Verzer
rungslorrekturnichtin allenFallenausreichendralls die Ober achenaufdenendie Merkmale
gefundenwerden,hauptéchlichsenkrechtzur Blickrichtung der Kamerastehenjst eineaf ne
Verzerrungsmatriausreichende nden sichdie Merkmalejedochauf Ober acherparallelzur
Blickrichtung und bewegt sich die Kameravorwarts oderriickwarts, wie beispielsweisa&urch
einenKorridor, soist die entstehend¥erzerrungler Merkmalsfensteperspektrisch,unddaher
schlechdurcheineaf ne Verzerrungsmatrimnzurahern.

Die ModellierungperspektrischerMerkmals\erzerrungst aquivalentzur Schatzungeiner
Homographiemit achtFreiheitsgradehir jedesMerkmal. DieseachtParameteauf einmalzu
bestimmenmag jedochein betiachtlichesProblemfir die Stabilitat der Schatzungdarstellen.
Einegutelnitialisierungund EinschénkungderzusatzlichenTranslationst daherunabdingbar

Als nachstesst im Hinblick auf die folgendenRekonstruktionserfahrendie Auswahl einer
geeigneterraktorisierungsmethodanterVerwendunglesPSNRnur eineMoglichkeit zur Mo-
di kation desVerfahrensbasierendauf der Visualisierungsquaéit. Der Ansatzkann genauso
dazuverwendetwerden,die optimalenParameteifir Punktwerfolgungund Rekonstruktionzu
bestimmenyie beispielsweiselie Anzahlder zu verfolgenderMerkmaleoderdenmaximalen
RuckprojektionsfehleEine weitereAnwendungwaredie BeobachtunglesFortschrittsder Re-
konstruktionmit Hilfe desPSNR,um auf dieseWeiseein Fehlschlagerer Kalibrierung der
aktuellenKameralagezu erkennen.

Ein hauptéchlichesProblemfur die global konsistenteRekonstruktiontrat in den Experi-
mentenin Kapitel 5 deutlichzum Vorschein.Der bildweise Fehlersteigt an, selbstwenndie
globaleKonsistenaverbessenvird, wodurchim Allgemeinenauchdie Visualisierungsquakit
geschmalertwird. Eine Losungbietetder Bundelausgleichder alle 3D-Punkteund Kamerapa-
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rametergleichzeitigverfeinert. Er berdtigt jedochauchbetiachtlicheZeit fur dieseAufgabe.
EinenAuswe zeigenhier ef ziente Bundelausgleichsstragenwie die in [Shu99]vorgeschla-
gene MehrereBilder werdenhierzu Segmenterzusammengeaistundvirtuelle Schiisselframes
fur jedesSegmentde niert, die als Ersatzfur dasgesamteSegmentoptimiertwerdenundsodie
GesamtanzalderParametereduzieren.

Ein weiterer vielversprechendekusgangspunktir weitereArbeitenist der globaleProxy;
savohl hinsichtlichseinerErstellungalsauchseinerOptimierung Die erfolgreicheAnwendung
derBilddifferenzals Fehlermalzur Optimierungwurdebereitsin Abschnitt3.7.3beschrieben.
Siekannjedochgenausauf die ErstellungdesglobalenProxysangaevendetwerden,um Kno-
tenzuidenti zieren, die falscheingefigt wurden.Aber nicht nur die nahtloselntegrationeines
neuer3D-Punktesst fur die Visualisierungsqualktt von BedeutungEine Mengeausvier nicht-
kollinearenPunktenkann auf zwei verschiedené\rten mit Hilfe der Delaunay-Tiangulation
vernetztwerden.Die gemeinsameinterne Kante der sich ergebenderDreiecle kannso — im
schlimmsteriall — senkrechizu einer3D-Kantein der Szenesein.Morris und Kanadezeigten
in [Mor00], dassdurchdasUmdrehendieserArt von Kantenund die BerechnungeinesFeh-
lersbasierendufderProjektioneinesBildesauf dasNetzdie KorrektheitdesNetzesverbessert
werdenkann.DieseTatsachevurdebisherwederin derErstellungnochin derOptimierungder
globalenProxysbericksichtigt.

Die OptimierungglobalerProxysbietetRaumfir weitereVerfeinerungenDerzeitwerden
Bilder kompletterGrofRegezeichnetum die VeranderunglesFehlersfir jedenKnotendesNet-
zeszu berechnenJedochist nur ein geringerTeil desBildes von AnderungereineskKnotens
betrofen, namlichdie benachbarteBreiecle. Durch Einschénkungder Visualisierungauf die-
seBereichekanneinedeutlicheBeschleunigun@rreichtwerden.Darliberhinausverandertder
Algorithmusdie AnzahlderKnotenim Netznicht. NeueKnotenhinzuzufigenkanndasErgeb-
nis weiterverbesserrfalls diesin Gebietermmit groRemFehlerangavendetwird.

Noch mehrals die statischeRekonstruktionbietetdie ErstellungdynamischelLichtfelder
einegroflieAnzahlunterschiedlicheRichtungenfir zukiinftige Untersuchungertin wichtiges
Problemfir Lichtfelder mit starrerBewegungsowie Objektlichtfelderist die Bestimmungder
SkalierungzwischenRekonstruktionerunterschiedlicheBereicheder Szene DiesesProblem
ist jedochnichtleicht zu losen Eine moglicheLdsungbietetwiederumein bildbasierteiAnsatz.
Falschskaliertund von einemandererWinkel ausbetrachtewird dasbewegte Objektin einer
falschenPositionrelatv zum Hintergrunddagestellt.Der Effekt warein Bilddifferenzersicht-
bar, falls die in dieserArbeit benutzteMethodedesWeglassensiesOriginalbildesangevandt
wirde.
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Das Problemder exaktenSegmentierungdesbewvegten Objektsin jedemBild konnteahn-
lich gelostwerdenBeideralleinigenVisualisierungeinesLichtfeldesdesObjektsist die Qualitat
innerhalbderGrenzerdesObjektshoch,vorausgesetztiie KameralagenundTiefenrelonstruk-
tionensindkorrekt.Der umgebendélintergrundwird andererseitausvielenunterschiedlichen,
falschpositionierterund sich daheriiberlappendeiieilen der Originalbilderzusammengesetzt.
Die Objektgrenzestellt sichsoalsein deutlicherUnterschiedzwischerhoherundniedrigerQua-
litat,ausgedicktalsBilddifferenz,dar, undkannbeispielsweisé@urchein aktivesKonturmodell
wie Snales[Kas88] angefhertwerden.DieseMethodeist natirlich zum Scheiternverurteilt,
falls der Hintergrundgrol3tenteilshomogerist.

Die Segmentierungvon Vorder und Hintergrundwurde bishernur fur ein bevegtesObjekt
vor einemstatischerHintergrunddemonstriertNichtsdestotrotzst estheoretischmoglich, eine
beliebigeAnzahl Objektezu trennenyorausgesetatassgeriigendMerkmaleauf jedemgefun-
denwerden.WederKamerakalibrierungind 3D-Relonstruktionnoch die nachfolgendeParti-
tionierungin Zeitschrittestellenein Hindernisdar, nur die Anzahl moglicher Kombinationen
sichtbarerund unsichtbareObjekteerhdht sich exponentiellmit der Anzahl der Objekte.Dies
stellt ein Problemfir die Visualisierungdar, da fur jede Kombinationein Lichtfeld generiert
wird, was zu erheblichenSpeicheranforderungnd wenig intuitiver Benutzerinteraktioritihrt.
DieseProblemeretenfur Objektlichtfeldemicht auf.

In denselberKontext der mehrfachenObjektefallt dasnachstezu behandelnddé’roblem,
namlich verdeckteObjekteund solche,die den Sichtbereichder Kameraverlassenpdersogar
die weitere Verfolgungfalls die Bewegung nicht fortgesetztwird. In diesemFall ist es nicht
mehrmoglich, sich auf den Segmentierungsalgorithmuzu verlassenUm dieseGegebenheiten
korrektbehandelrzu konnen,missereusatzlicheMethodenfur die Objektwerfolgungundeine
verbessert®©bjektverwaltungintegriertwerden.

Angefangenbei denerstenZwei-Ebenen-LichtfeldermvurdenEinschankungerfir die be-
obachtet&Szenesawohlin derLichtfeldrekonstruktionalsauchin derVisualisierungSchrittfur
SchrittrickgangiggemachtDie automatisch&enerierunglynamischetLichtfeldermit starren,
bewegten Objektenwird nicht dasEndedieserEntwicklungdarstellen Es existierenAlgorith-
men,die in derLagesind,die 3D-Geometrieeiner Szenerotz der Anwesenheisich bevegen-
derunddeformierende©bjektezu rekonstruierenEin solcherAlgorithmusist z.B. in [Har03]
skizziert.Die Schwierigleitendabeisind dasAuf nden einerstabilenLdsungfir langeBildse-
guenzerunddie De nition einesgeeigneterModellsfir die Visualisierungdesresultierenden
Lichtfeldes.Es sollte interessansein, die Entwicklungin diesemkomplexenund aufregenden
Forschungsgebién denkommenderahrerzu verfolgen besonderganeueAnwendungenvie
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in derMedizin geradeerstam Entstehersind.
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