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Abstract

Computergraphicsresearchersecentlyhave turnedto image-basedenderingto achieve
the goal of photorealistiagraphics.Insteadof constructinga scenewith millions of poly-
gonsthescenas representetly acollectionof photographalongwith agreatlysimpli ed
geometricmodel. This simplerepresentatiomllows traditionallight transportsimulations
to bereplacedvith basicimage-processingutinesthatcombinemultipleimagesogether
to producenever-before-seeimagesfrom new vantagepoints.

This thesispresentsa new image-basedenderingalgorithmcalledunstructued lumi-
graphrendering(ULR). ULR is animage-basedenderingalgorithmthatis speci cally
designedo work with unstructuredi.e., irregularly arranged)ollectionsof images.The
algorithmis uniquein thatit is capableof usingany amountof geometricor imageinfor-
mationthatis availableabouta scene.

Speci cally, theresearcthin this thesismakesthefollowing contributions:

An enumeratiorof image-basedenderingpropertieshatanideal algorithmshould
attemptto satisfy An algorithmthatsatis esthesepropertiesshouldwork aswell as
possiblewith ary con gurationof inputimagesor geometricknowledge.

An optimalformulationof the basicimage-basedenderingproblem,the solutionto
whichis designedo satisfythe aforementionegroperties.

Theunstructuredumigraphrenderingalgorithm,whichis anef cient approximation
to the optimalimage-basedenderingsolution.

A non-metricULR algorithm,which generalizeshe basicULR algorithmto work
with uncalibratedmages.

A time-dependentLR algorithm, which generalizeghe basicULR algorithmto
work with time-dependerdata.

ThesisSupervisorlLeonardMcMillan
Title: AssociateProfessor
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CHAPTER 1

Introduction

For thepastthreedecades;omputelgraphicgesearchersave strivedfor photorealismthe
elusve goalof producingsyntheticimageghathave theappearancef photographsGreat
progresshasbeenmade: computershave becomepowerful enoughto processthe tens
of millions of polygonsusedto represenscenescomplex shadinglanguagesiave been
createdo describethe surfacepropertiesof thesescenesandsophisticatedight transport
simulationshave beenusedto predicttheappearancef thesescenesinderary imaginable
lighting conditions. However, despitetheseadvancestrue photorealismarguablyhasnot
beenachieved.

As a consequencegesearchergecentlyhave turnedto a differentapproachn achies-
ing the goal of photorealism: image-basedendering(IBR). Insteadof representinga
sceneas a setof millions of polygons,the sceneis representedby a collection of pho-
tographs. Surfacesare no longer describedby a carefully programmedshadingproce-
dure;they areimplicitly describedy theirappearance multiple photographsakenfrom
differentpositions. Time-consumindight transportsimulationsarereplacedwith simple
image-processingoutines. Theseroutinescombinemultiple imagestogetherto produce

never-before-seeimagesfrom new vantagepoints.

17



Image-basedenderinghasanumberof advantage®ver traditionalcomputergraphics.
First, image-basedendering’solves” the photorealisnproblem. Novel imagesare com-
posedof real photographsyvhich by de nition are photorealistic. Second,mage-based
renderingargely eliminategshemodelingproblem.Image-basedodelingconsistof tak-
ing photographsatherthanarrangingmillions of triangles.Third, image-basedendering
is very ef cient. In mostcasesit is possibleto generateutputimagesat greaterthan60
framespersecond.

Of coursejmage-basedenderings notwithoutits faults. Oneof the biggestobstacles
to the widespreadiuse of image-basedenderingtechniquess restrictionsplacedon the
con guration of the inputimages.For example,it is commonfor analgorithmto require
that cameradaceforward andlie on a regular grid, or that cameragaceradially inward
from the surfaceof a sphere.Suchrestrictionsmalke the algorithmseasierto implement
onthe computeybut they alsomalke the algorithmsmuchmoredif cult to usein practice.
Dif culties arisebecausét is nearlyimpossibleto placerealcamerasn preciseocations.
To combatthis problem,the renderingalgorithmspresentedn this thesisaredesignedo
operatewith almostarny con guration of input images. This e xibility allows the algo-
rithms to be usedin a wide variety of situations,including somethat were never before

possible.

1.1 Previous Work

Modernimage-basetenderingechniquestartedappearingn thecomputegraphicscom-
munity lessthana decadeago. Much of the earliestwork involvestechniquegor warping,
or “reprojecting; a singleimageto simulatea novel view of a scene.Later, researchers
turnedtheirattentionto multi-imagemethodswhich sidesteomesingle-imageroblems
and enablegreateralgorithm e xibility and simplicity. Thesemethodsroughly fall into
two classesspaisemulti-imagemethodswhich usea smallnumberof imagesanddense
multi-image methods,which usea large numberof images. Of course,the distinction
between‘small” and“large” canbe ratherarbitrary; the termswide-baselineand small-

baselineareperhapsnoreapplicable Sectionsl.1.1,1.1.2,and1.1.3highlight someof the

18



detailsof the variousmethods.

In largely parallelwork, the computervision communityhasdevelopedtechniquedor
renderingnovel views from setsof images.This work tendsto emphasizeechniqueghat
useuncalibrateccamerasnsteadof calibratedcameraswhich arepreferredn thegraphics

literature.Sectionl.1.4sureys thesemethods.

1.1.1 Single-ImageMethods

() (b)

Figure 1-1 (a) A sphericapanoramidmageof MIT' slobby 7. (b) A view of thepanoramasseen
from aninteractive viewing application.Imagescourtesyof MichaelBosse.

Thesimplestsingle-imagenethodausewide eld-of-view (e.g.,360degreecylindrical
or spherical)panoramidmagery(seeFigurel-1a). Typically, thesepanoramidmagesare
createdby usingimagemosaicking[Szeliski 1996; Szeliskiand Shum1997],a technique
in which a singlehigh-resolutionwide eld-of-view imageis createdrom multiple low-
resolution,small eld-of-view images.More recently panoramidensesandmirrors have
beendevelopedto capturepanoramasvith a singleexposureglNayar1997].

Panoramiamageryis generallyvery high-resolutionandit immersegheviewerin the
environment. However, the available control over the desiredview is very limited. The
viewer canlook in ary directionand changethe zoom (seeFigure 1-1b). However, the
viewer cannot changethe position of the virtual camera. Thatis, translationof the vir-
tual cameras notallowed. Neverthelesspanoramidmageshave beenthe mostsuccessful

image-basedenderingtechniqueto date, having beencommerciallydeployed in mary

19



products,including Apple's QuicktimeVR[Chen 1995] and Interactve PictureCorpora-
tions'sIPIX.

In orderto allow virtual cameranavigation, the singleimage canbe augmentedvith
auxiliary geometridnformationaboutthe scene A naturalrepresentatiofor thisinforma-
tion is a depthmap,which storesa singledepthvalue perimagepixel. An imagewith an
associatedlepthmapis often calledanimage-with-depth A goodexampleis McMillan's
plenopticmodelingsysten{McMillan andBishop1995],whichusescylindrical panoramic
imagesthathave beenaugmentedvith perpixel depthinformation. This systemprovides
animmersve experiencdik e a panoramaandit alsoallows for virtual cameraranslation.
The pixelsin the image-with-depthare reprojectednto the virtual view usinga forward

mappingapproach.

Figure 1-2 A multiple-centeiof-prgection image. Both sidesof the elephantanbe represented
in asingleimage.Imagecourtesyof Paul Rademacher

Oneof the problemsassociatedvith this approachs the appearancef “holes” when
regionsthat are occludedin the original imagebecomevisible in the virtual view. The
LayeredDepthlmage(LDI) [Shadeetal. 1998]combatghis problemby storingmultiple
depthandcolor valuesat eachpixel in the original image(LDIs are generallyusedwith
syntheticdata). The extra depthlayershelp Il in holesin the virtual view. Anotherap-

proachis multiple-centerof-projection(MCOP) images[Rademacheand Bishop 1998]
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(seeFigurel-2). In MCOPs,eachcolumnof pixels containscolor anddepthdatathatare
acquiredfrom a differentvantagepoint (i.e., a multi-perspecire image). MCOPscanbe
createdfor example,by moving a line cameralanddepthsensorjalonga linear path. In
doing so, MCOPscan storethe imageof a scenefrom mary differentpositions,which
allows for greatersamplingof potentiallyvisible surfaces.

Anotherproblemwith the image-with-depthapproachs deducingthe depthmap. For
corvincing renderingsthe depthmapneedgo be reasonablyaithful to thetrue geometry
of the scene.Someof the highestquality single-imageaechniquesisecompletelymanual
speci cationof the scenedepth.In the “Tour into the Picture” systemHorry etal. 1997],
the userspeci es the depthmap as a “spidery mesh” using vanishingpoints and lines.
Foregroundobjectsare manuallysegmented and occludedregionsare manuallypainted.
A similar approachs usedin [Oh et al. 2001], which furtherallows for sceneeditingand

relightingwith only a singleimage.

1.1.2 SparseMulti-Image Methods

Someof the bestsingle-imageechniquesisemanualpainting of occludedregions. The
problemof occlusioncanalsobe attaclkedin moreautomatiovaysusingadditionalviews
of the scene.However, usingmultiple imagesintroducesthe interestingproblemof how
bestto combinemultiple sourceimagestogetherinto oneoutputimage.

View interpolationf[ChenandWilliams 1993]represents scenewith multipleimages-
with-depth. Virtual image sequencesre createdby interpolatingframesfrom an origi-
nal imageto a virtual view. In-betweenmagesare createdby linearly interpolatingtwo-
dimensionamotionvectorsfrom the sourcepixelsin the originalimageso thedestination
pixelsin thevirtual images.The motionvectorsarecomputedrom depthmaps,which are
acquiredrom aray-tracer

Holesin theinterpolatedramesare lled in by usingaweightedcombinationof multi-
ple sourceimages.Theweightsaredeterminedy a spatialgraphconnectinghe positions
of the sourceimages. For example,a triangularmeshis usedto connectsourceimages

arrangedn atwo-dimensionaplane. The weightsfor a givenvirtual view aretakento be

21



the barycentriccoordinatef thatvirtual view in the triangularmesh. This approaclkcan
begeneralizedo cameraarrangedn one-dimensionabr three-dimensionapaces.

View interpolationforms a linear combinationof sourceimagesusinga singleweight
perimage. This weightis calculatedbasedon the physicaldistancebetweenthe virtual
view andthe sourceimages.A similar approachis takenin [Pulli etal. 1997]and[Pighin
et al. 1998], exceptthat the imageweightsare calculatedbasedon the angular distance
betweerthevirtual view andthe sourceémages.A single“view direction”is computedor
eachimage,typically from the camerapositionto a target point, andthe anglesbetween
thesalirectionsandthevirtual view directionareusedio weighttheimages.Sourcamages
with smalleranglesareassignedargerweights.In both of thesemethodsexture-mapped
triangularmeshegacquiredirom laserrangescans)arerenderednultiple times,oncefor
eachsourceimagewith a non-zerowveight. Therenderingsareblendediogetheraccording
to their weightsto arrive atthe nal image.

Theapproachn [Pighin etal. 1998]alsoincludesotherfactorsin theimageweighting
process. Interestingly theseadditionalweightsare applied at the perpixel level rather
thanat the perimagelevel aswith the view-directionweight. The rst additionalweight
attenuates sourceimages contrikution for pixels closeto the edgeof its eld-of-view.
Thisweightreducegliscontinuitiesattheboundarie®f invisible regions,whereoneimage
takesover from another The secondadditionalweight attenuates cameras contribution
for polygonghatareobliquelyorientedo thecamera.Thisweightpenalizepoorsampling
densitiesandit is intendedo reduceblurrinessin therenderedmage.

The perimageview-directionweightis basedon the notionthatviewing directionis a
bettermeasureof “image closenessthanphysicalproximity. However, the “view direc-
tion” is differentfor every pixel in the virtual view, sothis weightis bestcomputedon a
perpixel basisaswell. Perpixel angularweightingis the approachtakenin the Facade
systemdescribedn [Debevecetal. 1996]. In thatsystem simplearchitecturaimodelsare
texturedwith a small numberof sourceimages(seeFigure1-3). In regionsthat multiple
sourcecamerasee thecamerastontritutionsareweightedaccordingo theiranglesela-
tive to theviewing ray from thevirtual view. This approachgalledview-dependentexture

mapping(VDTM), favors the camerathat views the scenepoint at an anglecloseto that
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Figure 1-3. (a) The architecturaimodelconstructedn the Fagadesystem.(b) A view-dependent
renderingof the modelusing16 photographsimagescourtesyof Paul Debevec.

of the virtual cameraandit may useall sourceimagesin differentregionsof the virtual
image.

VDTM canproducephotorealistidamages providedthe scenegeometryis reasonably
good. The main drawvbacksof the approachare (1) it is slow and(2) its particularangu-
lar weightingschemeonly works well with small numbersof images. The rst problem
hasbeenaddressedn [Deberec et al. 1998], which describesa real-timealgorithm for
implementingVDTM. In this algorithm,imageblendingweightsare computedon a per
polygonbasis,which works ne for smallnumbersof imagesor nely tesselateanodels.

Thesecondoroblemis addressedh laterchaptersof this thesis.

1.1.3 DenseMulti-Image Methods

One commoncharacteristioof sparsemulti-image methodsis that they assumea fairly
accuratggeometrianodelof thescene However, it is possibleo generateornvincing views
of a scenewithouta modelif enoughdensely-spacediews are available. This notionis
nicelyquanti edin [Chaietal. 2000]by theminimumsamplingcurve whichdemonstrates
theinverserelationshipbetweemumberof inputimagesandgeometrianodelcompleity.
Thelight eld [Levoy andHanraharil996]andlumigraph[Gortler etal. 1996] papers

originatethe ideaof usinglarge numbersof imagesto renderwithout a geometricnodel.
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Figure 1-4: Thelight eld andlumigraphtechniquesepresentll radianceenteringandleaving a
volume,afour dimensionakntity. Imagecourtesyof Steven Gortler.

The basicapproachis to representll of the radiance(i.e., color) in a three-dimensional
volume as a four-dimensionalfunction (seeFigure 1-4). This four-dimensionakadiance
representations calleda light eld. Imagesof the scenewithin the volume are simply
two-dimensionaslicesthroughthefour-dimensionalight eld. Theprocesf generating
a virtual view is then seenas a signal reconstructiorprocess: rst a continuousrepre-
sentatiorof thelight eld is reconstructedrom two-dimensionakamplegqi.e., thesource
images)andthenvirtual views areextractedfrom this continuoudight eld. To facilitate
this signalreconstructionaregularsamplingof thefour-dimensionalight eld is assumed
(seeFigure 1-5). This assumptioris in contrastto most sparsemulti-imagetechniques,
which placefew restrictionson the cameracon gurations.

Many extensionsand modi cations to the basiclight eld/lumigraph techniqgueshave
beenproposed. Someauthorsproposedifferentray parameterizationfCamahortet al.
1998],dynamicparameterizationgsaksenetal. 2000],andlower dimensionatepresenta-
tions[ShumandHe 1999].

However, evenwith a large numberof images(greaterthan 1000), “pure” light eld
techniquesexhibit objectionableartifactssuchasblurring andimageghosting. The lumi-

graphauthorssoughtto reduceto theseartifactsby modifying the signal reconstruction
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Figure 1-5. (a) In boththelight eld andlumigraphtechniquesraysare parameterizedby their
intersectionswvith two parallelplanes.(b) Theseplanesare uniformly sampledo facilitate signal
reconstructionThe pointson the s planecorrespondo camergpositions,while the pointson the
uv planecorrespondo pixelsin thecamerasimages.magescourtesyof StevenGortler.

Iters with geometricinformation aboutthe scene(so-calleddepthcorrection). For this
reasonthe term “lumigraph” is often resered for light elds that have beenaugmented
with geometricinformation,which is the terminologyadoptedn this thesis. The ideaof
using scenegeometryrecallsthe sparsemulti-imagetechniquesand suggestghat lumi-
graphrenderings simplyadense/DTM techniqugor, corverselythatVDTM is asparse
lumigraphtechnique).

Both interpretationsare fundamentallycorrect, but the detailsof the algorithmspre-
venteitherfrom beingusedin placeof the other For example,thebasicVDTM blending
stratgy doesnot scalewell to mary imagesbecausets blendingstratey cause$oo much
blurring. Theproblemwith light eld andlumigraphtechniquess thatthey assumehatthe
datais regularly sampledor, equivalently, thatthe inputimagesarearrangedn a regular
grid structure.In fact, this grid structurerequirementurnsout to be a majorimpediment
to the practicaluseof light eld andlumigraphtechniques. Satisfyingit generallyre-
quiresthe useof a computercontrolledcameragantry(seeFigure 1-6), which limits light
eld subjectsto static scenednside of a laboratory Recently the Digital Michelangelo

project[Levoy etal. 2000] hasacquiredregularly sampledight elds of famousstatuesn
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Figure 1-6. MIT' ssingle-cameréight eld capturedevice.

Italy, althoughthe work entailedconsiderableffort andexpense.

Interestingly the original lumigraphpaperdescribes procedurecalledrebinningthat
convertsanunstructuredsetof imagesinto a grid-structuredset. Therebinningprocedure,
asdescribedn [Gortler et al. 1996], is undesirabldecausat introducesdegradationgo
thelumigraphdataby resamplinghedataandby ltering it with anon-linearalgorithmto
Il in gaps.

It turnsoutthatrebinningis not evennecessaryin anattemptto acceleratéumigraph
rendering,Sloanet al. [Sloanet al. 1997] demonstratedhat lumigraphscanbe rendered
directly evenif the st (camera)planeis sampledirregularly. The basictechniqueuses
an arbitrary triangulationof the st planeto derive simple linear basisfunctionsfor the
lumigraphreconstructionTakingthisideaonestepfurther, Heigl etal. [Heigl etal. 1999]
generalizethe cameraplaneto a non-planartwo-dimensionamanifold of cameras.This
cameramanifold approachallows the useof lumigraphtechniquedor renderingdrectly
from videosequencesimplifying theacquisitionof lumigraphdata.

Unfortunately cameramanifoldtechniquesio notwork in all situations.For example,
a staticnon-planamanifold may fold over on itself whenviewed from differentvantage

points.Heigl etal. dealwith this particularproblemby dynamicallyrecomputinghe cam-
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eramanifoldfrom thevirtual cameras point-of-view. But this stop-gasolutionignoresthe
biggerproblem:whatif the cameragio not naturallylie on a two-dimensionamanifold?

Dealingwith camerasn generalpositionis a centralproblemof this thesis.

1.1.4 Uncalibrated Methods

The previously discussedmnethodsall assumethat the imagesare calibrated. That is,
the camerafocal lengths(single-andmulti-imagemethods)yandrelative cameragpositions
(multi-imagemethods)areknown in advance. Suchinformationis generallyobtainedby
using ray-tracedsourceimagesor by applying three-dimensionatomputervision tech-
niques.However, the needfor calibratedimagesoften makesanalgorithmdif cult to use
in practice,sincethe calibrationinformationis not alwayseasilyavailable. Thus,uncali-
bratedrenderingmethodsarea populartopic of research.

In the work of Faugerasand Laveau [Faugerasand Laveau1994], novel views are
generatedvith only knowledgeof the fundamentalmatrix betweenpairs of views. The
fundamentamatrix betweentwo views is a weakform of calibration,which is generally
far simplerto obtainthana strongcalibration.Their approacthighlightsoneof thebiggest
dif culties of working with uncalibratedmages:specifyinga virtual cameraview. In their
work, the viewer speci es the virtual view by constrainingthe positionsof four image
points. This form of virtual navigationis unintuitive at best,andit mayleadto non-rigid
transformation®f the sceneslements.

A similar techniqueis describedn [Avidan and Shashud 997], exceptthat trilinear
tensorrelationshipsareusedinsteadof fundamentamatrices.Thetrilinear tensorfor three
views is analogougo the fundamentaimatrix for two views. In the trilinear tensortech-
nique, the virtual view speci cationis simpli ed by roughly guessinghe camerasfocal
lengths.

Otheruncalibratednethodssidestephevirtual navigationproblemby constraininghe
virtual cameramotion to easily speci ed positions. For example,view morphing[Seitz
andDyer 1996] producegphysicallyvalid novel views from a pair of uncalibratedsource

images. The virtual views are constrainedo lie on the line connectingthe two source
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Figure 1-7. A view morphof the MonaLisa. The left imageandright image(re ected) arethe
sourcamages.Thecenterimageis themorphedmagehalfway betweerthe sourcemages.lmages
courtesyof Steven Seitz.

cameraspositions,which enableghe physicallyvalid morph. An exampleview morphis
shavnin Figurel-7.

A similar approachs takenin [Lhuillier andQuan1999], exceptthatthe interpolated
imagesonly approximatea physicallyvalid camera ScharsteifScharsteirl996]general-
izestheview morphingapproacho virtual cameranotionsthatarein the planeconnecting
threesourcecameras.

In his Ph.D.thesis,McMillan [McMillan 1996] generalizesis imagewarpingalgo-
rithm to useuncalibrateccamerasin his method,heassumeshatthevirtual view hasthe
samefocal lengthasthe sourceimageandderivesa parameterizedamily of valid image
warps.Usingoneof thesewarpsresultsin a corvincing rendering.Chang[ChangandZa-
khor 1997] alsostartswith uncalibratedmagesandthenupgradego a pseudo-calibrated

statethatis sufcient for corvincing rendering.
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1.2 The Contrib utions of this Reseach

Thisthesispresents new image-basedenderingalgorithmcalledunstructuedlumigraph
rendering(ULR). As its namesuggestsULR is alumigraph-stylaenderingalgorithmthat
is speci cally designedo work with unstructuredi.e.,irregularly arrangedyollectionsof

images. The algorithmis uniquein thatit is capableof usingany amountof geometric
or imageinformationthatis available. Thus, the algorithm operatessimilarly to view-

dependentexture mappingwhenthe imagesare sparseandthe geometryis good. At the
other extreme, the algorithm behaeslike a light eld rendererwhen mary imagesare
availableandthe geometryis unknown.

Speci cally, theresearchn this thesismakesthefollowing contrikutions:

A setof image-basedenderingpropertieghatanideal algorithmshouldattemptto
satisfy An algorithmthatsatis esthesepropertiesshouldwork aswell aspossible

with any con gurationof inputimagesor geometricknowledge(Chapter3).

An optimalformulationof the basicimage-basedenderingproblem,the solutionto

whichis designedo satisfythe aforementionegropertieChapterd).

Theunstructuredumigraphrenderingalgorithm,whichis anef cient approximation

to the optimalimage-basedenderingsolution(Chapters).

A non-metricULR algorithm,which generalizeshe basicULR algorithmto work

with uncalibratedmagesChapter6).

A time-dependent)LR algorithm,which generalizeghe basicULR algorithmsto
work with time-dependenimages. Speci cally, the time-dependengéxtensionsas-
sumethat the imagesare calibratedin time, althoughthe time dimensionmay be

irregularly sampled Chapter7).

1.3 ThesisOrganization

Chapter2 introduceghe computergraphicsandcomputervision backgrounchecessaryo

understandhe contentof this thesis. The formal de nition of animageis presenteds
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well asthe mathematicatonstructdor manipulatingmagesandgeometry Mathematical
notationandterminologyareintroduced.

Chapter3 introduceghebasicimage-basedenderingproblemthatis addresseth this
thesis. It alsopresentsine propertiesof “ideal” solutionsto this problem. It is proposed
thatanalgorithmthatsatis es(atleast)theseninepropertieswill generatenaximalimage
quality givenary con gurationof inputimagesandgeometry No existing algorithmsatis-

es all nine propertiesalthougheachof the propertieshasbeenaddressety at leastone
previousalgorithm.

Chapter4 presentsan optimal solutionto the problemsintroducedin Chapter3. The
solutionis optimalin the senseof minimizing the expectedsquareerrorin color valuesat
eachpixel of avirtual view. The solutionrequiresknowledgeof theimageautocorrelation
function, which is derived using statisticalimagemodels. A generalizedautocorrelation
functionis proposedwhich accommodatemore of the desirablepropertiesfrom Chap-
ter3.

Chapter5 describeghe unstructuredumigraphrenderingalgorithm,whichis anef -
cientapproximatiorto the optimalsolutionof Chapted. ULR acceleratetherenderingo
real-timeperformancehrougha seriesof ve optimizations.Numerousexamplesdemon-
strateULR's effectivenesn a variety of scenes.

Chapter6 extendsthe ULR algorithmto uncalibratedcameras.The aspectof ULR
thatassumecalibratedcamerasrereplacedwith alternatve techniqueshatdo notrequire
calibration. The effectivenessf the approachs demonstratedvith a video stabilization
example.

Chapter7 extendsthe ULR algorithmto scenescontainingtime-dependenaspects.
The basicapproachis to augmenteachimagewith a timestamp,essentiallycalibrating
the imagesin both spaceandtime. The techniqueis demonstratedvith a specialclass
of time-dependentumigraphs:time-periodiclumigraphs. Time-periodiclumigraphsare
interestingbecausehey canbeacquiredwith asinglecontinuoussideosequencérom one
videocameraTheresultinglumigraphsareirregularly sampledn bothspaceandtime.

ChapterB concludeghethesisandpresentareador futureresearch.
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CHAPTER 2

Background

Image-basedenderingdrawns heavily from the eld of computervision. In mary cases,
traditionalcomputewision problemsneedto be solvedbeforetheactualgraphicgproblems
can be approached.For example,in orderto usethe unstructuredumigraphrendering
algorithm,it is necessaryo know the camergpositionsandorientationghatproducedhe
inputimages.Also importantis the relatedproblemof nding the positionsof objectsin
theworld. Fortunately calculatingcameraandobjectpositionsfrom imagesis a classical
computervision problemthathasbeenaddresseth mary computewision papers.

This chapterintroducesthe mathematicabackgroundhatis necessaryo understand
theimage-basedenderingtechniquepresentedn this thesis.This treatmentoversbasic
computervision and computergraphicstopics, suchascameracalibrationand projectve
texture mapping. It alsointroduceshe mathematicahotationthatis usedthroughoutthe
restof the thesis. Readerdhat are alreadyfamiliar with the basicsof three-dimensional

computervision andgraphicscansafelyskip this chapter
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2.0.1 Overview

The chapterbegins by presentinghe mostbasicimage-basedenderingprimitive: theim-
age.Next, therelevantdetailsof realimageformationarecovered,with particularempha-
sison the pinholeprojectioncameramodelandthe variousparameterizationgsedin this
thesis. Thenthe discussiormoveson to otheruseful conceptsjncluding inverseprojec-
tion matriceshomographiesandepipoles Next, thedistinctionbetweemrojectve, af ne,
andEuclideanscenaeconstructions explained.Finally, thetopic of cameracalibrationis
brie y coveredfocusingprimarily onthetechniqueshatareusedto calibratetheexamples

presentedaterin thisthesis.

2.1 Images

The term “image” meansdifferentthingsto differentauthors. In this thesis,an image
is de ned to be all of the radiancethrougha single point in space,calledthe centerof
projection.Thisde nition excludes for example,anMCOPimagesinceMCOPsrepresent
theradiancehroughmultiple centersof projection.

Radianceis a measureof power per unit solid angle per unit areain a particulardi-
rection. Thus, animagetypically hastwo dimensionscorrespondingo the degreesof
freedomof directionsthroughapoint. In thisthesisjmagesaredenotedoy theletter| with
anidentifying subscript.The centerof projectionis generallyunderstoodrom the context.

Imagescanbetreatedik e a two-dimensionafunctionfrom anglesto radiancesothe
notation

R Iqgf

meansthat the radiancein the directionspeci ed by q andf throughthe centerof pro-
jection associatedvith | is equalto R. While thereare exceptions[Debesec and Malik
1997],in practiceimagesgenerallycontainquantizedRGB color valuesinsteadof actual
radiancemeasurementsSOR  Rredq Rgreen Roiue » Wherethered, green,andbluevalues
arebetweerD and255inclusive. As a consequenceheterms“radiance”and“color” are

usedinterchangeably
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Realimagesareformedthroughanimagingprocesstypically usingsomesortof cam-
era. In most casesthe sceneradianceis focusedthroughthe centerof projectiononto
a planarimaging surface,whereit is recorded. The recordedradianceis digitized into
a two-dimensionahrray of pixelsfor processingon a computer In this thesis,the two-
dimensionaimageplaneis parameterizetyy the variablesu andv, sothe notationl u v
refersto theradianceat pixel u v inimagel.

The imaging processcan be characterizedy the cameras projectionfunction. The

projectionfunctionmapsdirections q f to pixel coordinatesu v :

u pu g f

% pv q f
Theinverseprojectionfunctionis simplyin theinverseof theaboverelationship Projection
functionsmappinghree-dimensionaloints(ratherthandirections)o pixel coordinatesre
alsocommonlyused.In this casetheinversefunctionis notuniquelyde ned.

The projectionfunctioncanbe any mapping,evena non-linearone. For example,the

projectionfunctionfor theimagein Figurel-1 mapsmostof aunit spherento arectangular
image.However, oneof thesimplestandmostcommonlyusedorojectionfunctionsbelongs

to thesimplepinholecamerawhich is examinedin moredetailin thefollowing section.

2.2 Pinhole Cameras

The pinhole cameramodelis centralto image-basedendering. Realcamerasave com-
plex optical propertiesput for computationakimplicity they aregenerallyrepresentetyy
a simplemathematicamodelknown asthe pinholeprojectionmodel In the pinholepro-
jection model,a camerasimply consistsof a centerof projection(i.e., the pinhole)anda
planarimagingsurface,or imageplane.The cameradormsa planarimage,which consists
of the radiancealongall raysthat passthroughthe centerof projectionandintersectthe
imageplane. Theseraysare calledviewing rays. Oneviewing ray is consideredpecial:
thatis theray thatpasseshroughthe centerof projectionandis perpendiculato theimage
plane.Thisray is calledthe optical axis of the cameraandthe pointat which it intersects

theimageplaneis calledthe principal point (seeFigure2-1).
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Figure 2-1. An illustration of a pinholecamerashaving the centerof projection,the optical axis,
the principal point,andanexampleviewing ray.

2.2.1 Projection Matrix

The pinholecameracanbe conciselyrepresenteavith asingle3 4 matrix, calleda pro-
jectionmatrix. The projectionmatrix transformsa three-dimensiongbointin the “world”

to its two-dimensionatoordinatesn thecameras imageplane:
u PX (2.1)

Here, lowercasesymbolsrepresenthree-dimensionapoints (e.g., image plane coordi-
nates)anduppercasesymbolsrepresenfour-dimensionapoints(e.g.,world coordinates)
or matrices. Thesepointsare representeavith homogeneousoordinatesyhich addan
extradimensiornto eachpoint.

The symbol representgequalityup to scale It is importantto notethat projection
matricesare projectve quantities,and that equality holdsin equation2.1 only up to an
arbitraryscalefactor Correspondinglythethree-dimensionakorld point X is represented
(up to a scalefactor)with four coordinatesX Y Z W T, andthe two-dimensionalmage
pointu is representedith threecoordinatesu v w T. Onecanthink of the“extra” degree-
of-freedomasrepresentinghe scalefactor

The projectionmatrix transformsall world points,eventhose“behind” the camerato
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imagepoints. Theonly exceptionis the cameras centerof projection,which transformgo
0 0 0 T (thezerovectoris neveravalid projective point). Thatis, the centerof projection
is the null-spaceof the projectionmatrix, soonecan nd the centerof projectionof ary

projectionmatrix by computingits null-space.

2.2.2 Parameterizations

A projectionmatrix hastwelve elementsbut only 11 degreesof freedombecausef the
arbitraryscalefactor Thus,onesimpleparameterizatiors simply the eleven elementof
the matrix with the twelfth elementarbitrarily setto 1. This representatiomvorks for all
projectionmatrices gxceptthosewhosetwelfth elements zero,in which casesomeother
elementcanbe setto 1. However, this representatiofs neitherintuitive nor easyto work
with, sootherparameterizationgregenerallyused.
The parameterizatiomostoften usedin this thesisfactorsthe projectionmatrix into
two components:
P AR t (2.2)

whereA is a3 3 matrix that representsnternal propertiesof the camera,and Rt
isa3 4 matrix that representshe positionand orientationof the camerain the world.
Implicit in the useof this parameterizatiors the assumptiorthatthe world is represented
in a Euclideanspace Whenworking with non-Euclidearspacesit is necessaryo usethe
moregeneraparameterizationTheseassuesarediscussedurtherin section2.4.

The positionand orientationconstitutesix degreesof freedom. As shown in the next
sectionthematrix A contains vedegreesf freedomwhichresultsin atotalof 11 degrees

of freedom.

Camerantrinsics

The A matrix is calledthe instrinsicsmatrix for the cameraandit encapsulatephysical

propertiesof the camerasuchasfocal lengthand pixel aspectratio. The A matrix is an
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upperdiagonalmatrix with ve parameters:

fu s ¢
A 0 fy ¢ (2.3)
0 0 1

The diagonalelements,f, and fy, arethe horizontalandvertical focal lengthsof the
camera.For camerasith typical lenses,f, equalsfy (in the caseof digital camerasthe
cameras saidto have squarepixels). In casesvhere f, doesnot equal f, thefraction T
is calledthe aspectratio of the camera.Camerasvith anamorphidenseshave non-unity
aspectratios. Othercommonexamplesinclude miniDV camcorderswhich have aspect
ratio 3.

Theelementg, andc, arethe coordinate®f the cameras principalpointin theimage
plane.In typical camerasthis pointis closeto the centerof the cameras image.However,
this is not alwaysthe case especiallyfor skewed-frustumcamerasor other“camera-lile”
devicessuchasvideoprojectors.

The nal intrinsicsparametes s calledthe skew parameterA non-zeraskew parame-
terindicatesnon-orthogonalityof theimageplanecoordinateaxes.In almostall casesthe
skew parameters zero,whichmeangheaxesareperpendicular

Sincemary camerasiave unit aspectatioandzeroskew, it is commonto useareduced
parametewersionof A consistingof parameterd, c,, andc,. A singleparameterersion
is alsopossibleby assuminghatthe principal point lies at the centerof the imageplane,
but this assumptions generallylessaccurate.

The entriesof A are measuredn the sameunits as the two-dimensionakoordinate
systemof theimageplane. In this thesis,the imageplanehasits origin in the upperleft
cornerof theimage. The positive u-axis s to the right, andthe positive v-axis is down.
The coordinatesarespeci ed in units of pixels. Thus,for animageof W H pixels, the
upperleft pixel hascoordinatesO 0 , thelowerright pixel hascoordinatesWw 1 H 1,
andthe principalpointgenerallyhascoordinateloseto W 2 H 2 .

Oftenit is more cornvenientto specifythe eld-of-view of the cameraratherthanthe

focallength. Thefocallengthof thecamerds directlyrelatedio thecameras eld-of-view.

36



Thesimplerelationis
W

2tan dE

wheregrov is the eld-of-view of thecamerameasuredn radians.

CameraExtrinsics

The secondmatrix of the parameterization, Rt , is simply a rigid transformationthat
mapspointsin theworld to the cameras coordinatesystem.The3 3 submatrixR is an
orthonormalkotationmatrixandthe3 1 subvectort is the origin of theworld coordinate
systemrepresentedn the cameras frame. Note that this formulation of the projection
matrix assumeghat three-dimensiongpoints in the world are representedyy (possibly
scaledversionsof) X YZ 1 T.

The cameracoordinatesystemusedin this thesisis a right-handedsystem.The origin
is locatedat the centerof projection,andthe positive z-axisis alongthe opticalaxis of the
cameraThus,aftertransformationpointswith positive z valuesarein front of thecamera.
Whenlooking along the optical axis, the positive x-axis is to the right, andthe positive

y-axisis down.

2.2.3 Radial Distortion

Thepinholecamerds generallyagoodapproximatiorto arealcamerawith typical lenses.
However, it fails to modelsomeimagingeffectsthat may be importantfor improvedren-
deringquality. Oneof thesenon-pinholeeffectsis radial distortion,which is a nonlinear
stretchingalongradial directionsin the image. Radialdistortionhasthe effect of making
straightlinesin theimageappearcurved. In typical imagesradial distortionbecomesp-
parentonly nearthe edgeof the image,althoughwith wide-anglelensesit canbe quite
apparent.

Therelationshipbetweerundistortedmagepointsu,, anddistortedimagepointsu, is
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generallyexpressedvith a seriesapproximation:

2 |
Uy Uy Uga Kirg
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Theconstantk; arecalledtheradialdistortioncoefcients, andrq  u? vZisthesquared
radiusof the point. In mostcasespnly the rst oneor two radialcoefcients areneeded.
Note that the pixel coordinatesy,, andu, arenot actualpixel coordinates.For these
primed coordinatesthe principal point hasbeensubtractedand a non-unity aspectratio
hasbeencorrected. All of theseissuesare easily handledby pre-transforminghe pixel

coordinatedy theinverseof theintrinsicsmatrix
u; A lug

andrescalingtheresultsuchthatthethird coordinatas equalto one. Of coursetheradial
coefcients ki mustbe calculatedwith this transformationin mind. The actualpixel coor
dinatesof the undistortedpointscanthenberecoveredby transformingwith the intrinsics
matrix,

u, Au,

Giventheradialdistortionparameterst is possibleto undistorttheimagesothatit ts
thestandarginholemodel.In thisthesis|t is assumedhatall imageshave beencorrected

for radialdistortion,unlessnotedotherwise.

2.2.4 InverseProjection Matrix

The projectionmatrix mapsworld pointsto imagecoordinates.Logically, the inverseof
this matrix shouldmap world coordinatego world points. However, this inverseis not
unique,which is clearly seenby noting that multiple world points (i.e., thosealongthe
sameviewing ray) projectto the sameimage coordinates. Thus, an inverseprojection
matrix is de nedto beary 4 3 matrix P thatresultsin identity whenmultiplied by its
correspondingrojectionmatrix:

PP |
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Inverseprojectionmatricesaredenotedwith a superscript .
A simplewayto computeaninverseprojectionmatrixis to rst augmentheprojection

matrix P with afourth row:

Paug

Then,inverttheaugmentednatrixandtakethe rst threecolumnsof theresultasaninverse
projectionmatrix:

1
I:)P I:)aug4 3

This proceduréhasanintuitiveinterpretation.Theaugmentedow P canbeinterpreted
asthe equationof a plane.Theresultinginverseprojectionmatrix mapsimagecoordinates
to world pointson this planeP. This mappingis unique, exceptin the casewhenthe
planeP containsthe centerof projection. However, in this case the planeP is alinear
combinationof the otherthreerows of the projectionmatrix, which resultsin a singular
matrix Payg thatcannotbeinverted.

Whenworking with Euclidearprojectionmatricestheinverseprojectionmatrix canbe
computedn thesameway. Thereis oneinterestingcasewhenP 0 0 0 1 , whichisthe

equationof the planeatin nity . In this casetheinverseprojectionmatrixis

R 1A 1
000

which mapsimagecoordinateso directionsin theworld coordinatesystem.

2.3 Multiple Cameras
The previous sectionscoveredmathematicahotionsconcerninga single camera. In the

following sectionstherelationshipdetweertwo or morecamerasreexplored.

2.3.1 Epipoles

Giventhe projectionmatricesof two or morecamerasit is possibleto computetheimage

of onecameraasseenby another If Cg is the centerof projectionof cameraPy, thenits
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imagein cameraP1 is

ero Pi1Co

This pointis calledthe epipole andit is usefulin mary contexts.

2.3.2 Homographies

A homographysa3 3 matrix thatperformsa projectve changeof basisbetweer? two-
dimensionaprojective spacesintuitively, a homographyimply mapsa two-dimensional
projective point to another In this thesis,homographiesre usedto map pointsfrom the
image plane of one camerato the image planeof a secondcamera. Unlike an inverse
projectionmatrix, which mapsimage pointsto world points, a homographymapsfrom

imagepointsto imagepoints.

Planar Homographies

Of particularinterestis aclassof homographieknown asplanarhomographiesGiventwo
projectionmatricesanda planeequationthe planarhomographyelatingthemis de ned

asfollows:

Hoip PiPgp

This homographymapspointsfrom the imageplaneof Py onto the planeP, andthento
theimageplaneof P1. Planarhomographieareinterestingoecausehey form the basisof

projectve texturemappingwhichis animportantgraphicgool for image-basedendering.

Projective Texture Mapping

In traditionaltexture mappinganartistor designesspeci esanaf ne mappingbetweeran
imageandthe planarsurfacesof a geometricmodel. Then,arenderingprocesformsan
imageof the textured model, usually througha perspectie projectionmatrix. Thus,the
entireprocesf texture mappingcanbe seerasanaf ne mapfrom thetexture coordinate
systemto the model's surfacefollowed by a projectve mapfrom the model's surfaceto
the nal imageplane. Not surprisingly this image-to-imagenappingcan be concisely

representedvith a singlehomography
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Projectve texture mappingtakes this processone stepfurther Insteadof usingan
af ne mapfrom the textureimageto the planarsurface,projective texture mappingusesa
full projectve map(e.g.,aninverseprojectionmatrix). The homographyor a projective
texture mapis speci ed by equation2.3.2,in which Py is the projectionmatrix associated
with the texture image, P is the planeequationof the surface,and P; is the projection
matrix of the viewing camera.

Projective texture mappinghasan intuitive interpretation. One canimaginethat the
texture is “projected” onto a planar“screen”, muchlike a slide from a slide projector
This screens thenviewed from anothewvantagepoint. Image-basedenderingalgorithms
commonlyuse projective texture mappingto map photograph®onto a three-dimensional
model,which is thenviewed from arbitraryviewpoints. Sincealmostall moderngraphics
hardware supportsprojectie texture mapping,it is an attractve procedurefor real-time

implementations.

2.4 Camerasand Scenes

Theprevioussectionshave consideredherepresentationf camerasn termsof projection
matrices. Equally importantis the representatiorf the ervironment,or scene that the
cameragpopulate.Onefactorthatgreatlyin uencesthe designof renderingalgorithmsis
thesceneepresentation.

Considera typical computervision scenario: one hasa set of imagesl;, eachwith
a list of point imagefeaturesu;j. The taskis to recover projectionmatricesand three-
dimensionalworld points (often called structute pointg suchthat the projectionsof the
pointsmatchtheimagesfeatures,

uij PiXj (2.4)

for all imagesandpoints. Assumingperfectdata,a valid solution,alsocalledareconstruc-
tion of thescenewill satisfyequation2.4.

However, equation2.4 doesnot provide enoughconstraintsto uniquely specify the

scenereconstruction For example,thereis aninherentscaleambiguity;it is not possible

to tell if theimagesview the“true” sceneor a miniatureversionof it. Also, thechoicesof
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origin andcoordinateaxesareof coursearbitrary which leadsto differentrepresentations
of the samescene.In general,a reconstructiorof a scenecanbe transformedo yield a

different,but equivalent,representationf thescene.

2.4.1 Euclidean Reconstruction

Whenthereconstructedcendliffersfrom the “true” sceneby arigid transformatiorn(and
possiblya uniform scale),the reconstructions saidto be Euclidean.It is alsoknown as
a metric reconstructioror a strongly calibratedscene.A Euclideanreconstructiorcorre-
spondsto how we perceve the real world. Distancesneasuredrom the reconstruction
correspondo the distancesn the true scene and anglesbetweenelementsof the recon-
structionre ect the true angles. Euclideanreconstructiongre preferredfor image-based
renderingbecause¢hey meshwell with traditionalcomputergraphics.They arealsointu-
itive to work with andeasyto visualize.

Unfortunately from a computervision standpointaccurateEuclideanreconstructions
arealsothe mostdif cult to achiere. Computervision researcherslistinguishthreedif-
ferenttypesof reconstructiongin orderof dif culty to compute):projectve, afne, and
Euclidean.Thethreetypesdiffer in thetypesof transformationsmeededo corvertthere-
constructiorto aEuclidearone.Appropriately anaf ne reconstructiortanbecorvertedto
a Euclideanoneby applyingan appropriateaf ne transformationanda projective recon-
structioncanbe corvertedby applying an appropriategeneralprojective transformation.
Non-Euclideamreconstructionarereferredto asnon-metricreconstructionsr weakly cal-

ibratedscenes.

2.4.2 Non-metric Reconstructions

Considera Euclideanreconstructionconsistingof projection matricesP; and structure
points Xj. Sincethe reconstructionis Euclidean,the parameterizatiorin Equation2.2
canbeused:

uj A R t Xj

42



Corverting this Euclideanreconstructiorto projective is easilydoneby transformingthe

projectionmatricesandthe structurepointswith anarbitrary non-singuladd 4 matrix T:
uji AR t T T (2.5)

It is obviousthatthe projectionequationis still satis ed, althoughthe projectionmatrices
andstructurepointsarenow representeéh a projective space.Thatis, the reconstruction
IS now a projective one.

Generallyonedoesnotcorverta Euclidearreconstructionnto anon-metricone.Non-
metric reconstructiongboth af ne and projectve) satisfythe basicprojectionrelation of
equation2.4, but provide little otherknowledgeaboutthe scene.For example,distances
and anglesmeasuredn thesespacesare not meaningful. They also causeproblemsfor
computergraphics: virtual camerasare dif cult to control in non-metricspacesand z-
buffers becomeuseless.However, becausenon-metricreconstructiongre often easierto
obtain,it is usefulto understandheir limitationsandhow they canbeusedin graphics.

To betterunderstandhe differencebetweenEuclidean,af ne, and projectve recon-
structionsijt is instructive to examinehow to corvert a projective reconstructiorbackinto
a Euclideanone. Given a projective reconstructionthe taskis to recover the unknown
projective transformationt. Withoutlossof generalityassumehatPg hasRg equalto the
identity matrix andtg equalto the zerovector Thenthetransformed?y becomes

i
PoT A T

T3
whereT], T7, andTg arethe rst threerows of the unknavn projective transformation.
AssumingthatA; is known, the rst threerows of the unknavn projective transformation
arereadily available. Thedif culty liesin determiningthe fourth row, whichis the equa-

tion of the planeat in nity Py in the projectve space. Onceit is found, however, the
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reconstructiorcanbetransformedy the projectve transformation

ps 0 0 O
0 00
Ty P4
0O 0 ps O
Py

wherepy is thefourth elementof Py .Thistransformatiorannihilateghefourth row of the

projective transformationyesultingin anaf ne transformatiorthathastheform

t1n tiz t13 tig
T, tor t2 t23 o4
t31 t32 t33 134
0 0 0 1
Of course this af ne transformatiorcanbe further annihilatedto achieve a Euclideanre-
construction.

In practice,corvertinga projectie reconstructiorio a Euclideanoneis not so simple.
First, the cameraintrinsics matrix A is not always known, althoughtechniquesexist for
estimatingPy in the absenceof A [Hartley et al. 1999; Pollefeys et al. 1999]. Second,
estimatingthe planeat in nity , with or without A, is very dif cult to do. The processof
obtaininga Euclideanreconstructiorfrom a collection of imagesfalls underthe topic of

camereacalibration,discussedn the next section.

2.5 CameraCalibration

In this thesis,the entire processof obtaininga reconstructiorof a sceneis referredto
as cameracalibration. Given a collection of images,the goal is to obtaina Euclidean
reconstructiorof thescene A largenumberof methoddor solvingthis problemhave been
documentedn the computetrvision literature. This sectionis not intendedto be a surey
of calibrationtechniquesit merelyoutlinesthe basicapproachhatis usedto calibratethe
imagecollectionsin this thesis.

Calibrationproceedsn threesteps. First, the intrinsic parameter®f the cameraare

determinedusing multiple imagesof a checlerboardpattern. Figure 2-2 shovs example
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Figure 2-2 Examplecalibrationimages.

calibrationimages.The cornersof the checlerboardpatternareautomaticallytracked,and
theresultingfeaturesareusedin Zhangs calibrationalgorithm|[Zhang1998]. Zhangs al-
gorithmcomputeghe veintrinsicparametersf thecameraaswell astwo radialdistortion
coefcients.

The secondstepis to obtaina projectve reconstructiorof the scene.An initial solu-
tion is computedusinga projectie factorizationtechnique Triggs 1996]. The solutionis
re ned usingstandardobustbundleadjustmentechniquegTriggsetal. 2000]. For large
imagecollectionsthesolutionis partitionedinto overlappingsubset®f imagesfor which
independensolutionsarecomputed.Theindependensolutionsareregisteredoy comput-
ing pairwiseprojective transformationghat map eachsolutioninto a commonprojective
frame.While thismethoddoesnot alwaysgive a globally consistensolution,it workswell
enoughin mostsituations.

Finally, thereconstructions upgradedo a Euclideanoneby usingthe known intrinsic
cameraparametersand a procedurefor estimatingthe planeat in nity [Pollefeys et al.
1999]. Unfortunately this procedurenccasionallyfails, in which casethe imagescannot

be usedor mustbeusedin aweakly calibratedsensgseeChapter).

2.6 Summary

This chapterhaspresentedhe basicmathematicabackgroundheededo understandhe

algorithmsin this thesis. The mostbasicprimitive is the image,andthe mostcommonly
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usedcameramodelis the pinholemodel(with perhapsomeradialdistortionparameters).

The pinholemodelis conciselyrepresentethy a3 4 projectionmatrix. This matrix
hasno uniqueinverse;insteada family of inverseprojectionmatricesis de ned, which
is parameterizetby a planeequation. An importantclassof image-to-imagdransforms,
the planarhomographyis de ned in termsof projectionandinverseprojectionmatrices.
Planathomographieform thebasisof projectivetexturemappingakey computegraphics
techniqueor image-basedendering.

ThedistinctionbetweerEuclideanaf ne, andprojective representations explained,
with the Euclideanrepresentatiorbeing the easiesto work with and the mostdif cult
to obtain. Undera Euclideanrepresentationthe projectionmatrix can be factoredinto
intrinsic andextrinsic camergparametersanintuitive andusefulform.

A strati ed approacho cameracalibrationis described.First the cameras instrinsic
parameterarerecovered followedby aprojectvereconstructiorof thescene.Then,using
the camerantrinsic parametersthe planeatin nity is estimatecandusedto upgradethe

reconstructiorfrom projectve to Euclidean.
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CHAPTER 3

Properties of Image-Based Rendering Algorithms

In recentyears,researcherbave developedmary differentimage-basedenderingalgo-
rithms. All of thealgorithmsattemptto solve the samebasicimage-basedenderingprob-
lem: givena collectionof imagesfrom known viewpoints,generatemagesfrom unknovn
viewpoints.

Thesealgorithmshave mary similaritiesanddifferences Althoughall algorithmspur-
port to solve the sameproblem,in mary caseghesedifferencesprecludethe useof one
algorithmin favor of another For example,standardVDTM algorithmsdo not perform
well (in termsof outputimagequality) with large numbersof input images,while light

eld techniquesonly performwell in this case.One could attribute this behaior to vio-
lating the input assumptionef the VDTM algorithm. However, this particularlimitation
is peculiar asit seemgeasonabléo assumehatary IBR algorithmshouldperformbetter
asmoreimagesare available. Understandinghesedifferencess key to developingnew

algorithmsthatproducehigh-qualityimageswith a wide rangeof input con gurations.
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3.0.1 Overview

This chapterinvestigateghesedifferencesetweenalgorithms.It begins by formally pre-
sentingthe particularversionof the image-basedenderingproblemthatis consideredn
this thesis. The discussiornthenturnsto threepropertiesthat help maximizethe e xibil-
ity andutility of the IBR algorithms. To illustrate theseproperties the chapterdevelops
a hypotheticallBR algorithmasa thoughtexperiment. This algorithmis not intendedfor
actualuse,andin fact, it is shovn to be de cient becauseét doesnot properlyexploit the
empty-spacassumption The empty-spacassumptiorsimpli es the solutionof theradi-
ancereconstructiorproblem which is a key sub-problenthat mostmodernimage-based
renderingalgorithmsaddressThe chapterconcludeswith a discussiorof six propertiesof

goodsolutionsto theradiancereconstructiorproblem.

3.1 Thelmage-BasedRendering Problem

IBR algorithmsattemptto solve thefollowing problem:

Givenacollectionof calibratedmagesof a staticsceneanda speci cationfor
anunknowvn view, generateéheimageof thatsceneasseenfrom thatunknown

view.

Of coursetheaborede nition containsanumberf assumptionthatmaketheproblem
moretractable.A “calibrated”imagehasknown internalandexternalcamergparameters,
whicharespeci edin aEuclidearreferencdrame. The“static sceneassumptiorspeci es
thatthereareneithermotionchangesor lighting changewisible in thereferencemages.
Notethatthe actualscenedoesnot needto be static,asthe staticsceneassumptiorcanbe

satis edwith, for example,multiple synchronizedameras.

3.2 DesirablePropertiesfor Algorithm Flexibility

Justfrom thede nition of thelBR problemi,it is possibleto identify certainpropertieghat

enablesomealgorithmsto bemore e xible thanothers.A more e xible algorithmcan,for
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example,handleawider rangeof inputsor generate wider rangeof outputs.

3.2.1 Property #1: Unstructur ed Input

It is desirable€or animage-basedenderingalgorithmto accepinputimagesrom cameras
in generabposition. Onebarrierto the useof mostexisting IBR algorithmsis thecommon
restrictionthattheirinputimagesmustcomefrom camerasrrangedn very speci c spatial
structures.

For example, the original light eld methodassumeghat the camerasare arranged
at evenly spacedoositionson a single plane. This limits the applicability of this method
sinceit requiresa specialcapturegantrythatis bothexpensve anddif cult to usein mary
settinggLevoy etal. 2000]. Otheralgorithmsrequirelinear, circular, cylindrical, spherical,
or othercamergoositionsthatareequallydif cult to achieve precisely

Someresearchersuggestregularizing” the imagesbefore applying a renderingal-
gorithm that requiresregular inputs. For example,the lumigraphpaperdescribesan ac-
quisition systemthat usesa hand-heldvideo camerato acquireunconstrainednput im-
ages[Gortler et al. 1996]. Insteadof renderingdirectly from theseimages,they apply a
preprocessingtep,calledrebinning thatresamplesheinputimagedo virtual sourcecam-
erassituatedon aregulargrid. Rebinninghasat leasttwo dravbacks.First, therebinning
processaddsan additionalreconstructiorand samplingstepto lumigraphcreation. This
extra steptendsto degradethe overall quality of therepresentationSecondthe processof
rebinningreally doesnot solve the problem. Rebinninga lumigraphis equialentto ren-
deringagrid of regularly arrangedovel views from unstructurednputimages.ln essence,
to rebina lumigraphoneneedgo know how to renderfrom anunstructurecollectionof
imageswhichis the problemthatrebinningis intendedo circumwent.

Algorithmscouldbemadeevenmore e xible by remaoving therequirementor strongly
calibratedcamerasSinceit is generallyeasierto obtainweak(or no) calibration,suchal-
gorithmscouldbeusedwith datafor which calibrationis notavailableor dif cult to obtain.
Unfortunately usingweakor no calibrationstronglyimpactsthe propertydiscussedn the

following section,“Natural Navigation” Nonethelessrenderingwith weakly calibrated
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camerass useful,andit is discussedn detailin Chapter6.

3.2.2 Property #2: Natural Navigation

One often-overlooked aspectof the image-basedenderingproblemis the speci cation
of the outputview. In orderfor an algorithmto be generallyuseful, it shouldbe easy
andnaturalto specifythe outputview. Computergraphicsresearcherareaccustomedo
controllingthe position,look direction,and eld-of-view of therenderingcameraandthe
IBR algorithmshouldnotrestrictthis freedom.

Generally navigation only becomesa problemwhen dealingwith weakly calibrated
camerasThescenanayberepresentetty a non-Euclideameconstructionin which case
it is dif cult to specifya desiredcameraprojectionmatrix that actually correspondso a
realisticcamera.

Theview morphingalgorithm[SeitzandDyer 1996]is agoodexampleof analgorithm
with a restrictve navigation mode. View morphingusesonly weakly calibratedcameras
(justafundamentamatrixis required) but it limits the positionof thevirtual camerao be
on the line connectinghe two input cameras As a result,view morphingcansynthesize

corvincing linearmotions,but it haslimited suitability to othertasks.

3.2.3 Property #3: Real-Time Performance

It is alsodesirablghattheimage-basedenderingalgorithmrun atinteractve rates.While
this propertyis desirablefor almostall computergraphicsalgorithmsi,it is especiallytrue
for image-basedenderingalgorithms which have beenbilled asreal-timealternatvesfor
photorealistiggraphics.

Typical applicationsof IBR algorithmsrequirehigh performanceFor example,jmage-
basedalgorithmsare often tamgetedat immersve, virtual reality applicationsan which re-
sponsvenesss very important. They are also usefulfor three-dimensionatlisplaysand
videoprocessingpplicationspothof which requirereal-timeperformance.

Furthermoremostexisting image-basealgorithmsrun an interactve rates. It is rea-

sonableto expectnew algorithmsto ensurethatimagesarestill computecdef ciently .
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3.3 A Hypothetical Algorithm

Toillustratetheabove propertiesconsiderahypotheticaimage-basecenderingalgorithm.
Theinputto this algorithmis a collectionof imagesl; andtheir correspondingprojection
matrices:

Pi Al R t

It is assumedhattheinputimagesarescatteredandomlythroughouthethree-dimensional
region of spacean which navigationis desired.Thevirtual imageis speci edwith another
projectionmatrix,

POLt AOLt Rou tou;

In this hypotheticalalgorithm,the virtual imageis formedasa linear combinationof
four warpedinputimages. The algorithm rst selectsfour imagesthatare “close” to the
virtual image.Thentheseimagesarewarpedsothattheir orientationsarecompatiblewith
thevirtual image.Finally, thefour imagesareblendedogetherto form thevirtual image.

Formally, the virtual imageis de ned by thefollowing equation:
low WiHili  wjH;jl;  wiHile  wiHl

wherely arethefourimagesHy arehomographiethatwarptheimagesandwy areweight-
ing factorsthatsumto one.

The four “closest”inputimagesl;, 1j, Ik, andl; aredetermineddy usinga tetrahedral
decompositiorof space. First, the three-dimensiongbositionsof the input camerasare
connectedn a tetrahedramesh(muchlik e a triangulationof two-dimensionapointsin
the plane). The desiredvirtual cameracanthenbe localizedto within onetetrahedractell
in the mesh(in this algorithm, virtual views are limited to within the corvex hull of the
input cameras).The four cameragorming the verticesof this cell areusedfor theimage
interpolation,and the four weighting factorsare just the barycentriccoordinatesof the
virtual cameras locationwithin thecell.

Beforeforming thelinearcombinationjt is necessaryo warptheinputimagessothat

their orientationsandinternalparametersnatchthoseof thevirtual view. Assumingplanar
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projectioncamerasthis warpis accomplishedby applyingthe following homography:
Hi  AotRouR; A1

Intuitively, this algorithm simply blendstogetherfour input imagesthat “surround”
the desiredvirtual image. Of the four, the imagesthatare physicallycloserto the virtual
cameracontribute morethanthosethatarefartheraway.

In termsof the previously discussegroperties this algorithmdoesvery well. It ac-
commodategsamerasn generalpositionbecauseat usesa tetrahedrameshto determine
interpolatiomneighborhoodsatherthana x edregularstructure It alsohandleslifferences
in cameraorientationby usingahomographyo warpimagesbeforeinterpolation.Thevir-
tual cameracanbe completelyspeci ed usinga simple Euclideanprojectionmatrix, and
thealgorithmwould betrivial to implementin real-timeon moderngraphicshardware.

However, underthe surface this algorithmhasseriousa ws. Thesea ws areprimarily

dueto thefactthatthe algorithmdoesnot exploit the empty-spacassumption.

3.3.1 The Empty-SpaceAssumption

A typical sceneconsistsof opaqueobjectsthat arearrangedn empty space. Of course,
the spaceis not really empty; it containsair, which is generallyassumedo be a non-
participatingmedium Thisassumptiomeanghatthecolor of apointin thesceneaemains
the sameno matterthe distancefrom which it is viewed. In otherwords,the transmission
medium(air) doesnot changeheradiancehattravelsthroughit.

This assumptioraboutemptyspace(i.e., thatit is non-participating)s very important
for image-basedenderingalgorithms.It turnsoutthattherearevery few scenegor which
this assumptiordoesnot at leastpartially hold. For example,sceneswith participating
media,suchassmole or water oftenviolatethe staticsceneassumptionandthusthey are
alreadyconsiderednvalid. In othercasessuchasoutdoorsceneswith distanthaze,the
effect maynot benoticeablan thedesirednhavigationregion.

Exploiting the empty-spacassumptiorgivesanimage-basedenderingalgorithmtwo
adwantageskFirst, it allowsthealgorithmto utilize potentiallyall inputimagesto form the

highestquality virtual image. As an example,considerrenderingan virtual imagefrom
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acollectionof N inputimages.The virtual imagecanbe consideredo be a collectionof
viewing rays(say onefor eachpixel in theimage).Thetaskis to determingheradiancepr
color, alongeachof theviewing raysin thevirtual image.A speciakubsebf theseviewing
raysconnecthecenterof projectionof thevirtual camerao the centerf projectionof the
N inputcamerasTheemptyspaceassumptiorllowsthecolorsalongtheseN viewing rays
to be determinedxactly, becausehesecolorshave beendirectly obsened by the N input
camerasNotethatasN increasesthe colorsalongmoreviewing rayscanbe determined
exactly. Thus,the“error” in the virtual image(e.g., measuredsthe squaredifference
from the unknownn true image)decreaseasthe numberof inputimagesincreasesin the
limit asN ¥, theexactvirtual imagecanberecovered.

Thesecondandmostsigni cant, advantageof theemptyspaceassumptioris thatit al-
lowsfor areductionin dimensionalityof therenderingalgorithm'sinputdata.In the hypo-
theticalalgorithm,the input dataconsistf two-dimensionalmagesscatteredhroughout
three-dimensionadpacea ve-dimensionatlatastructure. By utilizing the empty space
assumptionthedimensionalitycanbereducedo four. Considera collectionof N cameras
thatarescattereglongatwo-dimensionasurfacethatencloses corvex volumeof space.
For ary virtual view insidethevolume,the cameraslongthe surfacecontributeN viewing
raysto image. As N increasesmoreviewing raysare available. In thelimit asN ¥,
the exact outputimage can againbe recovered, but in this casethe cameragopulatea
two-dimensionasurfaceinsteadof a three-dimensionalolume.

Of courseregardlessf the organizationof theinput cameraspracticalrenderingsys-
temscannot expectanin nite numberof input cameras Currentsystemaypically work
with imagesnumberingin the hundredgo thousandsbut sometimesnuchless. Typical
outputimagescanhave a million pixels,which meanghatat bestonly 0 1% of the pixels
canbecoloredexactly. Theremaining99 9% of the pixelsneedto recoveredfrom therest

of theinputdataby solvingtheradiancereconstructiorproblem

3.4 The RadianceReconstructionProblem

Theradianceaeconstructiorproblemis de ned asfollows:
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Figure 3-1: (a) Unknown radiancegbold arronvs) canbe determinedrom known radianceslong
ary setof “nearby”rays(dottedarrans). (b) It is simplerto useonly correspondingays,whichare
de nedto beraysthatintersecin acommonpoint ontheunknavn ray.

Givenacollectionof calibratedmagesof a staticsceneanda speci cationfor

anunknown ray, determingheradiancealongthatray.

The radiancereconstructiorproblemis closely relatedto the image-basedendering
problem. In fact, given a solutionto the radiancereconstructiorproblem,it is simpleto
solvethelBR problem:simply determingheradiancealongall viewing raysin thedesired
outputimage. Many IBR algorithmstake this approachjncluding the onesdevelopedin
thisthesis.

Therearemary possiblewaysto attackthe radiancereconstructiorproblem. For ex-
ample,the hypotheticaklgorithmof section3.3formsthe radiancealongan unknown ray
asthe weightedsumof radiancedrom parallelraysin four neighboringinputimages.In
general,arny setof raysfrom the input imagescould be usedto solve the problem(see
Figure3-1a).

To keepthe analysissimpler, the techniquegiescribedn this thesisdeterminethe un-
known radianceasa weightedsumof radiance®f correspondingriewing raysin theinput

images. In this contet, viewing rays correspondf they all intersectat a single pointin
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space. Equivalently, this simpli cation canbe seenaschoosinga specialreconstruction
pointalongthe unknavn ray aroundwhich theradianceas estimatedseeFigure3-1b).
Restrictingattentionto a single point on the ray hasa numberof adwvantages First, a
setof radianceghrougha singlepointis simply animage,so existing imageanalysisand
reconstructiortechniquesanbe broughtto bearon the problem. Secondwhenthe point
happendo lie onthesurfaceof anobject,theradiancevariationobeys certainwell-studied
rulesrelatingto the surfacere ectanceandtheillumination of the scene.Theserulescan
be usedto improve thereconstructionThird, theinput raysthatintersecthis point canbe
orderedverysimplyaccordingo theirangleselativeto theunknavn viewing ray. Thisfact
turnsout to be importantbecauseayswith smalleranglestendto have the bestestimates

for theunknawvn radiance.

3.5 DesirablePropertiesfor RadianceReconstruction

Therearea numberof propertieghata goodsolutionto the radiancereconstructiorprob-
lem shouldhave. Following theseguidelinescanhelpensurehata radiancaeconstruction

algorithmgivesthebestpossibleresultsin awide variety of situations.

3.5.1 Property #4: Useof Correspondence

Whenpixel correspondencis known, it shouldbe exploitedto determinethe reconstruc-
tion pointontheunknawn ray (seeFigure3-2). This pixel correspondenceanbespeci ed
in avarietyof ways,suchasageometrianodel,adepthmap,or anoptical ow eld. Since
theBR problemassumes staticscenepixel correspondencgenerallyimpliessomesort
of x edgeometrywhichis therepresentatiomostcommonlyusedin thisthesis.

In this thesis,suchapproximategeometricinformationis called a proxy. The term
proxy is usedto emphasize¢hatthe geometryis just a stand-infor the true geometryand
that the proxy may in fact be an extremely coarseapproximation.As shavn in [Isaksen
et al. 2000; Chai et al. 2000], the proxy neednot be exactwhenmary input imagesare

available.Cornversely whenfew imagesareavailable,the proxy requiresmore delity .
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Figure 3-2 Whenavailable, approximatgeometrianformationshouldbe usedto determinenhich
sourcerayscorresponadvell to adesiredray. HereC;  Cg denotethe positionsof referencecam-
eras,andC, is thevirtual viewpoint whose eld-of-view is shavn asa graytriangle. The proxy is
representewvith agrayshape.

To understandhe role of the proxy in radiancereconstructionconsiderthe caseof a
perfectly Lambertianscene.In this case,it is well-known that the color of a scenepoint
doesnotdependntheviewing direction. Thus,if thereconstructiompointis ontheproxy,
thenall of theknown viewing raysobsene the sameradianceandonly oneobsenationis
neededo reconstructhe correctradiance.

In the caseof animperfectproxy, thereconstructiompointmaylie in front of or behind
the true scenesurface. The known viewing raysthendo not intersectthe true geometry
in a singlepoint, but ratherin anareaon the surface. If this surfaceareais small, thenit
is morelikely thatit is hasa nearlyuniform color. If the intersectionareais large, then
the known viewing rays may actually intersectmultiple regions of different colors (see
Figure 3-3). In the former case,the radiancereconstructions likely to be good despite
theincorrectgeometry In the latter case the reconstructiorwill be poor. In both cases,
the areaof intersectioncan be madesmallerby improving the proxy, leadingto a better

radiancaeconstruction.
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Figure 3-3: The proxy is a coarseapproximationto the true scenegeometry which in this case
consistsof multi-coloredboxesandovals. Sincethe proxy is not exact, a point on the proxy may
be seenwith differentcolorsfrom differentreferencecamerasin this case somecameraseethe
greencolorwhile othersseetheyellow color.

3.5.2 Property #5: Angle-BasedView-Dependence

The areaof intersectioncanbe madesmallerin anothemway: by reducingthe anglesbe-
tweentheknown viewing raysandtheunknown ray. Rayswith smallerangulardifferences
aremuchlesssensitve to errorsin the proxy, asthey “spreadout” lessasthe proxy devi-
atesfrom the true geometry The behaior helpsexplain the inverserelationshipbetween
numberof-imagesandquality-of-geometry As the numberof imagesincreasesthereare
moreknown viewing raysthatareangularlycloseto theunknowvn ray.

The angularclosenes®f viewing raysis evenimportantwhenthe scenegeometryis
known. Considerthe caseof a non-Lambertiarsceneandprecisegeometry Theradiance
obsenred at the reconstructiorpoint may vary with the viewing angle(e.qg., becauseof
specularhighlightsor otherre ections). In general,one shouldreconstructhe radiance

usingraysthatview thereconstructiorpoint at ananglecloseto thatof the unknowvn ray;
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Figure 3-4: The “closest” ray measuredy distancedl; andd, is not necessarilythe closestone
whenmeasuredby anglesq; andagp.

justasin the casewith a poorgeometryproxy.

Clearlyin a morerealisticsetting,suchasa non-Lambertiarscenewith unknovn ge-
ometry the radiancereconstructioralgorithm shouldconsidervery strongly the angular
deviationsof theknown viewing raysfrom theunknown one. Thatis, thealgorithmshould
try to reconstructhe radiancein a view-dependentvay. View-dependencéastwo as-
pects: rst, known viewing raysthatareclosein viewing angleto the unknavn ray should
beweightedmoreheaily in thereconstructionSecondtheseweightsshouldfall off very
quickly astheangulardifferenceincreaseslincludingtoo mary radiancemeasuremenis
the reconstructiorcanleadto excessve blurring andreductionof view-dependengffects
suchashighlightsandre ections.

Interestingly the light eld, lumigraph,andother“cameramanifold” renderingalgo-
rithmsthat selectraysbasedon how closethe ray passego a sourcecameramanifold do
not always favor the angularly closestradiancemeasurementsAs shovn in gure 3-4,
the“closest”ray measuredy distancesl; andd, is not necessarilyhe closestonewhen
measuredy anglesq; andgy. While this problemis not very noticeablewith traditional

light eld techniquesit canbecomea problemwith irregularcameramanifolds.

3.5.3 Property #6: Epipole Consistency

Relatedto the notion of view-dependences theideaof epipoleconsistenyg, which wasal-
ludedearlierin thediscussiorof the hypotheticarenderingalgorithm.Whena desiredray

passeshroughthe centerof projectionof a sourcecamerat canbetrivially reconstructed
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Figure 3-5. Whena virtual viewing ray passeshrougha referencecameracentey that reference
camerashouldcontritutetheexactcolorto thevirtual image.Herethis caseoccursfor camera€y,
C,, C3, andCsg.

(assuminga sufciently high-resolutioninputimageandthe ray falls within the cameras
eld-of-view) (seeFigure3-5). In thiscaseanidealalgorithmshouldreturnthe exactcolor
from the sourceimage. This propertyis calledepipoleconsisteng becausehe pixels for
which colorscanbe exactly reconstructedre simply the epipolesof theinput camerass
seenby thevirtual camera.

An algorithmwith epipoleconsisteng canreconstructhesespeciakayscorrectlywith-
out arny geometricinformation (the angulardifferenceis zero). With large numbersof
sourcecamerasalgorithmswith epipole consisteng can createaccurateoutputimages
with essentiallyno geometricinformation. Light eld andlumigraphalgorithmsare de-
signedspeci cally to maintainthis property which is why they are well-suitedto large
imagesets.

Surprisingly mary real-timeVDTM algorithmsdo not ensurethis property even ap-
proximately andtherefore will notwork properlywhengivenpoorgeometry The algo-
rithmsdescribedn [Pulli etal. 1997;Darsaetal. 1997]reconstructll of theraysin a x ed

desiredview usinga x edselectionof threesourcemagesbut, asdescribedn Section3.3,
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properreconstructiorof a desiredimagemay involve using someraysfrom eachof the
sourceimages.Thealgorithmdescribedn [Debevecet al. 1998]alwaysusesthreesource
camerado reconstructll of the desiredpixels on a single polygon (ratherthana single
point) of thegeometryproxy. This approactdepartdrom epipoleconsisteng if the proxy
IS coarse.

Generally satisfyingthe view-dependenceropertyimplies thatan algorithmsatis es
epipoleconsistenyg, at leastapproximately However, it is possiblefor an algorithmto
satisfyepipoleconsisteng without strictly satisfyingthe view-dependencproperty This
situationoccursin the algorithmof Heigl et al. [Heigl etal. 1999]. This algorithmusesa
pointontheproxyto determinecorrespondingays.However, insteadbf measuringangular
differencegelative to this point, it measuresngulardifferencegelative to the positionof
the desiredcamera.While this procedurevorks with somecameracon gurations,it does

notwork with arbitrarycameracon gurations.

3.5.4 Property #7: RadianceConsistency

Throughary emptyregion of spacethe ray alonga givenline-of-sightshouldbe recon-
structedconsistentlyregardlesf the viewpoint position(SeeFigure3-6). This property
stateghatthe radiancereconstructioralgorithmshouldenforcethe empty spaceassump-
tion. This propertyoftenholdsfor algorithmsthatalwayschoosethe samereconstruction
pointontheunknown ray (e.g.,the point of intersectiorwith the proxy), but not always.
As mentionedn the previous section,the algorithmof Heigl et al. [Heigl etal. 1999]
useghecurrentdesiredcamerdocationasthe pointfor measuringangulardifferencegthe
algorithmactuallyusesa measuremerih theimageplaneof the desiredcamerawhichis
eqguialentto ananglemeasure) Figure 3-6 illustratesthe problem: two desiredcameras
thatsharea desiredviewing ray have different“closest”camerasthereforegiving different

reconstructionsAs aresult,the algorithmdoesnot satisfyradianceconsistenyg.
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Figure 3-6. Whenray angleis measuredn the desiredview, onecangetdifferentreconstructions
for the sameray. The algorithmof Heigl et al. would determineC, to be the closestcamerafor
Cy1, andC; to betheclosestcamerdor Cy,. Theswitchin reconstructionsccurswhenthedesired
camergpasseshedottedline.

3.5.5 Property #8: Continuity

Reconstructiorcontinuityis very importantin image-basedenderingfor avoiding render
ing and animationartifacts. Thereare two notionsof continuity: spatialand temporal.
Spatialcontinuity refersto continuity in the reconstructiorof a singleimage. Individual
pixel color valuesshouldbe reconstructe@ccordingto underlyingcontinuousbasisfunc-
tions. Temporalcontinuity refersto the evolution of thereconstructedmagesovertime. If
the desiredcameramovesin a continuousmanney thenthe imagereconstructionshould
evolve continuouslyaswell. In mostapplicationsminimal C® continuityis sufcient for
pleasingesults.

Spatialandtemporalcontinuity follow directly from the continuity of the radiancere-
constructionalgorithm. Considertwo pointsin space:a desiredcameralocationand a
geometricproxy point. Thesetwo pointsde ne a viewing ray for which the radianceis
to be reconstructed.To ensurespatialcontinuity, the radiancereconstructiorprocedure

shouldbe continuouswith respecto smallchangesn the proxy point. To ensuregemporal
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continuity, the procedureshouldbe continuouswith respecto changinghevirtual camera
location.

Somealgorithmsdo not guaranteeontinuity of reconstructionThe VDTM algorithm
of [Deberec et al. 1998] usesa triangulationof directionsto sourcecamerado pick the
“closestthree” camerador radiancanterpolation.This proceduredoesnot provide spatial
continuity when evaluatedat differentpoints on the proxy. Nearbypoints on the proxy
canhave very differenttriangulationsof the “sourcecameraview map” resultingin very
differentreconstructionsWhile this objectve is subtle,it is nonethelesgmportant,since

lack of suchcontinuity canintroducenoticeableaartifacts.

3.5.6 Property #9: Sensitvity to Non-ldeal Effects

Thepreviousdiscussionsf theemptyspaceassumptiorandradianceeconstructionmake
some“ideal” assumptionsk-or example,it is implicitly assumedhatcamerashavein nite
resolution,360 degree eld-of-views, andthat they perfectly samplethe radianceof the
ervironment. Unfortunately real camerashave nite resolution, nite eld-of-views, and
they actuallyintegrateradianceover the areaof a pixel.

Thesenon-idealeffectsoftenviolatethe emptyspaceassumptionFor example,a low-
resolutioncameramay obsene a differentcolor thana high-resolutiorone,evenalongthe
samedirection. Or, a cameramay not obsere the color at all becauset falls outsideof
its eld-of-view. Furthermorethe emptyspaceassumptiorcanbe violated by occlusion
interactions.Two camerasnay obsene differentcolorsbecaus®f aninterveningopaque
objectbetweerthem.

While theseeffects are often so minor asto be ignored,a good algorithm shouldbe
sensitve to their impact on the image quality. In addition, it is importantto maintain

continuitywhile handlingtheseissues.

Resolution

In reality, imagepixelsarenotreally measuresf asingleray, butinsteadanintegral overa

setof rayssubtendinga smallsolid angle(SeeFigure3-7). For example,if asourcecamera
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Figure 3-7. Whencamerasave differentviews of the proxy, their resolutionrelative to thevirtual
view differs. Herecamera€£; andCs have differentresolutiondecaus®f their distancegrom the

proxy.

is far away from anobsenred surface,thenits pixelsrepresenintegralsover large regions
of thesurface. If theseray samplesareusedto reconstruct ray from a closerviewpoint,
anoverly blurredreconstructiorwill result(assuminghe desiredandreferenceayssub-
tendcomparablesolid angles).Resolutionsensitvity is animportantconsideratiorwhen
combiningsourceraysfrom camerasvith differentfocal lengths,or whencombiningrays
from cameraswith varying distanceandobliquenesselatie to the imagedsurface. It is
seldomconsideredn traditionallight eld andlumigraphrendering sincethe sourcecam-
erasusuallyhave commorfocallengthsandarelocatedroughlythesamedistancdrom ary
reconstructedurface.However, whenusingunstructurednput camerasa wider variation
in camera-to-sudcedistancesanarise,andit is importantto considerimageresolution
in theradianceeconstructiorprocessTo date,noimage-basedenderingapproachebave

dealtwith this problem.
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Field-of-View

Somecamerasnay not seethe reconstructiorpoint andconsequenthgshouldnot be used
in theradiancereconstructioralgorithm. This situationis easyto checkfor, but caremust
betakenthatthe eld-of-view is accountedor in away thatpreseresreconstructiorcon-
tinuity. For example,the contritution dueto ary particularcamerashouldfall graduallyto

zeroasoneapproachethe boundaryof its eld-of-view [Debevecetal. 1996].

Visibility

With ahighly accurategeometrianodel,thevisibility of any surfacepointrelativeto apar
ticularsourcecameracanalsobedeterminedIf acameras view of thepointis occludedoy
someotherpointonthegeometrianodel,thenthatcamerashouldnotbeusedin therecon-
structionof the desiredradiance Whenpossible jmage-basedlgorithmsshouldconsider
visibility in their reconstruction.Again, it is key to incorporatevisibility informationin

suchaway asto notviolatethe continuityrequirementasin [Raskaretal. 1999].

3.6 Summary

This chaptetasintroducedhetwo problemshataretackledin thisthesis. Thetheimage-
basedrenderingproblemis the basicproblemthatthe algorithmspresentedn this thesis
solve. Theradianceeconstructiomproblemis akey sub-problenwhosesuccessfusolution
canbeusedto solve thelargerimage-basedenderingproblem.

Marny researchertiave proposedalgorithmsfor theseproblems. However, mary of
thesealgorithmshave restrictionson theform of theinputs,restrictionson the type of out-
puts,or sub-optimalimagequality. In light of this situation,this chapteroutlinesa setof
nine propertieghatan IBR algorithmshouldhave in orderto be usablewith awide array
inputsandoutputswhile maintaininghighimagequality. Table3.1 summarizefiow exist-
ing IBR algorithmsstackup againsthe desiredproperties The propertiesaresummarized
in Table3.2.
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Table3.1: Propertief existing multi-imagelBR algorithms.'Theinputimagesarereg-

ularizedin a pre-processingtage.?The angularweightingschemedoesnot handledense
imagecollections.3Theimagesmustberecti able. *Resolutiormismatchis notmeasured
relative to thevirtual view. °A real-timeimplementations suggestetiut notdemonstrated.

SExtremelyaccurategeometryis required.
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Property

Description

Unstructured Input

Allows the algorithmto useimagesandgeometryin

ary arrangement.

Natural Navigation

Allowsfor e xible speci cationof thedesiredvirtual

view.

Real-time Performance

Allows the algorithmto be usedin interactve appli-

cations.

Useof Correspondence

Improves radiancereconstructionwhen the density

of imagess low.

Angle-BasedView-Dependence

Improvesradiancereconstructionwhenthepixel cor

respondencée.g.,geometry)s poor.

Epipole Consistency

Ensureghatthealgorithmreproduceds inputs.

RadianceConsistency

Ensureghatthe algorithmexploits the empty-space

assumption.

Continuity

Minimizesartifactsby ensuringspatialandtemporal

continuityin radiancereconstruction.

Sensitvity to Non-ideal Effects

Allows the violation of properties4—8 to deal with

eld-of-view limitations, nite resolution etc.

Table3.2: Nine desirablepropertiefor animage-basedenderingalgorithm.
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CHAPTER 4

Optimal Radiance Reconstruction

Theradiancereconstructiorproblemis importantfor image-basedenderingandit lies at
the heartof the new unstructuredumigraphrenderingalgorithmdescribedn Chapters
of this thesis. This chapterinvestigatedlifferent“optimal” solutionsto the radiancere-
constructionproblem. Thesesolutionsdiffer in how faithfully they adhereto the desired
propertiesoutlinedin Chapter3. Ultimately, approximationgo theseoptimal solutions

form thebasisof the unstructuredumigraphrenderingalgorithm.

4.0.1 Overview

Thechaptelbeginsby consideringa linear minimummean-squared-errestimatorfor the
unknavn radiance.This problemis simpleto solve if the correlationfunction of the data
is known. In the IBR casethe exact correlationfunction is not known, but a reasonable
approximationcanbe taken from theimagemodelingliterature. This solutionto the radi-
ancereconstructiorproblemsatis esmary ideal propertiefrom Chapter3, but it doesnot
handlenon-idealeffects,suchas nite elds-of-view andresolutionmismatchedetween
cameras.

To dealwith this de ciency, the imagecorrelationfunctionis generalizedo account
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for differencesn eld-of-view andresolution.Simpledissimilarity measuresor eld-of-
view andresolutionareproposedandthecorrelationfunctionis modi ed to take theminto
account.This modi cation resultsin a radiancereconstructiorprocedureghatcanhandle

non-idealeffectsandthatis easilygeneralizedo othernon-idealeffects.

4.1 Linear Minimum Mean Squared Err or Estimation

Theradiancereconstructiorproblemis dif cult to solve. In general,t is possibleto con-
struct pathologicalcasesn which the unknonvn radianceis completelyunrelatedto ary
obsenred radiances. However, thesecasesdo not occur frequently andit is reasonable
to considerestimatingthe unknovn radianceasa linear combinationof known radiances,
whichis theapproachakenin this thesis.This approachyenerallyworkswell in practice,
especiallywhenthe reconstructiorpoint is chosensuchthat the radiancethroughit is a
smoothfunction.

Considera reconstructiorpoint in space. This point andall the radiancethat passes
throughit constituteanunknavnimagel. By parameterizinglirectionswith two anglesq
andf, | canbeconsideredifunctionl g f from directionsto radiance.

Underthe empty spaceassumptiona setof N known imageslj providesN radiance
sampleoftheunknovnimagel . Thesesampleganberepresentely thedirection q; f |
from the unknonvn imageto the known one. Thus,givenanarbitrarydirection q f , the

taskis to determinea setof linearweightsw; suchthat
Faf  wilgifs wal gfo LUNURCINIAY

is the“best” estimateof theunknown radiancd g f .

Therearemary possiblenotionsof “best; andthe particularchoicedepend®ntheap-
plication. Onecommonlyusedcriterionis to minimize the averagesquareckerrorbetween
the estimateandunknown quantity Sincethe unknavn quantityis, of course not known,
themean-squared-errdMSE) is de ned in a statisticalsensaisingthe notionof expected

value:
2

N
ewee qf E 1 qf §wlgf;
i1
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Theerroreyss q f issimplyaquadraticexpressionn theunknaovn weightingfactors
w;j. Thiserrorcanbeminimizedby takingderivativeswith respecto theunknovn weights
andexploiting the linearity of the expectedvalue operatorE . The following systemof

linearequationss found,

Elqil1 E 112 =R EYIN W1 E 11
E lal E Il E Il W E ol

'21 '22 ?N .2 '2 (4.1)
Elinlt Elnl2 EInIN WN E Inl

wherethe shorthandhotationE Il standsfor EI g fj | gc fx andEI;jl standsfor
Elqifjlqf

In orderto solve this equationjt is necessaryo know thefunction

Raogfigf, Elgifilagfo (4.2)

whichis known asthe correlationfunctionof imagel . Intuitively, the correlationfunction
describeshow similar two “pixels” (or radiancevalues)in imagel are expectedto be.
Thus,the matrix on theleft handsideof equatiord.1 canbe seenasa similarity matrix S
measuringhe expectedsimilarity of all pairsof known radiancesamples.Lik ewise, the
vectorontheright handsideof equation4.1 measureshe expectedsimilarity betweerthe
unknowvn radianceandthe known radiances.

The solutionto equatiord.1 resultsin the optimal weightsfor radiancereconstruction
in the minimummeansquarecerror (MMSE) senseln mary casesit is desirableio have
a solutionin which the weightssumto one. This propertyis useful, for example, for
maintainingconstanintensitylevelsduringrendering.

Lagrangemultipliers canbe usedto computethe optimal weightssubjectto the con-

straintthatd ;w; 1. Doingsoleadsto anequationof theform
Swy vy |

whereS is the similarity matrix, wq is the new weightvector y is the original right-hand
side,and| is aconstantaddedo eachelemenibfy. Theconstant is givenby
aijsj
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wheres jisthe i j th elemenof S 1. This procedureyivesoptimalweightssubjectto the
constraintputit requireshatS * beexplicitly computed Althoughsub-optimaljt is often
mucheasieto simplyrenormalizeéheweightssothatthey sumto one. Therenormalization

approachs usedin this thesiswith goodresults.

4.1.1 Correlation Functionsfor Images

The correlationfunctionfor animageis generallyunknovn. However, a few assumptions
canbe madeaboutits form. First, it is generallyassumedhatthe distribution of radiance

valuesin animageis stationary Mathematicallystationarityimpliesthat
Rafigfz RO0g: agifz fi

or thatthe correlationfunctiondepend®nly onthedifferencein its agumentsin thecase
of imagesparameterizetly q f , stationaritymeanghatchanginghe“yaw” and“pitch”
anglesof the cameradoesnot changehe statisticsof theimage. This assumptiorreduces
thedimensionalityof the correlationfunction by two.

Furthermorejt is generallyassumedhat the two-dimensionaktorrelationfunction is
rotationallyinvariant,reducingts dimensionalityto one. Intuitively, thismeanghatchang-
ing the“roll” angleof the cameradoesnot affect theimagestatisticseither Now the cor-
relationfunction hasthe form R, q , which measureshe expectedsimilarity in radiance
betweerntwo pixelsseparatedby theangleq.

Evenin its simpli ed form, thecorrelationfunctionis nottrivial to determinelf alarge
collectionof representatie imagesis available,thenthe correlationfunction canbe esti-
mated.However, sucha correlationfunctionis valid only for images‘similar” to thosein
the original collection. This posesa problemfor radiancereconstructionsincethe recon-
structionpointgenerallydoesnot correspondo aknown image(i.e., it is generallya point
onthe geometrigoroxy). In fact, it is likely thatreconstructiorpointslie very closeto the
scenegeometrywhich would resultin a setof imageswith drasticallydifferentstatistics
from theinputimages.Thus,adifferentsourcefor the correlationfunctionis neededsuch

asaparametriamagemodel.
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Figure 4-1: Two exampleimagesgeneratedrom thefalling-leavesimagemodel.

4.1.2 An Image Model for RadianceReconstruction

Image modelsoffer a conciseway to describethe statisticsof animage. With a small
numberof parameteranimagemodelcandescribeghestatisticye.g.,correlationfunction,
joint co-occurrencdunction, etc.) of animage,assuminghe appropriateparametersire
used. In this thesis,a simpleimagemodelis usedto derive an analyticalexpressionfor
the correlationfunction of animage. This imagemodel,aninstanceof the moregeneral
falling-leavesmodel[Cowan and Tsang1994], hastwo parametershat canbe variedto
accommodata wide rangeof behaiors.

The generaffalling-leavresmodelis a constructve imagemodel. Thatis, theimagesit
modelsaredescribecconstructvely ratherthanmathematically The falling-leavesmodel
is effective becausehis constructiorprocessnimicsthe processy which realimagesare
made.

Thefalling-leavesmodelmodelsimageshatareformedin thefollowing way. Imagine
anin nite imageplane.Flattwo-dimensionabbjectsaredroppedontotheplaneatrandom
locationsandorientationsoverlappingpreviously droppedobjects. The objectscanhave
randomsizesandcolors. After awhile, theimageplaneis entirelycovered,andthebalance

betweemew objectsandold reachesa steady-statequilibrium. The resultingmosaicis
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an example of a falling-leavesimage. Two samplefalling-leaves imagesare shavn in
Figure4-1.

Imagesfrom the falling leaves model consistof differentregionsof pixels. Within a
region, the colorsof pixelsarehighly correlated Betweenregions,thereis no correlation.
Onecanthink of thesecorrelatedregionsassurfacepatcheghat have approximatelythe
samere ectance propertiesand lighting conditions. Given the discussionof the view-
dependenceropertyin Section3.5.2,it is reasonable¢hatthe falling-leavesimagemodel
is appropriatgor image-basedenderingapplications.

Thecorrelationfunctionof a falling-leavesimagehasanextremelysimpleform,

R g CoPsameq (4.3)

whereCy is a constantindPsame q IS the probability thattwo pixels separatedy angleq
belongto the sameobjectin theimage. Equation4.3 assumeshattheimagel hasmean
pixel valuezero(i.e., the equationactuallyrepresentshe covariancefunction). Although
mostimagesdo not have meanvalue zero, this is not a problemsincethe meanis left
unchangedby requiringthatthe linearweightssumto unity.

The speci ¢ form of Psagmeq dependson the detailsof the “leaves” in the model. In
the simple caseusedin this thesis,the falling objectsare uniformly coloredcircles. The
sizesof the circlesaredistributedaccordingto a r% law, wherer is theradiusof thecircle
(the radii aremeasuredn angles). This distribution hasbeenfound to resultin statistics
thatmimic thoseof realimagedLee etal. 1999]. Thecirclesareconstrainedo have radii
greaterthanrpmi, andlessthanrpjax Thesetwo extremalradii constitutethe only model
parametersyhich mustbe chosermanually

Theimageon theright in Figure4-1is an exampleof thetype of imagegeneratedy
themodelusedin this thesis.Althoughthey look nothinglike a“real” imagesthesetypes
of imagesmodelquite closelythe correlationfunctionsof real-world imagery

Thiscircularleafmodelhasbeenextensiely studiedLeeetal. 1999;Rudermari997],
andit hasbeenshaown that,to a closeapproximation,

__Ba
2Inimax B q
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Psame d (4.4)
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Figure 4-2 An examplecorrelationfunctionfrom thefalling-leavesmodel.
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For mostsettingsof rmin andrmay theshapeof Ry g follows apower law,

R q A Bq " (4.6)

asillustratedin Figure4-2.

In turnsout thatthe basicshapeof this functionis moreimportantthanthe speci cs of
A, B, or h. Theshapeeinforcesthe notionthatradiancesampleghatareclosein angleto
oneanotherarehighly correlatedwhile thosefartheraway quickly becomdessimportant—

areiterationof the view-dependencprinciplefrom Section3.5.2.
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4.1.3 Examplel

This sectiondemonstratethe optimalradiancereconstructioralgorithmon realdata. The
dataconsistf 262imagesof a scenethatcontainsvariousitemsin front of ablackback-
ground.Figure4-3ashavs a samplemagefrom the dataset.

Theimagesarearrangedn a semi-structureananner They weretakenwith acamera
mountedon atripod andattachedo a FARO digitizing arm. Thedigitizing armwasusedto
determinethe positionandorientationof eachimage. Multiple imagesweretakenateach
tripodlocationby raisingthetripod betweerexposuresAs aresult,clustersof imagegend
to lie alonglinear paths,althoughno attemptwas madeto adjustor placethe tripod in a
regularway:.

Figures4-3bthrough4-3dshow the cameracon guration from threedifferentangles.
Eachinput camerais representedby a small blue pyramid. The ape< of the pyramid is
locatedat the cameras position, and the sidesof the pyramid showv the eld-of-view of
the camera.The red camerais the virtual view for which the outputimageis generated.
The large gray triangle is the geometricproxy that is usedfor determiningrough pixel
correspondencen this example,the proxyis simply a planarsurface.

The desiredview is generatedn a ray-tracingfashion. For eachpixel in the desired
view, the correspondingiewing ray is intersectedvith the proxy geometry(in this exam-
ple, a singletriangle). This intersectionpoint senesasthe radiancereconstructiorpoint
for this pixel. Thesimilarity matrix andright-handsideof Equation4.1areconstructedy
evaluatingthecorrelationfunction(Equatiord.3)for eachpairof camerasin thisexample,
rmin - 0001, rmax 5, andthesimilarity matrix hasdimension262 262. Theweight
vectoris thenobtainedby solving the systemof 262 linear equations.Finally, the pixel
coloris takento beaweightedsumof colorsfrom eachof theinputimages.

Figure 4-4ashaws the imageobtainedfor the virtuald camerafrom Figure4-3. The
imagehasa photorealisticquality, andit is not readily apparenthatit is a blend of 262
otherimages.Theimageis lesssharpthanary oneof theinputimageswhich resultsfrom
usinganextremelycrudeproxy geometry

In orderto betterunderstandhow the outputimageis formed, it is usefulto visualize
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Figure 4-3. A setof 262imagesusedto demonstrat¢heradiancereconstructiorprocedure(a) An
examplefrom theimagecollection. (b)-(d) Threedifferentviews of theinput cameracon guration.
Thevirtual cameras shavn in red.

how theinputimagescombineto form the outputimage. Onesimpleway to do thisis to
assigneachinputimagea unique,randomcolor. Then,whenforming the estimateccolor
for apixel, theseassignedolorscanbeblendedtogetherinsteadof the actualcolorsfrom
the images. This procesgesultsin a “falsecolor” imagethat more clearly indicatesthe
contributionsof eachof theinputimages.
Figure4-4bshavsthefalsecolorvisualizationfor theimagein Figure4-4a.Thebright
spotsin thevisualizationcorrespondo cameraepipoles.The colorsfor thesepixelscome
from a single camera(recall the epipoleconsisteng propertyof Chapter3). The pixels
nearthe epipolestendto be coloredsimilarly to the epipoleitself, which indicatesthatthe

cameradave large in uence on pixels neartheir correspondingepipoles. Someepipoles
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Figure 4-4: (a) An exampleimage usingthe optimal radiancereconstructiorprocedure. (b) A
visualizationof the blendedmages.

have smallerareasof in uence than others(see,for example,the three epipolesin the
upperright corner). Generally epipoleswith smallersareasof in uence arefartheraway
from thedesiredcamerahanthosewith largeareasof in uence.

This false-colorvisualizationgreatly aidsin understandinghe imageformation pro-
cess.t is especiallyhelpful for visualizingthe effectsof non-idealissuessuchas eld-of-

view limitationsor resolutionrmismatchebetweenmagesasdiscusseh thenext section.

4.2 MMSE with GeneralizedSimilarity Matrix

The correlationfunctionsderived from imagemodelshandlethe purely angle-dependent
aspectof theradiancereconstructiorproblem.However, asmentionedn Section3.5.6,a
goodradiancereconstructiorprocedureshouldbe ableto accommodat@on-idealeffects
suchas eld-of-view limitationsor resolutionmismatches.

Onewayto handletheseeffectsis by generalizinghe notionof similarity betweernradi-
ancesamplesBy augmentinghesimilarity matrix of Equatiord.1to re ect differencesn,
for example, eld-of-view or resolution,it is possibleto achieve a more e xible radiance
reconstructiorprocedure.

Therearea variety of waysto generalizehe similarity matrix. Perhapghe simplest

way is to modify the correlationfunction R, q to includedependenciesn eld-of-view
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andresolutiormismatchesiesultingin anaugmentedunctionR; gen g f r , wheref andr
measurealifferencesn eld-of-view andresolutionrespectrely. For example,suchdepen-

denciesouldberepresentetly usingaseparableepresentationf thecorrelationfunction:

Rigenq fr R g Rfov f Reest

wherethe functionsRio, f andResr attenuatehe original correlationfunction based
ondifferencesn eld-of-view andresolution.

An alternatve approachs to usethe eld-of-view andresolutionmeasureso modify
theinput parametenf the original correlationfunction. The correlationfunctionbecomes

R g ,whereq is aperturbedsersionof q. Thegeneralizedtorrelationfunctionis then

Rignqgfr R hqfr

whereh g f r is a function that modi es q basedon the eld-of-view and resolution
mismatchesThis approach(ratherthanthe separablene)is followedin this thesis. The
functionh q f r isconsidered“generalizedangle’; andit is simplyalinearcombination
of thevariables,

hgfr aq gf br 4.7)

Theconstants, g, andb controltherelative importanceof theinput variables.For exam-
ple,gcanbesetto zeroto ignore eld-of-view issues.Thelinearcombinatiorassumeghat
thethreemeasuresreindependent.

The variablesf andr are assumedo be measuref eld-of-view and resolution
dissimilarity—thais, they arezerofor perfectmatchesandgreatethanzerofor mismatches.

Thefollowing two sectiongdescribenvaysto computethesemeasures.

4.2.1 Field-of-View Dissimilarity Measure

The eld-of-view pairwisedissimilarity measuresvhethera radiancesampleis inside or
outsidethe elds-of-view of two cameraghatobsenreit. For example,if a pointis inside
both elds-of-view, thethedissimilarityis small. Lik ewise,thedissimilarityis smallif the
pointis outsidebothof the elds-of-view. If apointis insideone eld-of-view but outside

theother(or vice versa) thenthedissimilarityis large.
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Figure 4-5. (a) The eld-of-view measurdas zerooutsidethe eld-of-view, oneinsidethe inner
eld-of-view, and betweenzero and one in the intermediateregion. (b) A cross-sectiorof the
eld-of-view measure.Thevaluesin the intermediataegion aredeterminedrom a raisedcosine
function.

A simpleway to computethis dissimilarity is to computea value f; for eachcamera
that measuresow far outside(or inside)the eld-of-view the point lies. This valueis
determinedby dividing the imageplaneof the camerainto threeregions: (1) outsidethe

eld-of-view, (2) insideasmallerinner eld-of-view, and(3) insideanintermediateegion
betweerthe rst two regions(seeFigure4-5a). Thevalueis zerofor viewing raysin region
(1), it isonefor raysin region(2), andit variescontinuouslybetweerzeroandonein region
(3). A raisedcosinefunctionis usedfor determiningthe valuesin the intermediateegion
(seeFigure4-5b). Valuesfor boththex- andy-dimensionsaremultiplied togetherto arrive
atthe nal eld-of-view value fj.

Giventhevaluesf; and f; for two camerasthe eld-of-view dissimilarityis simply
f 2rmaxfi f2

wherermax is the constantusedin Equation4.5. Scalingby this constantcauseghe cor-
relationto fall to zeroat maximum eld-of-view dissimilarity. Notethatthe dissimilarity
measuras symmetric,andthatit is equalto zerowhenbothcamerasrethe same.When

oneof thecamerass theunknavn camergfor which the pointis assumedo bewithin its

78



r\

Figure 4-6. TheJacobiamatrix describesiow smallincrementsn oneimagearemappedo small
incrementsn anotherimage.

vield-of-view, i.e., f1  1),themeasures
f 2rmax 1 fz

This expressionis zerowhenthe point is within the obserer cameras eld-of-view and

largewhenit is not.

4.2.2 ResolutionDissimilarity Measure

The resolutiondissimilarity compareghe samplingdensitiesof two cameraghatobsene
the samereconstructiorpoint. Two cameraghat samplethe radianceat aboutthe same
samplingrate shouldobsene similar radianceswhile two cameraswith vastly different
resolutionanay obsenre differentradiancesgvenalongthe sameviewing direction.

Thereare a variety of reasondor resolutionmismatches.First of all, the cameras
distancefrom the reconstructiorpoint in uences the samplingdensity The fartherthe
distance the lower the effective resolutionof the observingcamera.Also, if the pointis
on a surface,the surfaceobliquenessanalso affect the samplingdensity Cameradest
obsenre surfacesthatareorientedperpendiculato theirimageplanes.

All of theseresolutionconcernsanbe describedn a simplehomographyMcMillan
1996; Shadeet al. 1998]. The resolutionof an obserer camerais measuredelative to
the desiredcameraga reconstructiorpoint, anda surfacenormalat this point. Therecon-

structionpointandnormalde ne aplaneP . This planecombinedwith thedesiredcamera
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andanobsenrer camerade ne aplanarhomographyHp j, wherej is theindex of the ob-
senercamera.Thishomographynapspointsin anobsenrercamerao pointsin thedesired
camera.The Jacobiammatrix of this mapping(a2 2 matrix), evaluatedat a pixel x vy,

describeshow smallincrements Dx Dy in anobsererimagemapto incrementsn the

desiredcameramage(seeFigure4-6). If theentriesof Hp j are

A B C
Hp D E F
G H |
thenthe Jacobiarmatrix is givenby
; I }}—; 1 AH GBy Al GC GB AHx BI HC
Pjxy v v 1
v OGxHy | DH GEy DI GF GE DHx ElI HF

Thesingularvaluess ; ands; of thismatrixcanbeusedo measurgheresolutionmismatch
betweerthe two camerasintuitively, the singularvaluesindicatethe amountof “stretch”
that occursin the transformationfrom an obsenrer camerato the desiredcamera. Large
singularvalues(thosegreatetthanone)indicateundersampling—amallstepin anobsenrer
imagemapsto a large stepin the desiredimage. Thatis, an obsener cameraviews the
point at a lower resolutionthanthe desiredcamera.Excessre amountsof undersampling
canleadto blurrinessin the desiredimage. Small singularvalues(thoselessthanone)
indicateoversampling—ambserer cameraviews the point at a higherresolutionthanthe
desiredcameraThis situationcanleadto aliasingin thedesiredmage.

In generalundersamplings worsethanoversampling sincethe missinginformation
in theundersampledbsererimagescannever berecovered.On the otherhand,oversam-
pling canbe circumwentedeitherby pre- Itering the obsenerimagesor by supersampling
thedesiredmage.

In light of this obsenation, resolutiondissimilarity is determinedby examining the
largestsingularvalue(i.e.,worst-caseindersamplingdf theJacobiammatrix,s maxsi s> .
This singularvalueis transformednto a resolutionmeasurementaluer; by usingafunc-
tion similar to thatusedfor the eld-of-view measurgseeFigure4-7). The shapeof this

function canbe controlledto favor imageswithin a certainresolutionrangeof the desired
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Figure 4-7. An exampleresolutionmeasureCameraghatobsere the scenepointatlower resolu-
tion receive smallermeasures.

camera.For example,the function shovn in Figure4-7 penalizescamerasvhoseresolu-
tionsdiffer by morethanafactorof threealongary dimension.While this may seemlike
an excessvely large range,it is necessaryo allow someresolutionmismatchin orderto
extrapolatevirtual views away from the obsererimages.

Giventheresolutionvaluesfor two camerastheresolutiondissimilarity measures
r 2rmaxf1 r2 (4.8)

wherermax is the constantusedin Equation4.5. Whenone of the camerass the desired

camerathedissimilarityis givenby
r 2rmax 1 I’2

in which theresolutionvaluefor the desiredcamerarelative to itself, is one.

4.2.3 Examplell

The eld-of-view andresolutionmeasuregan be demonstratedisingthe sameexample
imagefrom Section4.1.3. The outputimagesareproducedn exactly the samemanneras
before,exceptthatthe eld-of-view andresolutionissuesareaccommodatetly adjusting

a, g andb from Equatior4.7.
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Figure 4-8 (a) An exampleimageusingtheangleand eld-of-view measure¢éa 05andg 1).
(b) A visualizationof theblendedmages.

Field-of-View Example

Figure4-8ashavstheimagethatresultsfrom usingthe eld-of-vie w dissimilaritymeasure
(@ 05andg 1). Thecenterof theimageis unchangedrom thatin Figure4-4,but more
of thescenads visible aroundthe perimeter In particular thegreenbackgroundwhichwas
invisiblein Figure4-4,is now visible on theleft-handsideof theimage.Also, moreof the
brown cloth on thelower right-handsideof theimageis visible.

The falsecolor visualizationin Figure 4-8b revealshow the imageis formed. In the
imagecenter wherethe angularlycloseimagesactuallyseethe proxy, theimageblending
is the sameasin Examplel. However, aroundthe perimeterof theimage,pixelsaretaken
from imagesthat arenot the closestangularly Insteadthe colorsaretaken from the an-
gularly closestimagesthat actually seethe proxy at the reconstructiorpoint. In essence,
the algorithminterpolateghe outputcolor only from thoseimagesthat canseethe recon-
structionpoint. Of thoseimages,the onesthat are closestangularlyreceve the largest

weights.

ResolutionExample

The effect of the resolutionmeasurds not asapparenin the imageshown in Figure 4-
9a, sincethe resolution-afectedareasfall within the black backgroundegion. However,

the effectis apparenin the falsecolor imageshowvn in Figure4-9h In comparisorwith
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Figure 4-9: (a) An exampleimageusingthe angleandresolutionmeasure¢a 05 andb 1).
(b) A visualizationof the blendedmages.

Figure4-4b,theresolutionsensitveimagehasaslightly differentsetof epipoles.In partic-
ular, thethreeepipoledn theupperright cornerof Figure4-4bareabsenfrom Figure4-9h
Theseepipolescorrespondo cameraghatarefartheraway from the desiredview andthus
have a larger differencein resolution. Their in uence hasbeensuppressetly the useof
theresolutionmeasureThein uence of theresolutionmeasures muchmoreapparentn

anexampleshown in thenext chapter

4.3 Problemswith the Optimal Approaches

Thegeneralizedadiancereconstructiorproceduredescribedn this chaptersatis esmost
of the propertiesof Chapter3. However, it fails miserablyon property#3: real-timeper
formance. The procedure as described necessitatethe solution of a linear systemof
hundredsof equationsat eat pixel of the desiredoutputimage. Generatingoneimage
takeshourson a high-endcomputer

In orderto meetthe real-time constraint,somekey changesare neededn the radi-
ancereconstructiorprocedure.The algorithmsdescribedn this chaptercoupledwith the
necessarynodi cations for real-timeperformanceonstitutethe heartof the unstructured

lumigraphrenderingalgorithm,which is describedn detailin the next chapter
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4.4 Summary

This chaptethaspresenteaptimal(in the MMSE senseppproacheto theradiancerecon-
structionproblem.The rst approaclkconsidersonly theangulardifferencedetweerradi-
anceobsenations.This problemcanbe solvedif theimagecorrelationfunctionis known.
Although dif cult to measurethis function can be analytically derived from a falling-
leavesstatisticalimagemodel,which predictsa power-law shapeor theimagecorrelation
function. This usefulresultnot only reinforceshe notionof angle-basetiew-dependence
from Chapter3, but it givesa concreteform for the relatve importancebetweendifferent
radianceobsenations.

The secondoptimal approachgeneralizeshe imagecorrelationfunction to take into
accountnon-idealeffectssuchas eld-of-view limitations andresolutionmismatchesAs
asimpli cation, it is assumedhatthegeneralizedorrelationfunctionhasthe samepower-
law shapeastheoriginal version.Thisassumptiorallowsthegeneralizedunctionto beex-
pressecsasimplemodi cation of theoriginalimagecorrelationfunction. It is shavn that
this generalizedunction hasthe desiredbehaior (disregardingperformancefor image-

basedenderingapplications.
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CHAPTER 5

Unstructured Lumigraph Rendering

Thegeneralizeadadiancereconstructiorproceduredescribedn Chapter satis esmostof
thedesirablepropertief animage-basedenderingalgorithm.As aresult,it is very effec-
tive at producinghigh-qualityrenderingdrom unstructurectollectionsof images. How-
ever, it fails to satisfy one property: real-timeperformance.Becauseof this failing, the
optimalradiancereconstructiorprocedures not suitablefor mary renderingtasksinclud-
ing virtual reality simulationsgamesopr interactive scenewalk-throughs.

This chaptermpresents seriesof optimizationsthat canaccelerateéhe radiancerecon-
structiontaskto real-timeperformanceTheresultingalgorithm,calledunstructuedlumi-

graphrendering is the coredevelopmenbf this thesis.

5.0.1 Overview

Thechaptebeginsby describing ve differentoptimizationgo theradiancereconstruction
procedure. Two of the optimizationsdeal with simplifying the optimal radiancerecon-
structionequations.By makingsomereasonabl@ssumptionsi is possibleto reducethe
amountof computatiorconsiderably Two otheroptimizationsreducecomputatiorfurther

by limiting the radiancereconstructiorto only selectpixels and by reducingthe number
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of cameraghat are usedin eachreconstruction.A nal optimizationis a techniquefor
blendingtheimagestogetherusinggraphicshardware.
Followingindependentlescription®f the veoptimizationsthecompleteunstructured
lumigraphrenderingalgorithmis presentedT heoperatiorof thealgorithmis demonstrated
with a numberof diverseexampleswhich highlightthe e xibility andquality of thealgo-

rithm.

5.1 RadianceReconstructionOptimizations

In orderto develop a real-timerenderingalgorithmbasedon the optimal radiancerecon-
structionprocedurerom Chapter4, the renderingtime per frame mustbe reducedfrom
hoursto milliseconds. This sectiondescribesa seriesof optimizationsthat achieve this

goalwithout sacri cing overallimagequality.

5.1.1 Optimization #1: Simpli ed Similarity Matrix

The single slowestaspecif the optimal radiancereconstructiorapproachs the needto
solve alarge systemof linearequationgtypically hundredsjor eachoutputpixel. Written

in matrix notation,the systemof equationss
Sw vy

whereS is the generalizedsimilarity matrix, y is the correlationvector betweenthe un-
known radiancesampleandthe known radiancesamplesandw is the systems solution,
theunknowvn weightvectotr

Systemf linear equationssuchasthis one canbe solved muchmore quickly if the
matrix S hasa known andsparsestructure.In this case,S hasoneson the diagonalsince
the correlationfunctionR, g equalsonefor @ 0. The correlationfunction alsofalls to
zerorapidlyforg 0. Thus,thematrix S couldbesimpli ed by quantizingsmallelements
to zero,leadingto a muchsparsesystemof equations.Typically, it is evenreasonabléo

approximates with the identity matrix. This leadsto the systemof equations,
w vy
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which hasthetrivial solution

Wy

Unstructuredumigraphrenderingassumeshatthesimilarity matrixis theidentity ma-
trix, which eliminatesthe needto solve a large systemof equations.The algorithmonly
needsto computethe vectory and renormalizethe resultusing one of the methodsdis-

cussedn 4.1.

5.1.2 Optimization #2: Simpli ed ResolutionMeasure

Computingthecorrelationvectory requiresevaluatingthegeneralizeatorrelationfunction
oncefor eachobsener camera.Theangle, eld-of-view, andresolutionmeasure$or each
cameraarerequiredfor this computation.Of the threemeasuresthe resolutionmeasure
is by far the mostexpensve to compute.Simplifying this measureesultsin considerable
speed-up.

In the simplestcase the resolutionmeasurecanbe completelybypassedy settingb
to zero. This approactworkswell for alarge classof datasets,especiallytraditionallight

elds andlumigraphsin which the imagesare all arrangedat roughly the samedistance
from the scene.However, in unstructuredmagecollectionsit is still importantto handle
resolutionmismatches.

In specialcasesthe resolutionmeasurecan be approximatedoy examining the dis-
tancesf thecameragrom thegeometryproxy. This approximatiorassumeshatall of the
cameradiave the samefocal lengthsandorientations.

Givenareconstructiorpointp, its distanceo ary cameras easilycomputed.Thesim-
pli ed resolutionmeasuras simply the ratio of the obserer cameras distanceto virtual
cameras distance. This ratio approximateghe resolution“stretch” measurgrom Chap-
ter4, andit canbe mappedhroughaweightfunctionshapedik e thatshovn in Figure4-7

to arrive ata simpli ed resolutionmeasureEquation4.8is usedasbefore.
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5.1.3 Optimization #3: SparseSampling

Evenwith simpli cations in both the similarity matrix andthe resolutionmeasurecom-
puting the weight vector at every pixel of the desiredview is still too slow for real-time
performance However, by exploiting the smoothlyvarying natureof the weightvector it
is possibleto drasticallyreducethe numberof pixels at which the weight vectoris com-
puted.

As mentionedn Chapter4, falsecolor renderingis a usefulway to visualizethe vari-
ation of the weightvectoracrossthe desiredimageplane. Fromthe visualizationin Fig-
ure4-4b,it is apparenthattheweightvectorfor thatparticularimagevariesslowly across
the imageplane. The only exceptionsoccurat the epipoles,which standout asdisconti-
nuitiesin the radiancereconstruction It turnsout thatthis variationof the weight vector
is typical of alarge classof synthesizedmagesandit canbe exploitedfor a performance
gain.

Sincetheweightvectorvariesslowly acrosgheimageplane,it is possibleto reconstruct
it at every pixel from a small setof weight vectorsthat are sparselysampledacrossthe
imageplane.Theonly potentialproblemsoccurnearthe epipoleswheretheweightvector
changeamore rapidly. Theseepipole areascan either be ignoredfor simplicity, or the
samplingdensitycanbeincreasedn theseareas.

Theapproactusedin unstructuredumigraphrenderings to samplethe weightvector
at a small setof selectedpixels in the desiredview. Thesesamplinglocationsare then
triangulatedto form a tessellationof the desiredimageplane. The weight vector for a
pixel insideof atriangleis takento be a linear combinationof the weightvectorsat each
vertex of thetriangle. Thecoefcients of thelinearcombinationaresimply the barycentric
coordinate®f the pixel within thetriangle.

Using this approachthe weight vectorfor every pixel in the desiredview canbein-
terpolatedafter performingthe full computationfor just a small percentagef pixels. In
practice,goodresultscanbe obtainedby carryingoutthefull calculationfor lessthanone
percentf the pixelsin thedesiredview. This optimizationbecomegvenmoresigni cant

in light of optimization#4, which demonstrateow to usegraphicshardware to do the
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barycentrioveightinterpolation.

5.1.4 Optimization #4: Useof Graphics Hardware

The triangle-basedveight-vector interpolationenablesthe useof graphicshardware for
blendingimagestogether Moderngraphicshardwareis sophisticate@noughto perform
both the weightedimageblendingand the proxy-basedixel correspondencsimultane-

ously.

Image Blending

Imageblendingis doneusingthe hardware’s built-in alphablendingcapability Eachtrian-
gle vertex canbe assigned transpareng value (calledthe alphavalue)from zeroto one.
Zeroindicateghevertex is perfectlytransparentwhile onemeanghevertex is completely
opaque. The graphicshardware automaticallyinterpolateshesealphavaluesacrossthe
faceof the triangle. Whendrawing the triangle, ary texturesappliedto the triangle are
modulatedwith the barycentricallyinterpolatedalphavalues.This modulationhasthe ef-
fect of attenuatinghe triangle's texture in transparenareaswhile preservingt in opaque
areas.Theattenuatedextureis thenaddednto theframebuffer, which storesheaccumu-
latedcolor values. Many texturescanbe linearly combinedby drawing the sametriangle
multiple timeswith differenttexturesandalphavalues.

This hardwarefunctionmapswell ontotheunstructuredumigraphrenderingoroblem.
Alpha valuescorrespondxactly to radiancereconstructiorweights,andthe nal output
imageis madeby renderingtrianglesoncefor eachreferencamage.

As an example,considerrenderinga desiredview from a setof N images. First, the
weight vectorsare sampledat M locations,and thoselocationsare triangulated. Each
vertex v; of the resultingtriangulationhasassociatedvith it a vectorof N weightsw; j,
wherel i Mandl | N. Thepixelsintheinteriorof atrianglecannow becolored
by accumulatinghe resultsof drawing the triangleN times. Eachtime, the textureis set
to image j, andthe alphavaluesaresetto wa j,\Wy j, andwe j, wherevy, vy, andyv, arethe

verticesof thetriangle.
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Pixel Correspondence

Whenusinggraphicshardware,it is still necessaryo blendcorrespondingixelstogether
As mentionedin Chapter4, correspondences establishedy a geometricproxy. When
the proxy is representedy planarpolygons,this correspondencis easilydoneusingthe
projective texture mappingcapabilitiesof moderngraphicshardware.

Whenatriangleis textured,three-dimensionglointson thetrianglearemappednto a
textureimageto determingheir colors. Typically, this mappingis asimpleaf ne transfor
mation. However, moderngraphicshardware hasthe ability to usean arbitrary projectve
transformation(called the texture transforn) to map points on the triangle to pointsin
the texture image. Thus, by settingthe texture transformto be the projectionmatrix of
the obsenerimage,the hardware candeterminethe colorsof three-dimensiongdointsby
projectingtheminto the imageof the obserer camera. This projectionis preciselyhow
correspondingixelsaredeterminedn Chapte. Thus,aslong astheproxyis represented

with polygons the graphicshardwarecanef ciently blendcorrespondingixels.

5.1.5 Optimization #5: k-NearestCamera Weighting

The nal optimizationimprovesthe ef ciency of the hardware-accelerateblendingalgo-
rithm. As describedn the previous section,a triangle mustbe dravn N times, oncefor
eachobsener image. For typical valuesof N ( 100), this approachs impracticalfor a
few reasons.

First, the graphicshardwaredoesnot have the bandwidthto drav eachpixel hundreds
of times. Drawing a pixel multiple timesis called“overdrav,” andeventhe besthardware
canonly overdrav every pixel acoupledozentimes.

Secondfor ary giventriangle,mary of theimagecontritutionsandtheir corresponding
vertex weightsarevery closeto zero. In thesecasesmary texturesmay not addarnything
to theoutputfor thatparticulartriangle. Thus,draving theseextureswastesCPUtime and
contributesnothingto theimage.

In light of theseissuestheunstructuredumigraphalgorithmlimits the numberof non-

zeroweightsateachvertex to asmall, x ednumberk thatis muchlessthanN. By limiting
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the numberof non-zeroweightsin this manney the algorithm canboundthe worst-case
computationaload. Note that the numberk is x ed, and only the cameraswith the k
largestweightsareusedevenif othercamerahave comparablysizedweights.

An alternatve approachmight be to only usecamerasvhoseweightsfall above a cer
tainthresholdvalue. Thedif culty of thisapproacHiesin choosinga properthreshold.If
thethresholds too small,thentoo mary camerasnaybeusedandperformancesufers. If
thethresholds toolarge, thenit is possiblethatno camerasnaybe selectedIn fact,when
facedwith unstructurednput data,both of thesecasesamay occurduring the renderingof
a singleimage. Thus,the k-nearestameraweightingcanbe seenasa “variable” thresh-
old techniguejn which the thresholdis chosendynamicallysuchthatonly k camerasare
selected.

Using only the k-nearestcamerasdoesintroducesomeproblemswith regardto the
continuity of the reconstruction.As the weight vector variesover the image plane,the
radiancereconstructiorexperiencesliscontinuitiesvhenever the setof k-nearestameras
changesThisdiscontinuityoccursbecausaveightsmayenterandleave thesetof k-nearest
with non-zerovalues.Thus,thealgorithmmodi es the weightsto ensurethatthey always
fall to zeroatthek 1t cameraThis attenuatiorof theweightvectoris accomplishedby
“windowing” the correlationfunctionR; q .

Consideracorrelationfunction,suchasthatdescribedn Chapted, which hastheform

R ¢ A th
whereA, B, andh arepositive constantchosersuchthatthefunctionis greaterthanzero
for all g of interest. Givena setof N camerasand a reconstructiorpoint, the anglesq;

(or generalizedrersiongakinginto accounteld-of-view andresolution)canbe computed
andsortedsuchthatg; q; 1. In generaltheunmodi ed correlationfunctionis non-zero
forg gk 1. In orderto forcethefunctionto bezerofor thesevaluesof g, the correlation
function canbe modulatedwith a windowing function thatis non-zeroat the origin and

fallsto zeroatqg gk 1. Onesuchwindow functionis a hatfunction:
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Usingthis window function,themodi ed correlationfunctionbecomes

~ A B
Rg WgqRgq A —q Bqg" —q'"
Ok 1 Ok 1
It hasbeenfoundthattheconstantA 0,B 1,andh 1 workwell in practiceand
they leadto a particularysimpleform of themodi ed correlationfunction:

- 1 1
A g g0:

This function is simplerto evaluatethan Equation4.4, which makesit appropriatefor a

(5.1)

real-timeimplementationTheonly issueis dealingwith R, 0 , which resultsin adivision
by zero.In practicethis caseds notaproblem,sinceit occursat epipolelocationsfor which

theweightvectorcanbetrivially computedwithout evaluatingthe correlationfunction.

5.2 Real-Time Unstructur ed Lumigraph Rendering

The operationof the real-timeunstructuredumigraphrendereproceedsasfollows. First,
the algorithmselectsa setof points(i.e., pixels)in the desiredview at which to evaluate
the weight vector The blendingweightsare evaluatedat eachof thesepointsusingthe
k-nearestameraveightingandEquation5.1.

Next, thesamplingpointsaretriangulatedo form atessellatiorof thedesiredview, per
hapsaddingnew samplingpointsin the processAfter triangulationthe windowedweight
vectorsare computedfor all samplingpointsusingthe optimizedradiancereconstruction
procedure.Finally, the resultingtrianglesare blendedtogetherusing the graphicshard-
ware's alphablendingandprojective texture mappingcapabilities. The pseudocodéor the
algorithmappearsn Figure5-1, andthe following sectionsdescribethe main procedures

in moredetail.

5.2.1 SelectingWeight Vector SamplePoints

Theweightvectorsaresampledat a sparsesetof pointsin thedesiredmageplane.These
pointscorrespondo desiredviewing rays.A numberof heuristicsareusedwhenselecting

which raysto sample First, theraysto all of the geometrigproxy verticesareused.These
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Clearframebuffer to zero
Selectweightvectorsamplepoints
Triangulatesamplepoints
for eachsamplepoint j do
for eachinputimagei do
Evaluategeneralized; |
endfor
Sortq; j
Constructwindowedcorrelationfunctionusingk  1st g; j andEquation5.1
for eachinputimagei do
Evaluatek non-zerow; |
endfor
endfor
for eachinputimagei do
Setcurrenttextureto imagei
Setcurrenttexturetransformmatrix to P,
for eachsamplepoint j do
Setvertex alphavaluesto w;
endfor
for eachtrianglet do
if atleastonevertex hasnon-zeraalphasthen
Backproject ontoproxy surface
Draw t, accumulatingesultin framebuffer
end if
endfor

endfor

Figure 5-1 Thepseudocodéor thereal-time,unstructuredumigraphrenderingalgorithm.
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Figure 5-2 The real-timerendererusesthe projectionof the proxy, the projectionof the source
cameracentersandaregulargrid to triangulatetheimageplane.In this gure, theproxyis acube,
the cameracentersarelabeledCy, andtheir projectionsarelabeledey.

/<

rays are selectedso that the tessellationof the samplepoints doesnot spanmore than
one planarfacetof the geometricproxy (seethe next sectionfor more details). This is
donebecausehegraphicshardware’s projective texturemappingability only workswith a
singleplane(i.e.,it usesasimpleplanarhomography).

Secondt{o assureepipoleconsisteny, raysto every sourcecameraarealsoused.These
rayscorrespondo the epipoles,andthey shouldbe includedin the samplingto maintain
exactepipoleconsisteng. However, they canbe often omittedwith little perceptibldoss
of imagequality sinceothernearbysamplesgenerallyre ect the strongin uence of the
epipole.So,if moreperformances neededthe epipolesamplesanbe safelyignored.

Finally, aregulargrid of viewing raysis includedto obtaina sufciently densesample
set. Theseextra samplesdelpcaptureheinterestingspatialvariationof theweightvectors.
They alsocontribute sampledo areaghatare potentiallyundersampledy the previously
selectedsamplepoints.In somecasesespeciallywhenthe proxy containamary polygons,
theseextra grid samplesareunnecessaryFigure5-2 shavs the samplepointsselectedor
anunstructuredumigraphwith two cameragnda cubicalproxy.

Generally a uniform samplingof the virtual image plane provides the bestresults.
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Thus,thenumberof grid sampless relatedto the numberanddensityof proxy andepipole
sampleslf the proxy andepipolesamplesareuniformly distributedover theimageplane,
thenfew or no grid samplesarenecessaryOn the otherhand,if the proxy or epipolesam-
plesare very sparselyor non-uniformly distributed, then grid samplesshouldbe usedto
even out the uniformity of the sampling. For large numbersof non-uniformlydistributed
camerasthe requirednumberof grid samplesmay be impracticalfrom a performance
standpoint.In thesecasesthe numberof grid samplesshouldbe choserto meetthe per
formancerequirementFor mostof theexampledn thisthesisal6 16 grid of sampless

sufcient, althoughupto 32 32canbeusedwithout muchperformancelegradation.

5.2.2 Triangulating SamplePoints

Triangulatingthe samplepoints mustbe donewith somecare. It is not sufcient simply
to construct,for example,a Delaunaytriangulationof the selectedsamplepoints. This
approacHails becausef the constrainthatthe samplepointtrianglesmust“see” only one
geometryproxy plane. More precisely the projectionsof edgesfrom a geometryproxy
polygon mustnot crossary edgesin the virtual image planetessellation. Considerthe
exampleshown in Figure5-2. The projectedproxy edgesare shavn in bold, while the
additionaltessellationedgesare shovn in gray None of the bold edgescrossthe gray
edgeqwithout the additionof a new vertex). Note the bottomedgeof the projectedcube;
anextravertex hasbeeninsertedwvhereit crosses grid edge.

Further givenatessellatiorthat conformsto this requirementit is necessaryo know
which geometryproxy polygonthe samplingtrianglesees.Fortunately a constiainedDe-

launaytriangulationcanbe usedto overcometheseproblems.

Constrained Delaunay Triangulation

A constrainedDelaunaytriangulationis a Delaunaytriangulationin which certainedges
areforcedto exist in the triangulation. Thus,the problemof spanningmultiple geometry
polygonscanbe easilysolvedby requiringthatthe projectededgesof the geometryproxy

appeain the nal triangulation.Enforcingthis constrainis madepossibleby includingthe
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projectionsof thegeometryerticesn thesetof samplepoints.In addition,theedgef the
regularsamplegrid canalsobeincluded.Thesegrid constraintsareusefulbecauseegular
grids have ambiguousDelaunaytriangulationsthat changerandomlyand causetemporal
artifacts.

Giventhis setof verticesandconstraintedgesthe constrainedelaunaytriangulation
of the samplepointsis computedusingShevchuk's software[Shavchuk 1996]. This code
automaticallyinsertsnew verticesatall constrainedge-edgerossingsThesenew vertices

becomeadditionalsamplepointsat which the weightvectorsmustbe evaluated.

Associatinglmage Plane Triangles with Proxy Planes

Whenrenderingthe unstructuredumigraph,the verticesof the sampletessellatiormust
be associatedvith three-dimensiongboints on the surfaceof the geometryproxy. The
graphicshardwareneedgshethree-dimensionglositionof thetriangleto computethe pla-
nar homographyfor projective texture mapping. However, the trianglesfrom the sample
pointtessellatioraretwo-dimensionatrianglessituatedn thedesiredmageplane.Before
drawing atriangle,it mustbe backprojecteanto the surfaceof the proxy. This backpro-
jectionis easilydoneusinganinverseprojectionmatrix, assuminghatthe equationof the
proxy planeis known. Thus,everytrianglein the constrainedelaunaytriangulationmust
beassociateavith a planeof the geometryproxy.

Fortunately Shavchuk's softwaremakesthis associatiorfairly simple. His implemen-
tationallows edgesandregionsof theinputto belabeled. Thesdabelsarethenpropagated
to the edgesandregionsof the outputtriangulation. By labelingthe input geometrycon-
straintedgesit is possibleto deducewnhichtrianglesof thetessellatiortorrespondo which
planesof the proxy. This assocatiomprocesss doneusinga simplegraphlabelingproce-
durethatrunsin time linearin the numberof triangles.

Unfortunately the above labeling processonly works if the geometryproxy hasunit
depthcompleity, thatis, if everyviewing ray from thedesiredcamerantersectshe proxy
exactly once. In the casethatthe proxy hasdepthcompleity greaterthanone,it is nec-
essaryto generalizethe labelingprocedure.Insteadof associatinggachsamplingtriangle

with a singleproxy plane,eachsamplingtriangleis associateavith a setof proxy planes,
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onefor eachsurfaceof the proxy whichis visible throughthe samplingplane.This gener

alizationchangeshelabelingproceduren atrivial way, andit still runsin lineartime.

5.2.3 Drawing Triangles

Beforeatrianglecanbedrawn, it must rst bebackprojectedntothe surfaceof the proxy.
As mentionedn the previous section this backprojectioris doneusingthe planeequation
thatis associateavith the samplingtriangle.

After thetriangleis backprojecteantothe proxy, it is dravn multiple timesusingdif-
ferentimagesandsetsof alphavalueseachtime. Previous algorithmshave usedgraphics
hardwarefor similar blendingstrateyies,but they typically blendonly threeimagespertri-
angle(i.e.,eachimageis opaqueat onevertex andtransparenattheothers).It is important
to notethatin unstructuredumigraphrendering,morethanthreeimagesmay be blended
acrossachtriangle.

Supposehatthereareatotal of muniquecameragk m 3k) with non-zerdolending
weightsat thethreeverticesof atriangle. Thenthis triangleis renderedn times,usingthe
texture from eachof the m cameras.Thus, a triangleis textured with a minimum of k
imagesandpotentiallywith asmary as3k images.

If atrianglehasmorethanoneproxy planeassociatedvith it, thenit is rendereconce

for eachplane.Thegraphicshardware's z-buffer resohesvisibility .

5.3 Examples

In thissection the performancef unstructuredumigraphrenderings demonstratedith a
numberof examples First,theexamplefrom Chapter is revisited. This examplesenesto
illustratetheimpactof the approximationsnadeby the unstructuredumigraphalgorithm.
The remainingthree examplesdemonstratehe e xibility of the unstructuredumigraph
algorithm.

Two of theremainingexamplesarebasedn videosequenceslhe rst videoexample
comesfrom a hand-heldvideo camera.The camergpositionsare computedusingfeature-

trackingandstructure-from-motiotechniquesThe secondvideoexampleis from avideo
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cameramountedon aninstrumentedobot. Camerapositionsarederived from the wheel
encoderandinertial motionsensor®f therobot. In bothof thevideoexamplesthe proxy
is composeaf a smallnumberof planes.

The nal exampledemonstratethe algorithmwith a morecomplex geometricproxy.
While theimagecollectionhasonly 36 imagesthe proxy consistf 500 polygonswhich

malkesup for thelack of images.Thealgorithmhandleghis dataaseasilyastheothers.

5.3.1 Example#1

The sequenc®f imagesin Figure 5-3 illustratesthe impactof the optimizationsusedin
theunstructuredumigraphrenderingalgorithm. The rst row of imagesrecallstheresults
from Chapter4. Theseimagescomefrom the optimal radiancereconstructiorprocedure
usingangleandresolutionmeasure¢a landb 1) ( eld-of-view isignoredasnoneof
the ULR optimizationschangehis measure).

Thesecondow of imagesn Figure5-3 shavs theresultof optimization#1: assuming
the similarity matrix is theidentity. Both theimageandthe false-colorvisualizationlook
similarto the rst row. However, it is evidentfrom the false-colorimagethatthe epipoles
arelessdistinct. This fuzzinesss a directresultof assuminghatthe similarity matrix is
theidentity. Usingthe propersimilarity matrix removesthe “contamination”(i.e., contri-
butionsfrom othercameras)rom the epipolesamples.However, even with the epipole
contaminationtheimagequality sufferslittle.

Thethird row shaws theresultof optimization#2: usinga simpli ed resolutionmea-
sure. Sincethe simpli ed resolutionmeasurds lessconserative thanthe homography-
basedmeasurea slightly differentrangeof “resolutionstretch”is usedfor theseimages.
The secondrow allows resolutiondifferencegangingfrom a factorof 0.5to 2, while the
third row usesD.7to 2. In this casethe differencebetweernthe two measuress primarily
dueto thefactthatthedesiredcameraandtheobsenrercamerasave differentfocallengths,
whichresultsin a systematicerrorin the simpli ed measureHowever, afteradjustingfor
this error, theresultingimagesarevery similar.

Thefourth row shaws the effect of optimization#5: usingonly the k-nearestameras.
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Figure 5-3. A sequenc®f imagesshawving the effect of the ULR optimizationson imageforma-
tion. Topto bottom: original, simpli ed correlationmatrix, simpli ed resolutionmeasurek-nearest
weighting,andsparsesampling. 99



This optimizationhasa large effect on the imageformation, asshavn by the false-color
image.Thecoloredregionsaremuchmorepronouncedwhichis aresultof fewer cameras
contributing to eachpixel. In a typical imagegeneratedising the optimal approachup
to 30 or 40 camerascan have non-trivial weightsat a pixel (i.e., greaterthan %6, the
guantizationlevel of the frame buffer). The imagesin the fourth row usek 5 images
ateachpixel. However, the nal outputimageis not appreciablychangedsinceonly the
camerawith thelargestweightsareretained.

The nal row of Figure5-3 demonstratesptimizations#3 and#4: sparsesamplingand
hardwarerendering.n thiscasetheweightvectorsaresamplena25 25grid covering
thedesiredview. Theimageandthefalse-colowisualizationaregeneratedisinggraphics
hardware. While the false-colorvisualizationshaws slight differencedn the interpolated
weight vectors,the resultingimagedoesnot exhibit noticeableartifacts. This factis re-
markable asthelengthof timeto generatéheimagehasbeenreducedrom 5 hoursto less
than33 millisecondsthroughthe useof the 5 optimizations.

The choiceof samplingdensityinvolves a trade-of betweenrenderingperformance
andreconstructiondelity . A very smallnumberof samplesesultsin averyfastrendering
time, but it mayalsonegatively impacttheimagequality. Onthe otherhand,anextremely
largenumberof samplesnayunnecessarilglow thealgorithmwith little bene tin quality.

Theimpactof samplingdensityonimagequality is shovn in thetwo plotsin Figure5-
4. Figure5-4ashownstheerrorin the sparselysampledmageascomparedo theray-traced
image(i.e., one sampleper pixel). The erroris expressedas the averagesquarederror
per pixel, which is the squarederror of eachcolor channelsummedover all pixels and
divided by the total numberof pixels. Two error curves are shavn; one that includes
epipolesamplegblue curve with circles)and onethat doesnot include epipolesamples
(red curve with crosses) Clearly, thereis moreerror at lower samplingdensitiesandthe
errorseemdo level off ataboutl6 16 samplesUsingepipolesamplesalwaysimproves
the error (this is alwaysthe case,sincethe epipolesamplesare additionalsamples) put
doesnot appreciablyimprove the error after8 8 samples.Thus, for this con guration
of images,a 16 16 samplingdensity without epipolesamplesjs sufcient for quality

rendering.The systenremainsinteractve upto 32 32samplessoal6 16 gridresults
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Figure 5-4: Plotsof the error causedyy usinga sparsesamplingof imagereconstructiorweights.
(a) The errorin the actualimage. The blue curve with circlesshavs errorwith epipolesampling,
andtheredcurwe with crosseshavs without. (b) Theerrorin thefalse-colowisualization. Thélue
curve with circlesshavs errorwith epipolesamplingandtheredcurve with crosseshavs without.
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in quality, interactve rendering.

The plot in Figure 5-4b showns the sameerror curvesappliedto false-colorvisualiza-
tions. Althoughthe false-colorvisualizationis not the desiredoutputof the systemiit is
usefulfor investigatinghe“w orst-case’performancef therendering.Someof theerrorin
Figure5-4is hiddenby thefactthatmary regionsin theimagesarealmostuniformin color
acrossmary cameras.Thus,reconstructiorerrorsmay be masked becauseanincorrectly
interpolatedpixel happendo be the samecolor asthe correctlyinterpolatedpixel. Since
the false-colorvisualizationassignsuniquecolorsto eachinput image,this error hiding
is muchlesslikely to occur As expected,the errorin Figure5-4bis higherthanthatin
Figure5-4a. In this case the errorslevel off andcoincideat32 32 sampleswhich also
allows for interactve rendering.

Of coursethis analysigs only applicableto this particularcollectionof imagesviewed
from this particularvirtual viewpoint. However, for all of theimagecollectionsconsidered
in thisthesis,it hasbeenfoundthatal6 16 samplinggrid providesgoodquality images

atinteractverenderingrates.

5.3.2 Example#2

The secondexamplecomesfrom a video sequencahotwith a hand-heldvideo cameraat
the Staplescenterin Los Angeles.The camerantrinsicsandextrinsicsaredeterminedy
trackingimagefeaturesand by solving a structure-from-motiorproblemas describedn
Section2.5. Thecameraandproxy con gurationsareshown in the rst row of Figure5-5.
In this example,the proxy consistsof two planarquadrilaterals.One correspondso the
groundplane,andthe otherroughly alignswith the backgroundbjects. Eachcolumnof
Figure5-5 representa differentdesiredcamera.The desiredcamerasareshowvn in redin
the rst row of images.

The secondrow of imagesshows the outputof the unstructuredumigraphrendering
algorithm.Theraggedopsandbottomsof theimagesrevealtherhythmiccameramotion,
which correspondgo the walking gait of the personholding the camera. The rendered

imageshemseles,of coursedo not exhibit this motion.
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Figure5-5: Imagegenderedrom avideotakenatthe Staplesenterin Los Angeles.Topto bottom:

datacon guration,renderedmagesfalse-colowisualizationsandimage-plangessellations.
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Figure 5-6. Imagesshaving the effect of eld-of-view considerationRenderedmages(top) and
false-colowisualizationgbottom).

Thethird rows of imagesshows the tessellatiorof theimageplane. The shapeof the
proxyis clearin theimageontheright. A 25 25grid of sampless usedfor thesemages,
althougha smallergrid resultsin similar quality images.

The fourth row of Figure 5-5 shaws the false-colorvisualizationsfor the two desired
views. The view on theleft is closerto the original camerapath, which resultsin fewer
cameragontributing to the nal image. Theview on theright is fartherfrom the original
path,somorecamerasontributeto theimage,althougheachcameracontributesa smaller
portion.

Figure5-6 shawvs the effect of consideringeld-of-view. Heretheimagesarerendered
again,althoughwith g 1, which weightscameragessif they cannot seea portionof the
sceneFor theview ontheleft, almosttheentireview is lled. Regionsthatareinvisiblein

Figure5-5are lled in with angularlyclosecameraghatobsenre theregion. For the view
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Figure 5-7. Cameracon guration geometryproxy (top), and exampleimages(bottom)from the
hallway example.Threeplanegfront, back,andtop) have beenremovedfrom the proxy for visual-
izationpurposes.

on theright, theimageis expandedsomevhat, althoughthereare still mary regionsthat
arenotseenby ary camera.
Theimagesin this exampleall view the proxy at approximatelythe samedistance so

includingaresolutionmeasuraeloesnot changetheimagequality.

5.3.3 Example#3

This exampleis constructedrom a long video sequencén which the cameramovesfor-
ward down a hallway. The camerais mountedon an instrumentedobot that recordsits

positionasit moves. Suchforward cameramotionis not handledwell by previousimage-
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basedenderingechniquesbut it is processedby the ULR algorithmwith no specialcon-
siderations.The proxy for this scends asix sidedrectangulatubethatis roughlyaligned
with the haliway walls. Sincethevideocontainsmary frames(1096),only every 5" frame
(219total)is usedin thelumigraph.Thisreductionin thenumberof imagesallowsthedata
to t entirelyonthegraphicscardfor bestperformance.

None of the cabinets,doors,or otherfeaturesin the hallway are explicitly modeled.
However, virtual navigation of the hallway givesthe impressiorthatthe hallway is popu-
latedwith actualthree-dimensionadbjects.The cameracon gurationsandsomeexample
cameramagesfrom theimagecollectionareshownn in Figure5-7.

Two renderedmagesandtheir correspondindalse-colorvisualizationsare shavn in
Figure5-8. Becaus®f theunusualnputcameracon guration,thefalse-colowvisualization
looksunlike any blendingpatternseenn otheralgorithms.It consistof two setsof circular
regionsthatmeetin themiddleof theimage.Oneof theregionscorrespondso camerashat
arein front of the desiredview, while the otherregion corresponds$o camerasehindthe
desiredview (in this casethedesiredview is in themiddleof thehallway). Smallerregions
belongto cameraghat are physicallyfartheraway from the desiredview. Their distance
causesheangulammeasuréo weightthesecamerasess,exceptaroundtheepipoleswhich
arelocatedroughlyatthe centersof thetwo circularregions.As thedesiredcameranoves
down the hallway, oneregion “expands”while the other“contracts.

This examplealsodemonstratethe needfor both eld-of-view andresolutionconsid-
eration. Figure5-9 showvs an extremeview of the hallway from a viewpointat whichiit is
physicallyimpossibleto placea camera.Whenthe eld-of-view is not consideredihena
largeportionof theimageis invisible (toprow). When eld-of-view is consideredthenthe
invisibleregionsare lled in from nearby images.

Thetop row of Figure5-10shows thetypesof blurring artifactsthatcanoccurif reso-
lution is ignored. The secondow shows theresultof usingthe simpleresolutionmeasure
(b 1). Low resolutionimagesare penalizedandthe wall of the hallway appearsmuch
sharperwith a possiblelossof view-dependenceherethe proxy is poor. Fromthefalse-
colorvisualization,it is apparenthatthe resolution-sensitie renderingusesfewer images

ontheleft handsideof theimage whichis wheretheoriginal renderinghadmostproblems
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Figure 5-8 Two renderedmagesfrom a hallway at MIT (top), the false-colorvisualizationsfor
each(middle),andtheimageplanetessellationgbottom).
with excessve blurring. In this case the attenuatedamerasaretoo far behindthe desired
view.

As mentionedreviously, thehallwaylumigraphusesabout219framesfrom anoriginal

collectionof 1096frames.Calibrationinformationis availablefor all 1096frames,which
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Figure 5-9 Imagesdemonstratinghe impactof eld-of-view on the hallway example. The top
imagesgnore eld-of-view, resultingin blackareasvherecamerasio not seeanything.

allows for a comparisorof imagesproducedby the renderingalgorithmto actualimages
thatarenot within the lumigraph. Figure5-11 shavs a comparisorfor threeframesfrom

the original sequencéut not usedin thelumigraphrendering.The rst columnshownsthe
original frames,the secondcolumn shows the unstructuredumigraphrendering,andthe
third columnshaws a differencemage.

Qualitatvely, theimagescomparerery favorably, exceptthatthevirtual imagesareless
sharpthanthe originals. The differenceimagesrevealtwo commonerrors: errorsaround
the edgesof objectsanderrorsnearspeculare ections andhighlights. The rst type of
error is causedoy the approximategeometryproxy. The secondtype of erroris dueto
angulardifferences$etweertheoriginal view andtheviewsin thelumigraph.A denseset
of viewsin thelumigraphwould betterreproduceview-dependengffectssuchashighlights

andre ections.
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Figure 5-10 Imagesdemonstratinghe impact of resolutionon the hallway example. Note the
orangepaperontheleft wall.
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5.3.4 Example#4

While the previous examplesprimarily occupy thelight eld endof theimage-baseden-
deringspectrumthis exampledemonstratethe view-dependentexture mappingaspects
of thealgorithm. This unstructuredumigraphconsistof only 36 imagesof acaranda500
facepolygonalgeometricproxy. Theimagesarearrangedn 10 degreeincrementsalong
a circle aroundthe car Theimagesarefrom an “Exterior SurroundVideo” (similar to a
QuicktimeVRobject)databaséoundon the carpoint.msn.corwebsite.

Theoriginalimageshave no calibrationinformation. Insteadjt is simply assumedhat
the camerasare on a perfectcircle looking inward. Using this assumptionthe proxy is
madeby constructinga roughvisual hull modelof the car  Sincethe true focal lengths
areunknown, the cameraocal lengthsare optimizedby handto give the bestreconstruc-
tion. The modelis simpli ed to 500 faceswhile maintainingthe hull propertyusingthe
progressie meshvariationdescribedn [Sanderetal. 2000].

Figure5-12shavstwo renderedriews of the car Thetop row shavstheinputcamera
con gurations,theproxy, andthedesiredviewsin red. Thesecondow shovstherendered
virtual views, andthe third row shaws the false-colorvisualizations. In this case,since
therearesofew imagesgeachdesiredmageis composeaf a smallnumber(threeor four)
of input images. The fourth row shaws the tessellationof the geometryproxy. In this
example theproxyis sufciently complex andthenumberof camerags sufciently small,
sothatthe cameraweightingneedonly be sampledat the meshvertices.This reductionin
thenumberof samplinglocationsincreasesheef ciency of thealgorithm.

Notethatthe geometrigoroxy is signi cantly largerthanthe actualcar, andit alsohas
noticeablepolygonalsilhouettes.However, whenrenderedusingthe ULR algorithm, the
roughshapeof the proxy is largely hidden. In particular the silhouettesof the rendered
car are determinedby the imagesand not the proxy, resultingin a smoothcontour(see
Figure5-13).
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Figure 5-12 Virtual imagesfrom the car example. Top to bottom: datacon guration, rendered

views, false-colowisualizationsandimage-plandessellations
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Figure 5-13 A closeupshaving how the carsilhouetteis determinedy theimages(left) andnot
thegeometry(right).

Figure 5-14 Two views of a at-shadedproxy constructedvith the polyhedralvisualhull system.

5.3.5 Example#5

This examplealsoexhibits a VDTM applicationof unstructuredumigraphrendering.in
this casetheproxyis a coarsegeometriomodelof a person(seeFigure5-14). This model
is a snapshofrom the polyhedralvisual hull system[Matusik et al. 2001], aninteractve
visualizationsystemthat constructsand rendersthree-dimensionainodelsof objectsin
real-time. The systemworks by constructinga three-dimensionamodel from multiple
silhouettesof anobject. The silhouettesareobtainedoy segmentingfour video streams.
Thesystenusegheunstructuredumigraphrenderingalgorithmto provide afast,view-
dependenvisualizationof thethree-dimensionahodels.Thelumigraphshave reasonably
goodproxy geometry but have only four imagesroughly arrangedn a 180 degreesemi-

circle aroundthe object. Becausef the highly tessellatedjeometryandsmallnumberof
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Figure 5-15 (a) Thetexturedpolyhedralvisual hull. The unstructuredumigraphcontainsonly 4
images. (b) The associatedalse-colorvisualization. Note that only two images(coloredred and
green)contritute mostof thetextures.

imagestheweightvectorsareonly sampledat the proxy vertices.Thetexturedvisual hull

andits associatedlalsecolor visualizationareshavn in Figure5-15.

5.4 Summary

This chaptethaspresentedhe unstructuredumigraphrenderingalgorithm,areal-timeap-
proximationof the radiancereconstructiomoutinesdescribedn Chapterd. By exploiting
ve optimizationsthe runningtime of the algorithmis reducedrom 5 hoursperimageto

lessthan33 millisecondsperimage(i.e., morethan30 framespersecond).

Thealgorithmis demonstrategvith a numberof examples.Someof the examplesuse
hand-heldvideo, which exploits the ability of the algorithmto handleunstructurednputs.
The hallway exampleusesimagesthat exhibit forward motion, a commoncon guration
of input imagesthat had never beeneffectively usedbeforein animage-basedendering
algorithm. Unstructuredumigraphrenderinghandlesthis casebecauset is basedon an
angle-basetiew-dependentenderingstratgy thatproperlyhandledarge numbersof im-
ages.

Otherexamplesusehigher delity geometryproxieswith fewerimageswhichdemon-

stratethealgorithm'sability to accommodatawide rangeof inputs. Oneof theseexamples
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comesfrom the polyhedralvisual hull systemwhich is a real-timerenderingsystemthat

requiresreal-timeperformance.
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CHAPTER 6

Non-Metric Unstructured Lumigraph Rendering

The unstructuredumigraphrenderingalgorithmoutlinedin the previoustwo chaptersal-
lowsfor renderingrom awide varietyof imagecollections.Therearenorestrictionsonthe
arrangemenodf input camerasnor on the compleity of scenegeometry However, there
is oneimplicit restriction: the input camerasnustbe stronglycalibrated.In otherwords,
the camerasintrinsic parametergare known, anda Euclideanrepresentationf the scene
(camerasndgeometry)s available. Relaxingthis restrictionis thefocusof this chapter
Extendingunstructuredumigraphrenderingto non-metricimage collectionswidens
thealgorithm'sapplicability. In mary casesit is verydif cult toobtainastrongcalibration.
For example thecameraandlensmaynotbeavailable, whichmakescalibratingthecamera
focal lengthdif cult. Many self-calibrationtechniquegi.e., calibratingthe camerafrom
arbitraryimageshave beenproposedFaugeragtal. 1992;Pollefeysetal. 1999],but these
techniquesarefragile anddo not work in all situations. The car examplefrom Chapters
presentsanotherapproach:guessthe calibration. However, guessings very dif cult in
situationsin which the cameraparametersnay be changing,suchas whenthe camera

Zooms.

In light of theseproblems analgorithmthatworksdirectly with non-metricsceneep-
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resentationss very useful.

6.0.1 Overview

The rst half of this chapterenumerateshe aspectof unstructuredumigraphrendering
thatneedto be modi ed in orderto accommodat@on-metricdata. It turnsout thatthere
arefour aspectof the ULR algorithmthat make Euclideanassumptions.Eachof these
problemareasareanalyzedandnon-metricsubstitutionsareproposedTheresultingnon-
metric algorithmsatis esalmostall of the desiredpropertiesoutlinedin Chapter3, with

somenotedexceptions.

The secondhalf of the chapterappliesthe non-metricULR algorithmto a common
problem:video stabilization.It is shavn thatnon-metricULR is a naturalsolutionto this
problem,sincethe weaknessesf the non-metricapproactareoffsetby the speci ¢ needs
of thevideostabilizationproblem.Thevalidity of theapproachs demonstratedith three

examples.

6.1 Problemswith Non-Metric Rendering

Recallthat with a non-Euclidear(non-metric)scenereconstructiondistancesandangles
betweenpointsandlines are not meaningful. Non-metricdistancesand anglescertainly
do not re ect the “true” (i.e., Euclidean)values,but they also do not presere relative
magnituder ordering.

The assumptiorof a Euclideanreconstructiorentersinto the unstructuredumigraph
renderingalgorithmin multiple places. Theseplacesare describedn moredetailin the

following sections.

6.1.1 Angle Measure

The imagecorrelationfunction from Section4.1.1is indexed by the anglebetweentwo
rays. This angleis the naturalmeasureof angulardifferencebetweerrays,but someother

measures neededor a non-metricalgorithm.
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6.1.2 ResolutionMeasure

The simpli ed resolutionmeasurdrom Section5.1.2is basedon Euclideandistancese-
tweencamerasAgain, thesedistancexannot be used,so someotherresolutionmeasure

mustbe employed.

6.1.3 Geometry Proxy

Thegeometryproxy usedin unstructuredumigraphrenderingypically consistof asmall
setof planesthatare“close” to the scenestructure. Sincethe ideaof closenesgassumes

Euclideandistancesomeotherway of specifyingthe sceneproxy is needed.

6.1.4 Navigation

Unstructuredumigraphrenderingspeci esthe desiredcameran termsof standarccom-
putergraphicgechniquesywhich make Euclideanassumptionsin a Euclideanframenork,
camerapositionscanbe speci ed by settinga translationvector a rotationmatrix, anda
eld-of-view. In a non-metricsetting,the unknavn intrinsic andextrinsic camergparame-
terscannotbedecoupledn thisway. Camergoosition,orientationand eld-of-view must
be speci ed differently or constrainedn suchaway asto berealizable.This requirement

is themostdif cult to satisfyin anon-metricsetting.

6.2 Non-Metric Modi cations to ULR

A non-metricULR algorithmcanbe obtainedoy modifying the EuclideanULR algorithm
sothattheanglemeasureresolutionmeasureproxy geometryandnavigationarespeci ed
in anon-metricsetting.

Begin by assuminghata projective reconstructiorof a scends known, andthatit has
beenobtainedfrom a setof correspondingpoint features. The sceneis representeds a
collectionof 3 4 projectionmatricesP; and4 1 structurepointsM j, which projectonto
thecorrespondingointfeaturesn;;. If thescenenasnotbeenobtainedrom pointfeatures,

thenassumehat correspondingpoint featureshave beenselectecandthatthe appropriate
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structurepointshave beenderivedfrom thesefeatureqif thefeaturegruly correspondthen
this computations atrivial matter).

Theprojectivereconstructiorspeci esonly that
mijj  PiMj

wheremijj is a point feature(representedu v 1 T) in imagel;, and  denotesequality
up to scale. Note that a projective reconstructionis uniquely de ned up to an arbitrary
projectvetransformationT . Thatis, transforminghe projectionmatricesandthestructure

pointswith T resultsin anequvalentprojectie reconstruction:

mj PRT 1 TM; PM,

This unknown projective transformatiormakesit impossibleto compareanglesanddis-
tancesn the non-metricspace.However, it is clearthatthe projectionsof quantitiesinto
theimagespaceareunafectedby T. Thus,image-to-imageransformationssuchaspla-
narhomographiesare unafectedby the projectve distortionintroducedby T. In light of
this obsenation,non-metricunstructuredumigraphrenderingusesdirectimage-to-image
transformsandimage-spaceeasureto avoid measuringjuantitiesn theprojectve space.

However, it doessoat the costof someof thedesiredpropertiefrom Chapter3.

6.2.1 Angle Measure

For eachindividual pixel in the desiredview, the ULR algorithmblendsbetweencorre-
spondingpixels from multiple referenceviews. Givena setof correspondingixelsp; in
the referenceviews, the nal color of the pixel pges in the desiredview is computedasa
weightedaverageof thesereferencepixel colors. The colorsareinverselyweightedbased
on the angulardifferencebetweerthe referenceviewing raysandthe desiredviewing ray
(seeFigure6-1). In fact, the actualanglesarenot thatimportant;rather it is therelation-
shipsbetweeranglese.g.,which angleis biggerthananotherthatmattermost.
Considemeasuringelative anglesizesusingthe following measurale ned in image
space Computethevanishingpointsy; of all thecorrespondingbsenerraysasseenn the

desiredview. Thedistanced; Vv; pges iSthenarelatve measureftheangulardistance
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Scene Point

Figure 6-1 TheEuclideanULR algorithmuseshe angulardistancefrom the desiredray.

Desired Image Plane

Reference
wl

Desired
w

() (b)

Figure 6-2 Vanishingpointdistancemeasurementa) An alternatve anglemeasures thedistance
of thevanishingpointsv; from the projectionof the scengoint pges (b) Thevanishingpointshavs
whichrayin thedesiredview is parallelto theobserer ray.

betweenthe desiredviewing ray andthe referenceviewing ray (seeFigure 6-2a). This
measurebehaes enoughlik e the true angle(i.e., smallerangleshave smallermeasures)
to computeinterpolationweights. Note thatin the caseof known cameraintrinsics, the

vanishingpoint distancecanbetrivially corvertedinto anactualanglemeasurementThe
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(@) (b) (c)

Figure 6-3. A comparisorof false-colowisualizationghatusetrueanglega), andvanishingpoint
approximationgc). Thedifferencesdetweena) and(b) areshavn greatlyexaggeratedn (c).

diagramin Figure 6-2b demonstratefiow this constructionworks. The vanishingpoint
tells which ray in the desiredview is parallelto the obseredray. If the obseredray is
parallelto thedesiredray (i.e., they arethe sameray) thenthe vanishingpoint equalspges
andthedistances zero.

The validity of this approachis demonstratedn Figure6-3. This gure shaws two
false-colorvisualizationsfor Example#1 from Chapter5. The visualizationon the left
useghestandardnglemeasurdrecallthata Euclidearreconstructions availablefor these
images)while thevisualizationin the middle usesthe proposedranishingpoint measure.
Thetwo imagesareslightly different, particularlyaroundthe imageborders,asshovn in
the exaggeratedlifferenceimageon theright. It is clearthatthe vanishingpoint measure
providesa goodapproximatiorto thetrueanglemeasure.

Of course computingvanishingpointsrequiresknowledgeof the planeatin nity Py,
whichis unknownn in aprojectve reconstructionlf theplaneatin nity isfound,upgrading
thereconstructiorirom projectveto af ne, thenvanishingpointscouldbeusedto measure
relatve anglemagnitudesUnfortunately computingtheplaneatin nity is oneof themain
reasonsvhy obtaininga Euclidearreconstructions sodif cult. Findingtheexactplaneis
very sensitve to noisy dataandtheinput cameracon guration.

However, it is not critical to have the true planeat in nity to usethis vanishingpoint
measure.lIt sufces to usea planethat satis es cheirality constraintgHartley 1993]to

approximateplaneatin nity . The cheirality constraintgequirethatall data(camerasand
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structurepoints)lie on oneside of the chosernplane. Further choosingthe furthestsuch
planegivesanimproved approximationHartley et al. 1999]. Using sucha plane,called
Py, resultsin aquasi-afne reconstructiorof the scendHartley 1993]. Thus,non-metric
unstructuredumigraphrenderingrequiresa quasi-afne scenereconstructionwhich is
generallyeasierto obtainthana full Euclidearreconstruction.

Given this planePy, vanishingpoints can be computedusing a planarhomography
mappingfrom pointsin imagel j, onto the approximateplaneatin nity , andbackto van-

ishingpointsin imagel;. Thishomographys givenby

whereP; is the projectionmatrix for imagel;, and Py is the inverseprojectionmatrix
mappingpointsin imagel; ontotheapproximateplaneatin nity .

Notethatsincethis anglemeasureriolatesthe radianceconsisteng property asit de-
pendson the projectionmatrix of the desiredview. For example,virtual views with dif-
ferent eld-of-views or orientationsmay resultin differentreconstructiongor the same

radiance.

6.2.2 ResolutionMeasure

The simpli ed resolutionmeasuralescribedn Section5.1.2usestherelative distanceof
cameradgrom the scenepoint asan estimateof resolutionsimilarity. Sinceit is basedon
distancesthis measures unsatisctoryin anon-metricsetting.

However, recallthatthefull resolutionmeasuregescribedn Section4.2.2is basedn
theJacobiarof theplanarhomographyelatingtwo camerasnda planein thescene Since
this measuras basedon animage-to-imagedransform,it is immuneto the effectsof the
unknawvn projective transformation. Thus, the original resolutionmeasurewhile slower

thanthesimpli ed one,is suitablefor usein the non-metricalgorithm.

6.2.3 Geometry Proxy

The ULR algorithmusescorrespondenckeasedon planarpolygons. This correspondence

impliesa seriesof homographiespneperpolygon,thatrelateonecamerao another
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Givena polygonk, its associateglaneP x, andtwo camergorojectionmatricesP; and
Pj, it is possibleto computethe planarhomographyH;ji relating the pixels in the two
cameras:

Hijk  PiPy
whererk isthe4 3 inverseprojectionmatrix thatmapspixelsin imagel; ontotheplane
Px. Thesehomographiesi;jx establisha correspondencbetweenmagel; andimagel
throughplaneP .

This type of correspondencis well-suitedto a non-metricalgorithmsinceit is based
ontheimage-to-imagenappingH;jx. Theonly dif culty is specifyingthe polygonalproxy
in the rst place. Thetypical approaclof choosingpolygonsthatare“close” to the scene
doesnotwork, sinceit is dif cult to de ne theclosenessneasureHowever, it is possible
to de ne polygonsthat passexactly throughthe known structurepoints. Sinceprojectve
transformationslo presere incidence a setof polygonsthatpasseshroughthe projectve
structurepointsalsopasseshroughthe“true” Euclidearstructurepoints.

Theproxy polygonsarede ned by triangulatingthe projectionsof the structurepoints.
Givensomedesiredview with projectionmatrix Pges, thestructurepointsM j areprojected
into thatview. The Delaunaytriangulationof theseimagepointsresultsin atessellatiorof
theimageplane.Thetopologyof this triangulationis transferredo the projectve structure

pointsto arrive at a polygonalproxy.

6.2.4 Navigation

Navigationis perhapshemostdif cult problemwhendealingwith non-metricspacesin a
projectie setting,the projectionmatrix of anovel view canbe computedoy specifyingthe
desiredimageprojectionsof the structurepoints[Faugerasand Laveau1994]. However,
this methodof navigationis not very intuitive andmay leadto non-rigid cameramotions
or otherimprobablemotions. For example,one could move two verticesof a squareand
leavetheothertwo x ed,resultingin adistortedmageof asquaren thedesiredview. This
distortionmayor maynot correspondo arigid cameranotion.

To combatunwanted(e.g., non-rigid) imagetransformationsit is usefulto usean a
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priori motion model when positioningthe projectionsof the structurepoints. The mo-
tion modelconstrainghe structurepointsto motionsthatarerealizablewithin the model.
For example,underalinear motion model,the projectionsof the structurepointsarecon-
strainedto move in straightlines. If the desiredmotion is not linear, thenothermodels
maybe used.For example,onemight usea purerotationalmodel,a rotation-about-a-point
model,or somethingaven moreexotic. Two examplemotionmodelsarediscussedurther
in Section6.4.2.

Thistype of navigation,while a bit cumbersomas well-suitedto the problemof video
stabilization. By tting the obsened featuresmotionsto a smoothmotion model, it is
possiblederive a sequencef projection matricesthat correspondo a stabilizedvideo
sequenceThe detailsof the video stabilizationprocedureare describedn the following

sections.

6.3 Non-metric ULR for Video Stabilization

An unstabilizedvideo is an image sequencehat exhibits unwantedvariationsin the ap-
parentimagemotion. The goal of video stabilizationis to remove thesevariationswhile
preservinghe dominantmotionsin theimagesequence.

Most video destabilizationis dueto physicalmotionsof the camera.Thus,mary so-
lutionsto the probleminvolve hardwarefor dampingthe motion of the camerasuchasa
Steadicanrig or gyroscopicstabilizers. This equipmentworks well in practice,but it is
very expensve. Recently mary consumeigradevideo cameraave beenequippedwith
videostabilizationfeatures However, thesemethodsareoftennotgoodenougho stabilize

grossmotionsof the cameraBecausef thesereasonssoftwaresolutionsareattractve.

6.3.1 Other Approachesto Video Stabilization

Many previous software approacheso video stabilizationassumdittle to no knowledge
of theactualthree-dimensionatameranotion,andinsteadwork to minimizeimagespace

motionsdirectly. A commonapproachs to estimatea dominantplanarhomographythat
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stabilizesa large planarregion in the video [Irani et al. 1994]or to usesimple2D transla-
tionsto lock ontoanobject.

Onebasicproblemwith theseapproachess that pureimagetransformation®ften do
not correspondo reasonableameraransformationsFor example,stabilizinga video by
usingpuretranslationof the video framesis equialentto varying the cameras principal
point, which is unlikely to be the true causeof the destabilization. Homography-based
schemeslo abetterjob, but they only stabilizeplanarscene®r rotationalcameramotions.

Highly non-planasscene®r translationatameramotionsarenot stabilized.

6.3.2 TheIBR Approachto Video Stabilization

This thesisproposesa software video stabilizationalgorithm basedon image-baseden-
dering(IBR). Thebasicpremiseof theapproachs simple. AssumethatIBR cangenerate
novel views from somesetof known referencamages. Assumefurther that the unstabi-
lized camerdrajectory(i.e., camergositionsandorientations)s alsoknown. Then,video

stabilizationcanproceedn two steps:

1. Remaore unwantedmotionsfrom the known camerarajectorythroughsomesort of

Itering or smoothingprocedure.

2. UsingtheIBR algorithm,rendera new imagesequencalongthe stabilizedcamera

trajectory

IBR stabilizatiormethodgotentiallyavoid the problemsof two-dimensionahpproaches
becausehey canallow for virtual cameranavigationin thescene Thus,thevirtual camera
canbemovedonasmoothpath,removing thevideodestabilizatioratits sourceandresult-
ing in astablevideofor all imageregions.Not only cananIBR methodremove unwanted
rotationalandtranslationamotions,it canalsostabilizethe velocity of the cameraandthe
variationin thecameras focal length.IBR methodscanalsomeigeinformationfrom mul-
tiple video framesto synthesizea completelynew view, sothey arenot limited to simple
imagewarping.

ThelBR approactde nestwo problemgo solve: (1) Itering thecamerarajectoryand

(2) renderingnew views giventhe original views.
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In the methodoutlined here,non-metricunstructuredumigraphrenderingis usedto
generatenovel views. The ltering procedurds implementedy tting the obsereddata
to a priori motion models. Both of thesetasksare donewithout requiringa Euclidean
reconstructiorof the scene,which makes this approachgenerallyapplicableto a wide

rangeof videosequences.

6.4 Stabilizing Video

The rst stepin the proposedrideo stabilizationproceduras to obtaina projective recon-
structionof thevideosequencelt is notimportanthow thisreconstructiornis obtainedjust

thatit conformsto the descriptiongivenin Section6.2.

6.4.1 Computing a Projective Reconstruction

Brie y, the projective reconstructiontechniqueusedin this thesisproceedsas follows.
First,imagefeaturesaredeterminedisingoff-the-shelftracking softwarethatimplements
the algorithm describedn [Shi and Tomasi1994]. At least300 featuresper frame are
tracked, becausehe resultingfeaturesgenerallycontainmary bador poorly tracked fea-
tures. Occlusions view-dependentffects (re ections and highlights), motion blur, and
otheruncontrollablefactorsall contribute to poor featuretracking. Eliminating thesebad
featuress key to obtaininga qualityreconstructionAs a rst step,all featureghatexist for
lessthan30 frames(i.e., onesecond)areeliminated.Shortfeaturetracksoftencorrespond
to badfeatures.

Next, aninitial projectve reconstructions computedusinga projectie factorization
techniqueTriggs 1996]. This factorizationapproachresultsin a roughsolutionthatmay
becontaminatedby theremainingoadfeatures At this point,abadfeaturecanbeidenti ed
by examiningits reprojectiorerror, the distancebetweerthefeatures trackedlocationand
the projectionof its correspondingstructurepoint. If the reprojectionerroris large (e.qg.,
greaterthan 20 pixels), thena featureis consideredad. After culling morebadfeatures
in thisway, the solutioncanberecomputedisingprojective factorizationto obtaina better

initial guess.
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This initial guessis still not an optimal solution(in termsof minimizing reprojection
error) evenif all the featuresare good. The solution can be improved by using robust
bundle adjustmentechniqueqTriggs et al. 2000]. Bundle adjustmenis simply a non-
linearoptimizationthatminimizesthereprojectionerrorof all thefeaturesn theprojective
reconstruction. Bundle adjustmentworks by iteratively adjustingthe parameter®f the
projectivereconstructiomntil thesumof reprojectiorerrorsreacheslocal minimum. The
parameter®f the projectionreconstructiorare simply the 12 elementf eachprojection
matrix andthe4 elementf eachstructurepoint. Bundleadjustmengenerallyresultsin a
high-qualitysolution,evenwith this non-minimalparameterization.

For long image sequenceshis processneedsto be modi ed becausedhe projective
factorizationapproactrequiresthatall featuresbevisible in all images.This restrictionis
not satis ed in mostvideo sequencesTo dealwith this problem,the imagesequenceas
dividedinto overlappingsub-sequencesith independensolutionsfor eachsub-sequence.
Theindependensolutionsarethenmappednto acommonprojective frameby computing
pairwise projectie transformations.While this methoddoesnot alwaysgive a globally
consistensolution,it is generallysufcient for thevideostabilizationtask.

As a nal step,the projective reconstructions upgradedo a quasi-afne reconstruc-
tion by approximatinga planeatin nity . The proceduredetailedin [Hartley et al. 1999]
provides a suitableplanefor this purpose. This approximateplaneis usedto compute

vanishingpointhomographiesvith Equation6.1.

6.4.2 CameraTrajectory Filtering

Oncea quasi-afne reconstructiorof the original video sequenceés available,the camera
trajectorymustbe Itered to remove unwantedmotions.However, sinceonly a non-metric
reconstructions available,it isimpossibleto Iter thethree-dimensionalamerdarajectory
directly. Insteadthe ltering is indirectly accomplishedy Itering the two-dimensional
motionof theobsenedimagefeaturesTheseltered imagefeaturesarethenusedo derive
asequencef stabilizedprojectionmatricesP; thatgenerate stabilizedimagesequence.

Thisfeature ltering startsby computingtargetlocationsfor thetrackedimagefeatures
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Figure 6-4. Threeiterationsof the feature ltering procedure. The initial featurelocationsare
dravn assolid lines, andthe taigetlocationsareshavn asdots. The desiredfocusof expansionis
marked with a circle. (top) Before optimization. (middle) After oneiteration. (bottom) After all
iterations.
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in eachframe. Thesetargetlocationsspecifywherethe projectionsof the structurepoints
shouldappeaiin a stabilizedvideosequence.

Giventhetarmgetlocations,the stabilizedprojectionmatricesare computedoy slightly
adjustingthe unstabilizedprojectionmatricessothatthey projectthe structurepointsonto
thetargetlocations(insteadof theoriginal featurelocations).Thisadjustments doneusing
anon-linearoptimizationvery similarto bundleadjustmen{describedn Section6.4.1).In
this case the parameterizatioronsistsof only 12 parametergor eachprojectionmatrix,
andtheoptimizationis notallowedto adjustthepositionsof thestructurepoints. Theinitial
parametevaluesaresetto theunstabilizedprojectionmatrices. Theminimizederroris the
reprojectiorerrorbetweerthe projectionsof the structurepointsandthetargetlocations.

After runningthis optimization the quality of the solutioncanbe evaluatedoy examin-
ing thereprojectionerrors.Large reprojectionerrorsindicatethatthe targetlocationshave
beenpoorly selectedIn suchcasesthetargetlocationscanbe re-estimatedrom the new
solutionandthe optimizationrun again. It hasbeenfound empirically that this iterative
processjuickly convergesto agoodsolution.

Figure6-4illustratesthe evolution of the stabilizedprojectionmatricesduringthe opti-
mization. Theinitial featuretracks(i.e., thecurvesthatthefeaturedraceoutovertime) are
shavn assolid lines. Thetargetlocationsaredots. Herethetargetlocationscorrespondo
alinearmotionmodel,whichis describedn the next section.

Computingthestabilizedtargetlocationsis themostdif cult step.Onewayto stabilize
the locationsof the featuresis to low-pass lter the spatialvariation of the featuresover
time, andthenmapthe original featurego pointsonthe new path. This techniquereason-
ably Iters thefeaturelocationsbut it enforceso constrainton theimplied motionof the
stabilizedcamera. To enforcerigid-motion (and other) constraintsjt is advantageouso
applyaprior modelto the motionof the desiredfeaturelocations.

Usingamotionmodelhelpsensurghatthe new projectionmatricescorrespondo rigid
motions. Somepossiblemotion modelsincludelinear translation fronto-paralleltransla-
tion, circularmotionabouta x edtamet,etc. In generaltheselectednotionmodelshould
roughly correspondo the obsened motion in the scene. If not, thenthe model tting

proceduredescribedgreviouslyis notlikely to succeed.
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Theexampledn thisthesisusetwo differentmodels:(1) thelinearmotionwith constant
velocity modeland(2) the Hitchcock“Vertigo effect” model. Thesemodelsaredescribed

in thefollowing two sections.

Linear Motion with ConstantVelocity Model

In thismodel,the stabilizedcamerashouldmove at a constantelocity alonga straightline
while looking in the samedirection. With linear motion, it is well-known thatall image
featuresmove radially to (or from) a point calledthefocusof expansionfHorn 1986].

To usea linearmotionmodel,it is rst necessaryo estimate(or specifyby hand)the
focusof expansionwhich may or maynotbein the eld of view, andto t radiallinesto
theinitial featuretracks.

Next, theunstabilizedeaturesaremappedo pointsontheradiallines. Thesepointson
theradiallinesbecomehetarmgetlocationsof the unstabilizedeatures Often,the original
featuresdo not map well onto the lines (seeFigure 6-4a), but in any casethe original
featuresaremappedo theclosestpointontheline.

Finally, the targetlocationsareredistributedalongthe lengthof the line accordingto
the constantvelocity assumption:astime progressespoints shouldmove monotonically
toward (or away from) the focusof expansion.More speci cally, the projectionof a point
moving with constantelocity should t alog functionof theformalogt tg b, where
t is atimeindex anda, b, andty areunknovn parametersTheseparameterareestimated
for eachtargetlocation,andthey dependn someway on therelative depthsof eachstruc-
ture point. The actualdepthsare unimportant,althoughproperdistribution of the target

locationshelpsensurea physicallyplausiblecameramotion.

Hitchcock “V ertigo Effect” Model

In this model,the camerasimultaneouslynovesforward (backward)andzoomsout (in) to
keepthesizeof aforegroundobjectconstant.This motionimitatesacinematographieffect
madepopularby Alfred Hitchcock. Note that this motion modelincorporateshangesn
both the intrinsic and extrinsic cameraparameters.As a result, the stabilizedvideo has

smoothmotionandzooming.
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Figure 6-5. An exampletriangulationthatis usedfor determiningthe proxy.

In the Hitchcockzoommodel, therearetwo classesf features:foregroundfeatures
andbackgroundeatures.Foregroundfeaturesare constrainedo remainstationary while
backgroundeaturesmove radially muchlik e in thelinearmotionmodel. Thefocusof ex-
pansionis takento bethecenterof the foregroundobject. The backgroundarmetlocations
areredistributeduniformly alongtheradiallines.

In thisimplementationthe foregroundfeaturesareselectedy hand.

6.4.3 Rendering

As the nal step,thestabilizedimagesequencés renderedusingnon-metricunstructured
lumigraphrendering. The executionof the renderingalgorithm proceedsasin previous
chaptersgexceptthatthe geometryproxy is createddynamicallyfor eachframe. For each
desiredview, therendererrst computeghetriangulartessellatiorof the visible structure
points. A structurepoint is deemedvisible in a desiredview if it is visible in the corre-
spondingoriginal view. An exampleproxyis shavn in Figure6-5.

Brie y, for eachpixel in the desiredview, the renderercomputesthe corresponding

pixelsin the referenceviews usingthe planarhomographiesi;;.. Eachreferencepixel is
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assignedweightaccordingo thevanishingpointdistanceswhicharecomputedisingthe
homographiesl;jz . Field-of-view andresolutioncanalsobetakeninto account.Typically
k 4referencemagesareusedat eachpixel.

Oneadditionalmodi cation to the original ULR algorithmcanalsobe used.Because
arbitrary video sequencesan containmoving objects(i.e., they violate the static scene
assumption)blendingmultiple imagestogetherfrom differentpointsin time canleadto
temporalartifacts.To alleviatethis problem theimagesusedio generateachoutputimage
canberestrictedo a subsethatfalls within atemporalwindow of thedesiredmagetime.
In the examplesusedin this thesis,a temporalwindow of 11 framesis used.Thatis, each
outputimagecontainscontritutionsfrom at most11 images.At 30 frames-pessecond;11
framescorresponds$o a temporalwindow of 183 second®n eithersideof the desired
frame. The temporalwindow canbe madebigger(smaller)if the video containsslower

(faster)motions.

6.5 Examples

This sectionpresentshreeexamplesof thevideostabilizationtechniquan action. The rst

two examplesusethelinearmotionwith constantelocity model,while thethird example
usesthe HitchcockVertigo effect motionmodel. All of the video sequenceareacquired
with a hand-heldvideo camerathathashadits own video stabilizationfeaturesdisabled.

All otherautomatidfeaturesof the camerahave beenenabled.

6.5.1 Example#l

Figure 6-6 demonstrateshe feature Itering resultsfrom the rst linear motion model
example. In this example,the hand-heldcamerais moved forward down a hallway. The
gure plotsthe motion of the featurepointsover time. The tracksdravn with solid lines
arethe original featuresthat were tracked with automaticfeaturetracking software [Shi
andTomasil994]. Thetracksdravn with reddottedlinesarethefeaturesasseenfrom the
stabilizedcameratrajectory A smallcircle marksthe focusof expansionthatis usedfor

thelinearmotion model.
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Figure 6-6. Featurdracksfor avideosequencevith forwardcameranotion. Theoriginal features
are solid black, and stabilizedfeaturesare red dots. The featuresare stabilizedusingthe linear

motionwith constantelocity model,whosefocusof expansionis shavn with a circle. An original

framefrom the sequencés shavn in thetopimage.

Figure 6-7 shavs examplerenderingsfrom the stabilizedvideo sequence.The rst
column of imagesshaws split-screencomparisonsf the original videos (left half) and
the stabilizedvideos (right half). The stabilizationis most clearly demonstratedy the
position of thered ling cabinet(right-centerof the images). Note how the red ling
cabinetremainsnearly stationaryin the stabilizedportion of the images,asthe direction
of motionis constrainedo be toward the top of the cabinet. In the unstabilizedimage
portions,the cabinetmovesup-and-davn andleft-to-rightin anuncontrolledway.

Thesecondcolumnof imagesn Figure6-7 shavsthe associateflalse-colowvisualiza-
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Figure 6-7: Renderingdrom the rst video stabilizationexample. Stabilizedframes(right half)
are comparedo original frames(left half) in split-screenmages( rst column). The associated
false-colowisualizationsareshawvn in the secondcolumn.

tionsfor eachof thethreerenderedrames.The visualizationshave circularshapesimilar
to thoseseenin the exampleof Section5.3.3,which suggestghat the quasi-afne angle
measuras reasonableThesevisualizationsdo look slightly differentbecausef the lim-

itation to only 11 imagesin eachrendering. This limitation causedarge portionsof the
imageto to be takenfrom a singleimagein the video sequencewhich shovs up aslarge

constant-coloareadn thefalse-colowisualization.
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Figure 6-8 Featurdracksfor avideosequencavith sidevayscameranotion. Theoriginalfeatures
are solid black, and stabilizedfeaturesare red dots. The featuresare stabilizedusingthe linear
motionwith constanvelocity model,whosefocusof expansion(notshavn) is to theleft-handside
of theimage.An original framefrom the sequencés shavn in thetopimage.

6.5.2 Example#2

Figure 6-8 demonstratethe feature Itering resultsfrom the secondinear motion model
example. In this example,the hand-heldcamerais moved sidevaysin a furniture- lled
room. As before,thetracksdrawvn with solid linesarethe original featuresandthetracks
dravn with red dottedlines arethe featuresasseenfrom the stabilizedcameratrajectory
Thefocusof expansionalthoughnot shavnin this gure, is off to theleft-handside.

Figure 6-9 shaws split-screencomparison®f the renderedmages(right half) to the
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Figure 6-9 Renderinggrom the secondvideo stabilizationexample.Stabilizedframes(right half)
are comparedo original frames(left half) in split-screenimages( rst column). The associated
false-colowisualizationsareshawvn in the secondcolumn.

original images(left half). Note how the tables,railings, and other horizontalfeatures
remainatthe sameheightthroughouthe stabilizedhalvesof theimage.In theunstabilized
portions,the horizontalfeaturesshaw visible up-and-davn deviationsfrom the stabilized
trajectory

The secondcolumnof imagesin Figure 6-9 shaws the associatedalse-colorvisual-
izationsfor eachof the threerenderedrames. The visualizationshave shapessimilar to

thoseseenin the exampleof Section5.3.2,which was madefrom a video sequencehat
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Figure6-10 Featurdracksfor avideosequencaith motionthatapproximatesiitchcocks Vertigo

effect. Theoriginal featuresareblacklines. Stationaryfeatureqon the bear)aremarked with bold

X's. Theremainingfeaturesareconstrainedo maove radially from the centerof the x edfeatures.
Thesefeaturesareshavn with red dots. An original framefrom the sequencés shavn in thetop

image.

alsoexhibits sidavaysmotion. The 11 camerdimitation is notasapparenin thisexample,
becausé¢he sidavaysmotion preventslarge numbersof cameragrom beingvisible in any

singleview.
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6.5.3 Example#3

ThisexamplesimulategheHitchcockVertigoeffectmotionmodel. Theunstabilizedsideo
attemptsto replicateHitchcock's Vertigo effect by simultaneouslynoving and zooming
the cameraby hand(Hitchcock useda mechanicabpparatusn his movies). Even after
repeatedttemptsthe manualresultsaremediocreat best. However, the stabilizedresults
are effective. The algorithmis able to stabilize both the motion of the cameraand the
variationof thefocal length.

The featuretrack comparisonsare shavn in Figure6-10. As before,the original fea-
turesaresolid black. The HitchcockVertigo effect motionmodelis speci edby xing the
locationsof a setof featureswhosepositionsare marked with bold X's. The remaining
featuresare constrainedo move radially from the centerof the x edfeatures.The radial
featuresareshovn with reddots,asin previousexamples.

Figure6-11shawvstherenderingresultsfrom the HitchcockVertigo effect example.In
this example,the teddy bearis the focal objectwhosepositionis constrainedo remain
x edin thevideoframe.Thebackgroundeaturesareconstrainedo move radially. In this
example thestabilizationis dramaticenoughthata split-screercomparisons unnecessary
It is clearfrom thesamageghatthebearstaysin thesamepositionin thestabilizedmages,
while it increasesn sizein the unstabilizedvideo. Note thatbackgroundbjectsthatare
occludedby the bearin someframesbecomevisible in otherframes,indicatingthatthe

backgrounds indeedmoving relative to theforeground.
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6.6 Summary

Thischaptehaspresentednodi cationsto theunstructuredumigraphrenderingalgorithm
to make it suitablefor usewith non-metricimage calibrationdata. Four aspectsf the
original ULR algorithmneedto be modi ed: the anglemeasurethe simpli ed resolution
measurethe proxy constructionandthe virtual view speci cation. The rst threeaspects
canbe accommodatedwvith little trouble. However, specifyingthe virtual view in a non-
metricspacds dif cult. Theproposedsolutionis to specifythedesiredocationsof image
featureausinga prede nedmotionmodel.

While the proposednavigation modeis non-intuitive, it is well-suitedto the task of
video stabilization,which is consideredn the secondhalf of this chapter It is shavn
how simpleimagemotionmodelscanbeusedto lter themotionin anunstabilizedvideo
sequenceTheresultis asequencef stabilizedcamergrojectionmatriceswhich canthen
beusedwith thenon-metricULR algorithmto rendera stablevideosequenceThesuccess

of this techniquds demonstrateavith threeexamples.
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CHAPTER [/

Time-Dependent Unstructured Lumigraph Rendering

One of the main dravbacksto light eld or lumigraphtechniquess the static sceneas-
sumption:thatthesceneandlighting remainconstantvithin the collectionof images.This
chapterconsidersarelaxationof the staticsceneassumptionallowing a scengo vary with
time.

Adding time-dependenc® lumigraphsis conceptuallysimple. The primary dif culty
lies in datasizeandacquisition. First, time-dependencaddsan additionaldimensionto
lumigraphdata,which requiresmuch more memoryresources.Second,acquiringtime-
dependenumigraphdatais non-trivial. Oneneedgo capturemultipleimagesof adynamic
scendrom dozensf differentviewpoints,a dauntingtask.

However, with theever-increasingpower of computerstime-dependertimigraphsare
becomingpractical.lt is notuncommorto seedesktopcomputersvith multiple gigabytes
of memoryandevenlargerharddisks. Thus,storagerequirementarebecomingessof an
issue.Further in recentyearsmulti-camerasystemsave beendevelopedthatcancapture
arraysof video datanecessaryor a fully generaltime-dependeniumigraph[Ooi et al.
2001; Naemuraet al. 2002; Wilburn et al. 2002]. MIT hasits own 64-cameraarray of

inexpensve 1394videocameragseeFigure7-1).
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Figure7-1 MIT's8 8 arrayof videocamerasThearraydeliversa 64-imagdight eld thatusers
caninteractwith in real-time.

In light of thesedevelopmentsthereis agrowing needfor renderingalgorithmsthatcan
handletime-dependerdata.This chapterdescribefiow to modify unstructuredumigraph
renderingfor this purpose. Specialemphasiss placedon unstructuredime-dependent

lumigraphsthatis, lumigraphshataresampledatirregularlocationsin spaceandtime.

7.0.1 Overview

The chapterbegins by describinga simple time-dependentepresentatiof lumigraphs.
Next, the unstructuredumigraphrenderingalgorithmis modi ed to accommodatéime-
dependentlata.

The secondhalf of the chapterdescribesa specialtype of time-dependeniumigraph:
thetime-periodidumigraph.A time-periodidumigraphcapturesa scenehatrepeatstself
inde nitely. It is shaovn how time-periodiclumigraphscanbe cheaplyandeasilyacquired
usingcontinuousszideofrom asinglevideocameraTheresultingtime-periodidumigraphs

areirregularly sampledin both spaceandtime, makingthem perfectcandidatedor the

142



modi ed unstructuredumigraphalgorithm.

7.1 Time-DependentLumigraphs

In previous chaptersa lumigraphconsistedf a geometryproxy, a collectionof images,
andthe projectionmatricesP; associatedavith thoseimages.A time-dependeriumigraph
is de ned to be a geometryproxy, a collectionof images the projectionmatricesP;, and
atimestampj associateavith eachimage. Note thatthis is not the only way to de ne a
time-dependentumigraph(e.g., the proxy could also be time-dependent)ut this is the
time-dependerntumigraphthatis consideredn this thesis.

The time-dependenimage-basedenderingproblemis the sameas that de ned in
Chapter3, if “calibratedimages”is takento meancalibratedin both spaceandtime and
if the speci cation of the desiredview includesa desiredtime t4es aswell asa desired
projectionmatrix Pges. A Similar changeof interpretationappliesfor the de nition of the

time-dependentadiancaeconstructiorproblem.

7.1.1 Time-DependentExtensionsto ULR

The modi cations to ULR to supporttime-dependentenderingare similar to thoseused
for handling eld-of-view andresolutionissues. A time-dependentorrelationfunction
R g f rt isde ned,wheret is atimedissimilaritymeasurale ned muchlikethe eld-
of-view andresolutiondissimilaritymeasuresGiventhetime dissimilarityt, themodi ed

correlationfunctionis
Rigngfrt R hqgfrt

whereh g f rt isthegeneralizednglemeasuremer{analogouso Equatiord.7in Sec-

tion 4.2),givenby alinearcombinationof the dissimilarity measures
hgfrt aq gf br et

The constantsa, b, g ande control the relative importanceof eachtype of dissimilarity

measure.
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1.8 b

161 b

Time Measure

Time (frame periods)

Figure 7-2 A function that modi es the time differencebetweentwo images. Imageswithin 1
frameperiodof oneanothemareconsidere@dquialent,while differencegreateithanl frameperiod
arepenalized.

Time Dissimilarity Measure

Given two radianceobsenationswith timestampd; andt,, a simpletime dissimilarity
measuras their difference,

t 4 b

which s zerofor identicaltimesandincreasesinboundedor differenttimes. For greater
control over the time dependentaspectof rendering,it is usefulto transformthe time
measureusing a function f t similar to thoseusedin Sections4.2.1and4.2.2for the
eld-of-view andresolutiondissimilarity measures.For example,the function shovn in
Figure7-2 doesnot penalizea differencein time until a certainthresholds passedWhen
oneof the camerasorrespondso the desiredview, thenthis measurestrongly penalizes
camerasvhentheir time stampdiffersby the thresholdamount.

The operationof this time dissimilarity measurehasa simpleinterpretation.It essen-
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tially selectscameraghat are within a window of time centeredaboutthe desiredtime
tges Of course the time window shouldbe “soft” sothatthein uence of a camerafalls
off continuouslyasthe camerdeavesthe time window. The width of the time window is
a parametethat determinesa tradeof betweenspatialandtemporalresolution. A wide
window admitsmore radianceobsenationsinto the lumigraphandyields higher spatial
resolutionat the costof temporalblurring. Non—-maing featuresare well-de ned, but
moving onesareblurred. A narrov window givesgoodtemporalocality, but mayresultin
sparselypopulatedspatialdimensions.Thetime window width is somavhatanalogougo
theexposuretime in traditionalcameras.

Given this time dissimilarity measuremenif is simpleto apply the unstructuredu-
migraphrenderingalgorithmto time-dependerdata. The modi ed correlationfunctionis

usedin placeof thenormaloneandrenderingoroceedssusual.

7.2 Time-Periodic Lumigraph Rendering

In this section,simple techniquesare presentedor acquiringand renderinga restricted
classof time-dependeniumigraphs:time-periodiclumigraphs. A time-dependentumi-
graphis time-periodicif thelumigraphattimet is identicalto thelumigraphattimet T
for someT, which is the periodof the lumigraph.If the sceneof interestexhibits period-
icity, thenit canberepresentewith atime-periodiclumigraph.While this restrictionmay
seemextreme time-periodiclumigraphscanrepresentisefulscenegandobjects)suchas
peoplewalking or running,turningwheelsandgearsor ashing lights.

The techniquedescribedhereusesa single hand-heldvideo camerafor time-periodic
lumigraphacquisition.Becausehescends assumegberiodic,a singlemoving videocam-
eracansufciently samplethe lumigraphin spaceandtime. However, the resultinglu-
migraphis irregularly sampled so unstructuredumigraphrenderingis requiredto render
novel views from ary pointin space-time.

In orderto usethetime-dependent/LR extensionsthe positionsof theinput cameras
mustbe known in both spaceandtime. In Section7.2.1,a simple space-timecalibration

techniquds describedThen,in Section7.2.2someexamplesof time-periodiclumigraphs
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aredemonstrated.

7.2.1 Time-Periodic Lumigraph Acquisition

Time—periodidumigraphacquisitionis essentiallyequialentto calibratinga camerd(i.e.,

determiningts position)in bothtime andspace.

Calibration in Time

To calibratethe camerain time, the period of the sceneis soughtin termsof the period
of the camera.The sceneis assumedo exhibit periodicmotion with x ed period Tscene
The video camerahasa x ed samplingperiod, which is takento be Tcam 1. With the
cameras position x ed, the scenes recordedfor enoughtime to capturemultiple (10 or
20) periodsof motion (the imagesin this video arenot usedin the nal lumigraph). The
videois manuallyinspectedo determinetwo widely spacedin time) framesthatappear
identical. The numberof sceneperiodsandthe numberof framesbetweernthosetwo key

framesarecounted.Then,the periodof the scenecanbe expresseds

#frames
SCeN®  #periods
Now, givenTsceneandthe framenumberof arny videoframe,thetime in the scenes period

atwhichthevideoframewastakenis

tperodic  frame# modTscene

Calibration in Space

Next, thescenes recordedwvith amoving videocamera.Theimagesfrom this videoform
the basisof thelumigraph. Caremustbe takenthatthe cameras not movedin a periodic
motionthathasa periodproportionalto Tscene Or elsethe samplingwill beinadequateln
addition,the camerashouldbe movedin aregion of spacethatcoincideswith the desired
viewing region of the lumigraph. The length of the video is determinedby the desired

numberof spatialsamplesn atime window of the lumigraph.On average the numberof
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Camera Position vs. Time
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Figure 7-3. Theresultsof space-timesalibration. Thetop plot shawvs the motion of the camerg(in
X), andthe bottomplot shavs the camergpositionsremappednto oneperiodof the lumigraph.

spatialsamplesn arny time window of width 1 is givenby

#f
#sanples #irames

Tscene
Therequiredlengthof thevideosequenceanbe determinedrom this equation.

To calibratethe camaran spacethe time—arying elementsf the sceneareignored,
and standardcomputervision techniquedor staticscenesare applied(seeChapter5 for
someexampletechniques).In this implementationthe time—arying elementsare man-
ually segmentedfrom the static elements. Since the time—arying elementstend to be
localized,this segmentationis trivial. This approachhasthe limitation thatat leastsome
portion of the scenemustbe staticfor traditionalcomputervision algorithmsto work. If
onecandeterminghepositionof thecameraby othermeangsuchaswith amotioncontrol
rig or motionsensors)thenthis limitation canberemoved.

Someresultsof the space-timealibrationareshavn in Figure7-3. Thetop plot shavs

the position of the cameraagainstabsolutetime. Only the x coordinateis shovn, asthe
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Camera Position Mapped to One Period (zoom)
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Figure 7-4: A zoomedview of a unit width time window superimposean top of the space-time
plot. Thewindow containsl4 cameras.

camerawasmoved (mostly) horizontallyin an oscillatingpattern.In the bottomplot, the
positionsareremappednto oneperiodof thelumigraph(Tscenels aboutl50frames).This
secondplot canbe usedto judgethe uniformity of the sampling. Ideally, the space-time
planewould be uniformly sampled.The casein Figure7-3is far from ideal, althoughit is

goodenoughto make corvincing renderings.

7.2.2 Examples

Two time-periodiclumigraphscapturedusingthe techniquedescribedn Section7.2.1are
shown in Figures7-5 and7-6. The rst is a scenecontaininga rotating lamp. It was
capturedby waving a hand-heldvideo cameran front of thelampfor aminuteor so. The
period of the lamp is about150 video frames,and about2000 video framesare usedin
the lumigraph. This leaves, on average,about13 spatialcamerager unit time window.

Figure7-4illustratesthe actionof the time window. The unit time window shovn has14
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temporallycloseimagesthat(primarily) contrituteto the desiredmage.

Threeimagesfrom the lamplumigraphareshownn in Figure7-5. Theimagesshaw the
cameramoving left andright with the lamp turning. Note thatthe virtual cameramoves
horizontallybecausehelumigraphsonly exhibit parallaxin thatdimension.

While theseimagesdemonstrat¢he viability of theapproachthey alsoexhibit anum-
ber of artifacts. First of all, the spatialresolutionis very low (only 13 camerager unit
time window), sothereis someimagedoublingandblurring in theimages.Thes€‘out-of-
focus” effectsarelargely dueto usinga singleplaneasthegeometryproxy. Theseartifacts
areespeciallynoticeablan moving lumigraphsandevenmoresoin unstructurednesas
it appearshatthe out-of-focusregionsare“dancing”relative to thefocusedegions. These
problemsare new to lumigraphrenderingsince unstructuredime-dependeniumigraph
datahasnever beforebeenavailable.

The secondtime-periodiclumigraph depictsa helicopterwith rotating blades. The
sceneperiodis only about15 frames. About 900 video framesare used,achievzing on
average60 spatial samplesper unit time window. The resultsare much betterfor the
helicopter(lessimagedancing)oecaus®f the higherspatialresolution althoughthefaster
motion producegnore noticeableiemporalblurring (which is alsopresentasmotion blur

in the original video). Figure7-6 shavs threevirtual imagesof the helicoptedumigraph.

7.3 Summary

This chapterhaspresentedsimple techniquedor extendingunstructuredumigraphren-
deringto time-dependendcenesThesetechniquesaredemonstratedn a speci ¢ type of
time-dependerntumigraph,thetime-periodidumigraph.
Time-periodiclumigraphsrepresenscenesontainingperiodicmotion. A methodfor
acquiringtime-periodiclumigraphsis outlined. The distinguishingfeatureof this method
is thatit usesa singlecontinuousvideo sequencérom onevideo camerato constructhe
lumigraph. The resultingtime-periodiclumigraphsareirregularly sampledn both space

andtime, whichis well-suitedto thetime-dependent/LR algorithm.
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Figure 7-5. Threevirtual views of arotatinglamp.
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Figure 7-6. Threevirtual views of a helicopterwith spinningrotors.
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CHAPTER 8

Conclusions and Future Work

Image-basedenderinghasbecomea popularalternatve to traditionalthree-dimensional
computelgraphicsbecausef its promiseto deliverphotorealistidmagesatreal-timerates.
This popularityis demonstratethy the recentdevelopmentof a wide variety of rendering
algorithmsandby the succes®f commerciakystemaisingimage-basedepresentations.
This thesisintroducesa new image-basedenderingalgorithmcalled unstructuredu-
migraphrendering. ULR is designedo producehigh-qualityimagesgiven ary available
inputs(inputsconsistof imagesandscenggeometry).In doingso,it subsumesostearlier
algorithms,which canbe largely distinguishedoy limitationsin the typesof inputsthey
acceptor do not accept.This e xibility allows ULR to generatesiews from input con g-
urationsthat are unsuitablefor any previous algorithm, suchas hand-heldvideo camera
footagewith looming motionsor imagesof a time-dependenscenethat are irregularly

sampledn space-time.
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8.1 Future Areasof Reseach

While unstructuredumigraphrenderingsolves mary image-basedenderingproblems,
thereare still mary dif cult problemsthat remain. The following sectionsdetail weak-
nessesn the currentULR approachand suggestgotential solutionsthat desere more

investigation.

8.1.1 Better Image Correlation Functions

Theimagecorrelationfunction usedin Chapter4 providesa reasonablémagemodelfor

addressingmagereconstructionbut it hassomedravbacks.One problemis the assump-
tion thatthe sameimagecorrelationfunctionis appropriatefor eachpixel in the desired
view. This assumptions oftenmadebecauset simpli es the calculationsandmakesde-

termining the correlationfunction easier However, in mary casesjt would be betterto

have a spatially-\aryingimagecorrelationfunction.

As anexample,considetthesequencef imageshatresultsfrom moving avideocam-
eratowardanobject. Whenthe camerais far from the object,theimageprobablycontains
the objectof interestplusmary others.As the cameramovestowardthe object,the object
becomegprominentin theimages.Whenthe cameras very closeto the object,the object
generallylls the eld-of-view of thecameraln this example,it is clearthatPsgme g , the
probability that two pixelslie on the sameobject,variesasthe cameramovestowardthe
object.

Spatialvariationsin the image correlationfunction would be expectedin animage-
basedrenderingapplicationwith an approximatescenegeometry In areaswherethe ge-
ometry approximationis good, the image correlationfunction shouldhave the “close to
object” form. In areaswherethe geometryproxy is poor, the correlationfunction should
re ect “farfrom object” behaior. Suchspatialvariationwould provide a more*“optimal”
solutionto theradianceeconstructiorproblem.

Suchavariationcouldbeaccommodatelly manipulatinghe parametersf theanalyt-
ical imagecorrelationfunctiongivenin Equations4.4 and4.5. Of course,somemeasure

of the delity of thegeometryproxyis alsorequired.
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8.1.2 Non-staticVideo

Oneof themostcompellingapplicationsof ULR is renderingrom simplevideosequences.
This ability is extremely powerful and greatly simpli es the acquisitionof image-based
scenes.However, the ULR algorithm doesnot work for every video sequence.lt is re-
strictedto video sequencesf staticscenesscenesn which objectsdo not move andthe
lighting doesnot change. Equivalently, ULR is restrictedto videosin which all image
variationis dueto motionof thecamera.

It would be a greatadvanceto extendrenderingtechniquego handlevideo sequences
with moving objects variablelighting, or both. In suchanalgorithm,avirtual view would
be speci ed not only by the projectionmatrix of a cameralput alsoby the desiredighting
of the sceneandthe desiredpositionsof objectsin the scene. Interactve techniquedor
doingtheseoperationn a singleimagehave beendeveloped[Oh et al. 2001], but these
techniquesio notgeneralizavell to video.

Oneway to handlemoving objectsis to segmentthe video framesinto differentre-
gions,whereoneregion representa staticbackgroundandthe otherregionscorrespond
to differentmoving objectsin the scene.Then,new views of the staticbackgrounccanbe
generatedisingstandardinstructuredumigraphrenderingtechniquesHolesin the back-
ground(from removedforegroundobjects)canbe lled in usingamodi ed versionof the

eld-of-view measure.

The moving objectscan be recompositednto the sceneusing, for example,textured
billboards.A texturedbillboardis simply a two-dimensionaplanarsurfacewith animage
mappedonit. Theimagecanbe movedslightly by changingthe positionof the billboard.
In this case the texturedbillboardis essentiallya time-dependeniinstructuredumigraph

with only oneimagepertime instantanda planargeometryproxy.

8.1.3 Multi-lmage Editing

Manipulatingobjectswithin anunstructuredumigraphis usefulevenfor staticscenesA
similar sggmentationapproachcan be usedfor this task. This segmentationeffectively

partitionsthe unstructuredumigraphinto multiple unstructuredumigraphs,onefor each
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region.

By manipulatingeachlumigraphseparatelyindividual objectscanbe movedrelative to
oneanotherandcompositednto new images.Onedravbackis thatthelighting of thestatic
scenemoveswith the objects,sothis approachmay only be suitablefor small motionsor
for scenesn which thelighting is predominantlyambient.

Eachof the sub-lumigraphgontainsonly a subseif the pixels from the original im-
ages. It is interestingto considerwhatto do with the “holes” in the images. It seems
necessaryo distinguishtwo typesof holes:backgroundolesandforegroundholes.

A backgroundholeis a holein alumigraphthatshouldremaina hole (i.e., the back-
groundshouldshav through). Whenthe lumigraphis compositedon top of otherlumi-
graphsthe otherlumigraphsshouldbe seenthroughthe hole. Theseholesareeasilyrep-
resentedisingtransparengin thelumigraphimages.

A foregroundhole is causedoy an objectthatis in front of another Whenrendering
a lumigraphwith foregroundholes,theseholesshouldbe lled in usingnearbyimagesin
the lumigraph. The rationaleis that the foregroundhole might containpartially occluded
objectsthatarevisible in otherviews. Theseviews canbeusedto Il in thehole. A good
exampleof thisis abackgroundumigraph,which containsoregroundholeswhereobjects

have beensegmentedut.

8.2 Conclusion

Unstructuredumigraphrenderingpossessesnumberof propertiegshatmakeit well-suited
to mary renderingtasks. For maximum e xibility, ULR admitsunstructurednputs, both
in termsof placemenandnumberof imagesaswell asin the pixel correspondencée.g.,
scenegeometry)speci cation. It alsoallows simpleandintuitive navigation so thatusers
have completecontrol over the virtual view. After applyingnumberof optimizationsthe
algorithmis ef cient enoughto runin real-time,makingit suitablefor interactive applica-
tions.

Unstructuredumigraphrenderingtakes advantageof pixel correspondencaforma-

tion, whenavailable,to generatejuality renderingswith sparsamageinformation. It also
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combinesimagesin a view-dependentvay to ensurequality renderingwhen geometric
informationis approximateor poor. Finally, ULR cantake into accountthe limited eld-
of-view andresolutionof real-world cameras.It automatically lls in invisible imagere-
gionswith informationfrom otherimages,andit disregardsinputimageswhoseapparent
resolutiondiffer signi cantly from thatof the desiredview.
Unstructuredumigraphrenderingis alsovery easyto extendto othermodalities. Its
simplenotionof aviewing ray distancecanbe easilyextendedto includeotherfactors,as
demonstratedvith time-periodiclumigraphs.Unstructuredumigraphrenderingcanalso
bemodi ed to work with non-metricsceneepresentation$urtherextendingits usefulness.
Although virtual navigation becomesnuchmoredif cult, a non-metricrepresentatioiis

still useful,asshavn by applyingit to the practicalproblemof video stabilization.
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