
Rendering fr om Unstructur edCollectionsof Images
by

ChristopherJamesBuehler
B.S.,ElectricalEngineering

B.S.,ComputerScience
Universityof MarylandatCollegePark,1996

S.M.,ComputerScienceandElectricalEngineering
MassachusettsInstituteof Technology, 1998

Submittedto theDepartmentof ElectricalEngineeringandComputer
Science

in partialful�llment of therequirementsfor thedegreeof

Doctorof Philosophy in ComputerScienceandElectricalEngineering

at the

MASSACHUSETTSINSTITUTE OF TECHNOLOGY

May 2002

c
�

ChristopherJamesBuehler, MMII. All rightsreserved.

Theauthorherebygrantsto MIT permissionto reproduceanddistribute
publicly paperandelectroniccopiesof this thesisdocumentin wholeor in

part.

Author . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Departmentof ElectricalEngineeringandComputerScience

May 3, 2002

Certi�ed by . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
LeonardMcMillan

AssociateProfessor
ThesisSupervisor

Acceptedby. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Arthur C. Smith

Chairman,DepartmentCommitteeonGraduateStudents



Rendering fr om Unstructured Collectionsof Images

by

ChristopherJamesBuehler

Submittedto theDepartmentof ElectricalEngineeringandComputerScience
on May 3, 2002,in partialful�llment of the

requirementsfor thedegreeof
Doctorof Philosophyin ComputerScienceandElectricalEngineering

Abstract

Computergraphicsresearchersrecentlyhave turnedto image-basedrenderingto achieve
thegoalof photorealisticgraphics.Insteadof constructinga scenewith millions of poly-
gons,thesceneis representedby acollectionof photographsalongwith agreatlysimpli�ed
geometricmodel.This simplerepresentationallows traditionallight transportsimulations
to bereplacedwith basicimage-processingroutinesthatcombinemultiple imagestogether
to producenever-before-seenimagesfrom new vantagepoints.

This thesispresentsa new image-basedrenderingalgorithmcalledunstructured lumi-
graph rendering(ULR). ULR is an image-basedrenderingalgorithmthat is speci�cally
designedto work with unstructured(i.e., irregularly arranged)collectionsof images.The
algorithmis uniquein that it is capableof usingany amountof geometricor imageinfor-
mationthatis availableaboutascene.

Speci�cally, theresearchin this thesismakesthefollowing contributions:

� An enumerationof image-basedrenderingpropertiesthatan idealalgorithmshould
attemptto satisfy. An algorithmthatsatis�esthesepropertiesshouldwork aswell as
possiblewith any con�gurationof input imagesor geometricknowledge.

� An optimalformulationof thebasicimage-basedrenderingproblem,thesolutionto
which is designedto satisfytheaforementionedproperties.

� Theunstructuredlumigraphrenderingalgorithm,whichis anef�cient approximation
to theoptimalimage-basedrenderingsolution.

� A non-metricULR algorithm,which generalizesthe basicULR algorithmto work
with uncalibratedimages.

� A time-dependentULR algorithm, which generalizesthe basicULR algorithm to
work with time-dependentdata.

ThesisSupervisor:LeonardMcMillan
Title: AssociateProfessor
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CHAPTER 1

Introduction

For thepastthreedecades,computergraphicsresearchershavestrivedfor photorealism,the

elusivegoalof producingsyntheticimagesthathave theappearanceof photographs.Great

progresshasbeenmade: computershave becomepowerful enoughto processthe tens

of millions of polygonsusedto representscenes,complex shadinglanguageshave been

createdto describethesurfacepropertiesof thesescenes,andsophisticatedlight transport

simulationshavebeenusedto predicttheappearanceof thesescenesunderany imaginable

lighting conditions.However, despitetheseadvances,truephotorealismarguablyhasnot

beenachieved.

As a consequence,researchersrecentlyhave turnedto a differentapproachin achiev-

ing the goal of photorealism: image-basedrendering(IBR). Insteadof representinga

sceneasa set of millions of polygons,the sceneis representedby a collection of pho-

tographs. Surfacesare no longer describedby a carefully programmedshadingproce-

dure;they areimplicitly describedby theirappearancein multiplephotographstakenfrom

differentpositions.Time-consuminglight transportsimulationsarereplacedwith simple

image-processingroutines. Theseroutinescombinemultiple imagestogetherto produce

never-before-seenimagesfrom new vantagepoints.
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Image-basedrenderinghasanumberof advantagesover traditionalcomputergraphics.

First, image-basedrendering”solves” thephotorealismproblem. Novel imagesarecom-

posedof real photographs,which by de�nition arephotorealistic.Second,image-based

renderinglargelyeliminatesthemodelingproblem.Image-basedmodelingconsistsof tak-

ing photographsratherthanarrangingmillions of triangles.Third, image-basedrendering

is very ef�cient. In mostcases,it is possibleto generateoutputimagesat greaterthan60

framespersecond.

Of course,image-basedrenderingis notwithout its faults.Oneof thebiggestobstacles

to the widespreaduseof image-basedrenderingtechniquesis restrictionsplacedon the

con�guration of the input images.For example,it is commonfor analgorithmto require

that camerasfaceforward andlie on a regular grid, or that camerasfaceradially inward

from the surfaceof a sphere.Suchrestrictionsmake the algorithmseasierto implement

on thecomputer, but they alsomake thealgorithmsmuchmoredif�cult to usein practice.

Dif �culties arisebecauseit is nearlyimpossibleto placerealcamerasin preciselocations.

To combatthis problem,therenderingalgorithmspresentedin this thesisaredesignedto

operatewith almostany con�guration of input images. This �e xibility allows the algo-

rithms to be usedin a wide variety of situations,including somethat werenever before

possible.

1.1 PreviousWork

Modernimage-basedrenderingtechniquesstartedappearingin thecomputergraphicscom-

munity lessthanadecadeago.Muchof theearliestwork involvestechniquesfor warping,

or “reprojecting,” a singleimageto simulatea novel view of a scene.Later, researchers

turnedtheirattentionto multi-imagemethods,whichsidestepsomesingle-imageproblems

andenablegreateralgorithm�e xibility andsimplicity. Thesemethodsroughly fall into

two classes:sparsemulti-imagemethods,which usea smallnumberof images,anddense

multi-imagemethods,which usea large numberof images. Of course,the distinction

between“small” and“large” canbe ratherarbitrary; the termswide-baselineandsmall-

baselineareperhapsmoreapplicable.Sections1.1.1,1.1.2,and1.1.3highlightsomeof the

18



detailsof thevariousmethods.

In largely parallelwork, thecomputervision communityhasdevelopedtechniquesfor

renderingnovel views from setsof images.This work tendsto emphasizetechniquesthat

useuncalibratedcamerasinsteadof calibratedcameras,whicharepreferredin thegraphics

literature.Section1.1.4surveys thesemethods.

1.1.1 Single-ImageMethods

(a) (b)

Figure1-1: (a)A sphericalpanoramicimageof MIT' s lobby7. (b) A view of thepanoramaasseen

from aninteractive viewing application.Imagescourtesyof MichaelBosse.

Thesimplestsingle-imagemethodsusewide �eld-of-view (e.g.,360degreecylindrical

or spherical)panoramicimagery(seeFigure1-1a).Typically, thesepanoramicimagesare

createdby usingimagemosaicking[Szeliski1996;SzeliskiandShum1997],a technique

in which a singlehigh-resolution,wide �eld-of-view imageis createdfrom multiple low-

resolution,small �eld-of-view images.More recently, panoramiclensesandmirrorshave

beendevelopedto capturepanoramaswith a singleexposure[Nayar1997].

Panoramicimageryis generallyveryhigh-resolution,andit immersestheviewer in the

environment. However, the availablecontrol over the desiredview is very limited. The

viewer can look in any directionandchangethe zoom(seeFigure1-1b). However, the

viewer cannot changethe positionof the virtual camera.That is, translationof the vir-

tualcamerais notallowed.Nevertheless,panoramicimageshavebeenthemostsuccessful

image-basedrenderingtechniqueto date,having beencommerciallydeployed in many

19



products,including Apple's QuicktimeVR[Chen1995] andInteractive PictureCorpora-

tions's IPIX.

In orderto allow virtual cameranavigation, the singleimagecanbe augmentedwith

auxiliarygeometricinformationaboutthescene.A naturalrepresentationfor this informa-

tion is a depthmap,which storesa singledepthvalueper imagepixel. An imagewith an

associateddepthmapis oftencalledanimage-with-depth. A goodexampleis McMillan' s

plenopticmodelingsystem[McMillan andBishop1995],whichusescylindricalpanoramic

imagesthathave beenaugmentedwith per-pixel depthinformation.This systemprovides

animmersiveexperiencelikeapanorama,andit alsoallowsfor virtual cameratranslation.

The pixels in the image-with-deptharereprojectedinto the virtual view usinga forward

mappingapproach.

Figure 1-2: A multiple-center-of-projection image.Both sidesof theelephantcanberepresented

in a singleimage.Imagecourtesyof PaulRademacher.

Oneof theproblemsassociatedwith this approachis theappearanceof “holes” when

regions that are occludedin the original imagebecomevisible in the virtual view. The

LayeredDepthImage(LDI) [Shadeetal. 1998]combatsthisproblemby storingmultiple

depthandcolor valuesat eachpixel in the original image(LDIs aregenerallyusedwith

syntheticdata). The extra depthlayershelp �ll in holesin the virtual view. Anotherap-

proachis multiple-center-of-projection(MCOP) images[RademacherandBishop1998]
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(seeFigure1-2). In MCOPs,eachcolumnof pixelscontainscolor anddepthdatathatare

acquiredfrom a differentvantagepoint (i.e., a multi-perspective image). MCOPscanbe

created,for example,by moving a line camera(anddepthsensor)alonga linearpath. In

doing so, MCOPscanstorethe imageof a scenefrom many differentpositions,which

allows for greatersamplingof potentiallyvisible surfaces.

Anotherproblemwith theimage-with-depthapproachis deducingthedepthmap.For

convincing renderings,thedepthmapneedsto bereasonablyfaithful to thetruegeometry

of thescene.Someof thehighestquality single-imagetechniquesusecompletelymanual

speci�cationof thescenedepth.In the“Tour into thePicture”system[Horry et al. 1997],

the userspeci�es the depthmap as a “spidery mesh” using vanishingpoints and lines.

Foregroundobjectsaremanuallysegmented,andoccludedregionsaremanuallypainted.

A similar approachis usedin [Oh et al. 2001],which furtherallows for sceneeditingand

relightingwith only a singleimage.

1.1.2 SparseMulti-Image Methods

Someof the bestsingle-imagetechniquesusemanualpaintingof occludedregions. The

problemof occlusioncanalsobeattackedin moreautomaticwaysusingadditionalviews

of the scene.However, usingmultiple imagesintroducesthe interestingproblemof how

bestto combinemultiplesourceimagestogetherinto oneoutputimage.

View interpolation[ChenandWilliams 1993]representsascenewith multiple images-

with-depth. Virtual imagesequencesare createdby interpolatingframesfrom an origi-

nal imageto a virtual view. In-betweenimagesarecreatedby linearly interpolatingtwo-

dimensionalmotionvectorsfrom thesourcepixelsin theoriginal imagesto thedestination

pixelsin thevirtual images.Themotionvectorsarecomputedfrom depthmaps,whichare

acquiredfrom a ray-tracer.

Holesin theinterpolatedframesare�lled in by usingaweightedcombinationof multi-

plesourceimages.Theweightsaredeterminedby aspatialgraphconnectingthepositions

of the sourceimages. For example,a triangularmeshis usedto connectsourceimages

arrangedin a two-dimensionalplane.Theweightsfor a givenvirtual view aretakento be
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thebarycentriccoordinatesof thatvirtual view in thetriangularmesh.This approachcan

begeneralizedto camerasarrangedin one-dimensionalor three-dimensionalspaces.

View interpolationformsa linearcombinationof sourceimagesusinga singleweight

per image. This weight is calculatedbasedon the physicaldistancebetweenthe virtual

view andthesourceimages.A similar approachis takenin [Pulli et al. 1997]and[Pighin

et al. 1998], except that the imageweightsarecalculatedbasedon the angular distance

betweenthevirtual view andthesourceimages.A single“view direction” is computedfor

eachimage,typically from the camerapositionto a target point, andthe anglesbetween

thesedirectionsandthevirtual view directionareusedtoweighttheimages.Sourceimages

with smalleranglesareassignedlargerweights.In bothof thesemethods,texture-mapped

triangularmeshes(acquiredfrom laserrangescans)arerenderedmultiple times,oncefor

eachsourceimagewith a non-zeroweight.Therenderingsareblendedtogetheraccording

to their weightsto arriveat the�nal image.

Theapproachin [Pighinetal. 1998]alsoincludesotherfactorsin theimageweighting

process. Interestingly, theseadditionalweightsare appliedat the per-pixel level rather

thanat theper-imagelevel aswith theview-directionweight. The �rst additionalweight

attenuatesa sourceimage's contribution for pixels closeto the edgeof its �eld-of-view.

Thisweightreducesdiscontinuitiesat theboundariesof invisibleregions,whereoneimage

takesover from another. Thesecondadditionalweightattenuatesa camera's contribution

for polygonsthatareobliquelyorientedto thecamera.Thisweightpenalizespoorsampling

densities,andit is intendedto reduceblurrinessin therenderedimage.

Theper-imageview-directionweight is basedon thenotionthatviewing directionis a

bettermeasureof “image closeness”thanphysicalproximity. However, the “view direc-

tion” is differentfor every pixel in the virtual view, so this weight is bestcomputedon a

per-pixel basisaswell. Per-pixel angularweightingis the approachtaken in the Façade

systemdescribedin [Debevecet al. 1996]. In thatsystem,simplearchitecturalmodelsare

texturedwith a small numberof sourceimages(seeFigure1-3). In regionsthatmultiple

sourcecamerassee,thecameras'contributionsareweightedaccordingto theiranglesrela-

tiveto theviewing ray from thevirtual view. Thisapproach,calledview-dependenttexture

mapping(VDTM), favors the camerathat views the scenepoint at an anglecloseto that
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(a) (b)

Figure 1-3: (a) The architecturalmodelconstructedin theFaçadesystem.(b) A view-dependent

renderingof themodelusing16 photographs.Imagescourtesyof PaulDebevec.

of the virtual camera,andit may useall sourceimagesin differentregionsof the virtual

image.

VDTM canproducephotorealisticimages,providedthescenegeometryis reasonably

good. The main drawbacksof the approachare(1) it is slow and(2) its particularangu-

lar weightingschemeonly works well with small numbersof images.The �rst problem

hasbeenaddressedin [Debevec et al. 1998], which describesa real-timealgorithm for

implementingVDTM. In this algorithm,imageblendingweightsarecomputedon a per-

polygonbasis,which works�ne for smallnumbersof imagesor �nely tesselatedmodels.

Thesecondproblemis addressedin laterchaptersof this thesis.

1.1.3 DenseMulti-Image Methods

One commoncharacteristicof sparsemulti-imagemethodsis that they assumea fairly

accurategeometricmodelof thescene.However, it is possibletogenerateconvincingviews

of a scenewithout a model if enoughdensely-spacedviews areavailable. This notion is

nicelyquanti�ed in [Chaietal. 2000]by theminimumsamplingcurve, whichdemonstrates

theinverserelationshipbetweennumberof input imagesandgeometricmodelcomplexity.

Thelight �eld [Levoy andHanrahan1996]andlumigraph[Gortler et al. 1996]papers

originatethe ideaof usinglargenumbersof imagesto renderwithout a geometricmodel.
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Figure 1-4: Thelight �eld andlumigraphtechniquesrepresentall radianceenteringandleaving a

volume,a four dimensionalentity. Imagecourtesyof StevenGortler.

The basicapproachis to representall of the radiance(i.e., color) in a three-dimensional

volumeasa four-dimensionalfunction (seeFigure1-4). This four-dimensionalradiance

representationis calleda light �eld . Imagesof the scenewithin the volumeare simply

two-dimensionalslicesthroughthefour-dimensionallight �eld. Theprocessof generating

a virtual view is then seenas a signal reconstructionprocess:�rst a continuousrepre-

sentationof thelight �eld is reconstructedfrom two-dimensionalsamples(i.e., thesource

images)andthenvirtual views areextractedfrom this continuouslight �eld. To facilitate

thissignalreconstruction,aregularsamplingof thefour-dimensionallight �eld is assumed

(seeFigure1-5). This assumptionis in contrastto mostsparsemulti-imagetechniques,

whichplacefew restrictionson thecameracon�gurations.

Many extensionsandmodi�cations to thebasiclight �eld/lumigraph techniqueshave

beenproposed. Someauthorsproposedifferent ray parameterizations[Camahortet al.

1998],dynamicparameterizations[Isaksenetal. 2000],andlowerdimensionalrepresenta-

tions[ShumandHe1999].

However, even with a large numberof images(greaterthan1000),“pure” light �eld

techniquesexhibit objectionableartifactssuchasblurring andimageghosting.Thelumi-

graphauthorssoughtto reduceto theseartifactsby modifying the signal reconstruction
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(a) (b)

Figure 1-5: (a) In both the light �eld andlumigraphtechniques,raysareparameterizedby their

intersectionswith two parallelplanes.(b) Theseplanesareuniformly sampledto facilitatesignal

reconstruction.Thepointson thest planecorrespondto camerapositions,while thepointson the

uv planecorrespondto pixelsin thecameras'images.Imagescourtesyof StevenGortler.

�lters with geometricinformationaboutthe scene(so-calleddepthcorrection). For this

reason,the term “lumigraph” is often reserved for light �elds that have beenaugmented

with geometricinformation,which is the terminologyadoptedin this thesis.The ideaof

usingscenegeometryrecallsthe sparsemulti-imagetechniques,andsuggeststhat lumi-

graphrenderingis simplyadenseVDTM technique(or, conversely, thatVDTM is asparse

lumigraphtechnique).

Both interpretationsare fundamentallycorrect,but the detailsof the algorithmspre-

venteitherfrom beingusedin placeof theother. For example,thebasicVDTM blending

strategy doesnotscalewell to many imagesbecauseits blendingstrategy causestoomuch

blurring. Theproblemwith light �eld andlumigraphtechniquesis thatthey assumethatthe

datais regularly sampled,or, equivalently, that the input imagesarearrangedin a regular

grid structure.In fact, this grid structurerequirementturnsout to bea major impediment

to the practicaluseof light �eld and lumigraphtechniques.Satisfyingit generallyre-

quirestheuseof a computer-controlledcameragantry(seeFigure1-6), which limits light

�eld subjectsto staticscenesinsideof a laboratory. Recently, the Digital Michelangelo

project[Levoy etal. 2000]hasacquiredregularlysampledlight �elds of famousstatuesin
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Figure 1-6: MIT' ssingle-cameralight �eld capturedevice.

Italy, althoughthework entailedconsiderableeffort andexpense.

Interestingly, theoriginal lumigraphpaperdescribesa procedurecalledrebinningthat

convertsanunstructuredsetof imagesinto a grid-structuredset.Therebinningprocedure,

asdescribedin [Gortler et al. 1996], is undesirablebecauseit introducesdegradationsto

thelumigraphdataby resamplingthedataandby �ltering it with anon-linearalgorithmto

�ll in gaps.

It turnsout thatrebinningis not evennecessary. In anattemptto acceleratelumigraph

rendering,Sloanet al. [Sloanet al. 1997]demonstratedthat lumigraphscanbe rendered

directly even if the st (camera)planeis sampledirregularly. The basic techniqueuses

an arbitrary triangulationof the st planeto derive simple linear basisfunctionsfor the

lumigraphreconstruction.Takingthis ideaonestepfurther, Heigl et al. [Heigl et al. 1999]

generalizethe cameraplaneto a non-planartwo-dimensionalmanifold of cameras.This

cameramanifold approachallows the useof lumigraphtechniquesfor renderingdrectly

from videosequences,simplifying theacquisitionof lumigraphdata.

Unfortunately, cameramanifoldtechniquesdo not work in all situations.For example,

a staticnon-planarmanifold may fold over on itself whenviewed from differentvantage

points.Heigl etal. dealwith thisparticularproblemby dynamicallyrecomputingthecam-

26



eramanifoldfrom thevirtual camera'spoint-of-view. But thisstop-gapsolutionignoresthe

biggerproblem:what if thecamerasdo not naturallylie on a two-dimensionalmanifold?

Dealingwith camerasin generalpositionis acentralproblemof this thesis.

1.1.4 Uncalibrated Methods

The previously discussedmethodsall assumethat the imagesare calibrated. That is,

thecamerafocal lengths(single-andmulti-imagemethods)andrelative camerapositions

(multi-imagemethods)areknown in advance.Suchinformationis generallyobtainedby

using ray-tracedsourceimagesor by applying three-dimensionalcomputervision tech-

niques.However, theneedfor calibratedimagesoftenmakesanalgorithmdif�cult to use

in practice,sincethecalibrationinformationis not alwayseasilyavailable. Thus,uncali-

bratedrenderingmethodsareapopulartopicof research.

In the work of Faugerasand Laveau[Faugerasand Laveau1994], novel views are

generatedwith only knowledgeof the fundamentalmatrix betweenpairsof views. The

fundamentalmatrix betweentwo views is a weakform of calibration,which is generally

farsimplerto obtainthanastrongcalibration.Theirapproachhighlightsoneof thebiggest

dif�culties of workingwith uncalibratedimages:specifyingavirtual cameraview. In their

work, the viewer speci�es the virtual view by constrainingthe positionsof four image

points. This form of virtual navigation is unintuitive at best,andit may leadto non-rigid

transformationsof thesceneelements.

A similar techniqueis describedin [Avidan andShashua1997], except that trilinear

tensorrelationshipsareusedinsteadof fundamentalmatrices.Thetrilinear tensorfor three

views is analogousto the fundamentalmatrix for two views. In the trilinear tensortech-

nique,the virtual view speci�cationis simpli�ed by roughly guessingthecameras'focal

lengths.

Otheruncalibratedmethodssidestepthevirtual navigationproblemby constrainingthe

virtual cameramotion to easilyspeci�ed positions. For example,view morphing[Seitz

andDyer 1996]producesphysicallyvalid novel views from a pair of uncalibratedsource

images. The virtual views are constrainedto lie on the line connectingthe two source
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Figure 1-7: A view morphof the Mona Lisa. The left imageandright image(re�ected) arethe

sourceimages.Thecenterimageis themorphedimagehalfwaybetweenthesourceimages.Images

courtesyof StevenSeitz.

cameras'positions,which enablesthephysicallyvalid morph.An exampleview morphis

shown in Figure1-7.

A similar approachis taken in [Lhuillier andQuan1999],exceptthat the interpolated

imagesonly approximateaphysicallyvalid camera.Scharstein[Scharstein1996]general-

izestheview morphingapproachto virtual cameramotionsthatarein theplaneconnecting

threesourcecameras.

In his Ph.D. thesis,McMillan [McMillan 1996] generalizeshis imagewarpingalgo-

rithm to useuncalibratedcameras.In his method,heassumesthatthevirtual view hasthe

samefocal lengthasthesourceimageandderivesa parameterizedfamily of valid image

warps.Usingoneof thesewarpsresultsin aconvincing rendering.Chang[ChangandZa-

khor 1997]alsostartswith uncalibratedimagesandthenupgradesto a pseudo-calibrated

statethatis suf�cient for convincing rendering.
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1.2 The Contrib utions of this Research

This thesispresentsanew image-basedrenderingalgorithmcalledunstructuredlumigraph

rendering(ULR). As its namesuggests,ULR is a lumigraph-stylerenderingalgorithmthat

is speci�cally designedto work with unstructured(i.e., irregularlyarranged)collectionsof

images. The algorithmis uniquein that it is capableof usingany amountof geometric

or imageinformation that is available. Thus, the algorithm operatessimilarly to view-

dependenttexturemappingwhenthe imagesaresparseandthegeometryis good. At the

other extreme,the algorithm behaves like a light �eld rendererwhen many imagesare

availableandthegeometryis unknown.

Speci�cally, theresearchin this thesismakesthefollowing contributions:

� A setof image-basedrenderingpropertiesthatan idealalgorithmshouldattemptto

satisfy. An algorithmthatsatis�esthesepropertiesshouldwork aswell aspossible

with any con�gurationof input imagesor geometricknowledge(Chapter3).

� An optimalformulationof thebasicimage-basedrenderingproblem,thesolutionto

which is designedto satisfytheaforementionedproperties(Chapter4).

� Theunstructuredlumigraphrenderingalgorithm,whichis anef�cient approximation

to theoptimalimage-basedrenderingsolution(Chapter5).

� A non-metricULR algorithm,which generalizesthe basicULR algorithmto work

with uncalibratedimages(Chapter6).

� A time-dependentULR algorithm,which generalizesthe basicULR algorithmsto

work with time-dependentimages.Speci�cally, the time-dependentextensionsas-

sumethat the imagesare calibratedin time, althoughthe time dimensionmay be

irregularlysampled(Chapter7).

1.3 ThesisOrganization

Chapter2 introducesthecomputergraphicsandcomputervision backgroundnecessaryto

understandthe contentof this thesis. The formal de�nition of an imageis presentedas
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well asthemathematicalconstructsfor manipulatingimagesandgeometry. Mathematical

notationandterminologyareintroduced.

Chapter3 introducesthebasicimage-basedrenderingproblemthatis addressedin this

thesis.It alsopresentsninepropertiesof “ideal” solutionsto this problem. It is proposed

thatanalgorithmthatsatis�es(at least)theseninepropertieswill generatemaximalimage

qualitygivenany con�gurationof input imagesandgeometry. No existingalgorithmsatis-

�es all nineproperties,althougheachof thepropertieshasbeenaddressedby at leastone

previousalgorithm.

Chapter4 presentsan optimal solutionto the problemsintroducedin Chapter3. The

solutionis optimal in thesenseof minimizing theexpectedsquareerror in color valuesat

eachpixel of a virtual view. Thesolutionrequiresknowledgeof theimageautocorrelation

function, which is derived usingstatisticalimagemodels. A generalizedautocorrelation

function is proposed,which accommodatesmoreof the desirablepropertiesfrom Chap-

ter3.

Chapter5 describestheunstructuredlumigraphrenderingalgorithm,which is anef�-

cientapproximationto theoptimalsolutionof Chapter4. ULR acceleratestherenderingto

real-timeperformancethrougha seriesof � veoptimizations.Numerousexamplesdemon-

strateULR'seffectivenessonavarietyof scenes.

Chapter6 extendsthe ULR algorithmto uncalibratedcameras.The aspectsof ULR

thatassumecalibratedcamerasarereplacedwith alternative techniquesthatdonot require

calibration. The effectivenessof the approachis demonstratedwith a video stabilization

example.

Chapter7 extendsthe ULR algorithm to scenescontainingtime-dependentaspects.

The basicapproachis to augmenteachimagewith a timestamp,essentiallycalibrating

the imagesin both spaceand time. The techniqueis demonstratedwith a specialclass

of time-dependentlumigraphs:time-periodiclumigraphs. Time-periodiclumigraphsare

interestingbecausethey canbeacquiredwith asinglecontinuousvideosequencefrom one

videocamera.Theresultinglumigraphsareirregularlysampledin bothspaceandtime.

Chapter8 concludesthethesisandpresentsareasfor futureresearch.
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CHAPTER 2

Background

Image-basedrenderingdraws heavily from the �eld of computervision. In many cases,

traditionalcomputervisionproblemsneedto besolvedbeforetheactualgraphicsproblems

can be approached.For example,in order to usethe unstructuredlumigraphrendering

algorithm,it is necessaryto know thecamerapositionsandorientationsthatproducedthe

input images.Also importantis the relatedproblemof �nding thepositionsof objectsin

theworld. Fortunately, calculatingcameraandobjectpositionsfrom imagesis a classical

computervision problemthathasbeenaddressedin many computervisionpapers.

This chapterintroducesthe mathematicalbackgroundthat is necessaryto understand

theimage-basedrenderingtechniquespresentedin this thesis.This treatmentcoversbasic

computervision andcomputergraphicstopics,suchascameracalibrationandprojective

texturemapping.It alsointroducesthemathematicalnotationthat is usedthroughoutthe

restof the thesis. Readersthat arealreadyfamiliar with the basicsof three-dimensional

computervision andgraphicscansafelyskip this chapter.
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2.0.1 Overview

Thechapterbeginsby presentingthemostbasicimage-basedrenderingprimitive: theim-

age.Next, therelevantdetailsof real imageformationarecovered,with particularempha-

sison thepinholeprojectioncameramodelandthevariousparameterizationsusedin this

thesis. Thenthe discussionmoveson to otherusefulconcepts,including inverseprojec-

tion matrices,homographies,andepipoles.Next, thedistinctionbetweenprojective,af�ne,

andEuclideanscenereconstructionsis explained.Finally, thetopicof cameracalibrationis

brie�y covered,focusingprimarily onthetechniquesthatareusedto calibratetheexamples

presentedlaterin this thesis.

2.1 Images

The term “image” meansdifferent things to different authors. In this thesis,an image

is de�ned to be all of the radiancethrougha single point in space,called the centerof

projection.Thisde�nition excludes,for example,anMCOPimagesinceMCOPsrepresent

theradiancethroughmultiplecentersof projection.

Radianceis a measureof power per unit solid angleper unit areain a particulardi-

rection. Thus, an imagetypically hastwo dimensions,correspondingto the degreesof

freedomof directionsthroughapoint. In this thesis,imagesaredenotedby theletterI with

anidentifyingsubscript.Thecenterof projectionis generallyunderstoodfrom thecontext.

Imagescanbetreatedlike a two-dimensionalfunctionfrom anglesto radiance,sothe

notation

R � I � q � f 	

meansthat the radiancein the directionspeci�ed by q and f throughthe centerof pro-

jection associatedwith I is equalto R. While thereareexceptions[Debevec andMalik

1997], in practiceimagesgenerallycontainquantizedRGB color valuesinsteadof actual

radiancemeasurements.SoR �
� Rred � Rgreen� Rblue	 , wherethered,green,andbluevalues

arebetween0 and255inclusive. As a consequence,theterms“radiance”and“color” are

usedinterchangeably.
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Realimagesareformedthroughanimagingprocess,typically usingsomesortof cam-

era. In most cases,the sceneradianceis focusedthroughthe centerof projectiononto

a planarimaging surface,whereit is recorded. The recordedradianceis digitized into

a two-dimensionalarrayof pixels for processingon a computer. In this thesis,the two-

dimensionalimageplaneis parameterizedby thevariablesu andv, sothenotationI � u � v	

refersto theradianceatpixel � u � v	 in imageI .

The imagingprocesscanbe characterizedby the camera's projectionfunction. The

projectionfunctionmapsdirections � q � f 	 to pixel coordinates� u � v	 :
��

u

v


�

�

��

pu � q � f 	

pv � q � f 	


�

�

Theinverseprojectionfunctionis simplyin theinverseof theaboverelationship.Projection

functionsmappingthree-dimensionalpoints(ratherthandirections)to pixelcoordinatesare

alsocommonlyused.In this case,theinversefunctionis notuniquelyde�ned.

Theprojectionfunctioncanbeany mapping,evena non-linearone. For example,the

projectionfunctionfor theimagein Figure1-1mapsmostof aunit sphereinto arectangular

image.However, oneof thesimplestandmostcommonlyusedprojectionfunctionsbelongs

to thesimplepinholecamera,which is examinedin moredetail in thefollowing section.

2.2 PinholeCameras

The pinholecameramodelis centralto image-basedrendering.Realcamerashave com-

plex opticalproperties,but for computationalsimplicity they aregenerallyrepresentedby

a simplemathematicalmodelknown asthepinholeprojectionmodel. In thepinholepro-

jectionmodel,a camerasimply consistsof a centerof projection(i.e., thepinhole)anda

planarimagingsurface,or imageplane.Thecameraformsa planarimage,which consists

of the radiancealongall raysthat passthroughthe centerof projectionandintersectthe

imageplane. Theseraysarecalledviewing rays. Oneviewing ray is consideredspecial:

thatis theraythatpassesthroughthecenterof projectionandis perpendicularto theimage

plane.This ray is calledtheopticalaxisof thecamera,andthepoint at which it intersects

theimageplaneis calledtheprincipalpoint (seeFigure2-1).

33



Optical Axis

Image Plane

Center of
Projection

Viewing Ray

Figure 2-1: An illustrationof a pinholecamerashowing thecenterof projection,theopticalaxis,

theprincipalpoint,andanexampleviewing ray.

2.2.1 Projection Matrix

Thepinholecameracanbeconciselyrepresentedwith a single3 � 4 matrix, calleda pro-

jectionmatrix. Theprojectionmatrix transformsa three-dimensionalpoint in the“world”

to its two-dimensionalcoordinatesin thecamera's imageplane:

u �

� PX
�

(2.1)

Here, lowercasesymbolsrepresentthree-dimensionalpoints (e.g., imageplanecoordi-

nates)anduppercasesymbolsrepresentfour-dimensionalpoints(e.g.,world coordinates)

or matrices. Thesepointsarerepresentedwith homogeneouscoordinates,which addan

extradimensionto eachpoint.

The symbol �

� representsequalityup to scale. It is importantto notethat projection

matricesare projective quantities,and that equalityholds in equation2.1 only up to an

arbitraryscalefactor. Correspondingly, thethree-dimensionalworld pointX is represented

(up to a scalefactor)with four coordinates� X � Y� Z � W 	

T , andthe two-dimensionalimage

pointu is representedwith threecoordinates� u � v� w	

T . Onecanthink of the“extra” degree-

of-freedomasrepresentingthescalefactor.

Theprojectionmatrix transformsall world points,eventhose“behind” thecamera,to
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imagepoints.Theonly exceptionis thecamera's centerof projection,which transformsto

� 0 � 0 � 0	

T (thezerovectoris neveravalid projectivepoint). Thatis, thecenterof projection

is the null-spaceof the projectionmatrix, so onecan�nd the centerof projectionof any

projectionmatrixby computingits null-space.

2.2.2 Parameterizations

A projectionmatrix hastwelve elementsbut only 11 degreesof freedombecauseof the

arbitraryscalefactor. Thus,onesimpleparameterizationis simply theelevenelementsof

the matrix with the twelfth elementarbitrarily set to 1. This representationworks for all

projectionmatrices,exceptthosewhosetwelfth elementis zero,in which casesomeother

elementcanbesetto 1. However, this representationis neitherintuitive nor easyto work

with, sootherparameterizationsaregenerallyused.

The parameterizationmostoften usedin this thesisfactorsthe projectionmatrix into

two components:

P � A � R t �

� (2.2)

whereA is a 3 � 3 matrix that representsinternal propertiesof the camera,and � R t �

is a 3 � 4 matrix that representsthe positionandorientationof the camerain the world.

Implicit in theuseof this parameterizationis theassumptionthat theworld is represented

in a Euclideanspace.Whenworking with non-Euclideanspaces,it is necessaryto usethe

moregeneralparameterization.Theseissuesarediscussedfurtherin section2.4.

The positionandorientationconstitutesix degreesof freedom.As shown in the next

section,thematrixA contains� vedegreesof freedom,whichresultsin atotalof 11degrees

of freedom.

Camera Intrinsics

The A matrix is calledthe instrinsicsmatrix for the camera,andit encapsulatesphysical

propertiesof the camerasuchasfocal lengthandpixel aspectratio. The A matrix is an
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upper-diagonalmatrixwith � veparameters:

A �

��

�

�

�

fu s cu

0 fv cv

0 0 1


��

�

�

�

�

(2.3)

The diagonalelements,fu and fv, arethe horizontalandvertical focal lengthsof the

camera.For cameraswith typical lenses,fu equalsfv (in thecaseof digital cameras,the

camerais saidto have squarepixels). In caseswhere fu doesnot equal fv, thefraction fv
fu

is calledtheaspectratio of thecamera.Cameraswith anamorphiclenseshave non-unity

aspectratios. OthercommonexamplesincludeminiDV camcorders,which have aspect

ratio 8
9.

Theelementscu andcv arethecoordinatesof thecamera's principalpoint in theimage

plane.In typical cameras,thispoint is closeto thecenterof thecamera's image.However,

this is not alwaysthecase,especiallyfor skewed-frustumcamerasor other“camera-like”

devicessuchasvideoprojectors.

The�nal intrinsicsparameters is calledtheskew parameter. A non-zeroskew parame-

ter indicatesnon-orthogonalityof theimageplanecoordinateaxes.In almostall cases,the

skew parameteris zero,whichmeanstheaxesareperpendicular.

Sincemany camerashaveunit aspectratioandzeroskew, it is commonto useareduced

parameterversionof A consistingof parametersfu, cu, andcv. A singleparameterversion

is alsopossibleby assumingthat theprincipalpoint lies at thecenterof the imageplane,

but thisassumptionis generallylessaccurate.

The entriesof A are measuredin the sameunits as the two-dimensionalcoordinate

systemof the imageplane. In this thesis,the imageplanehasits origin in the upper-left

cornerof the image. The positive u-axis is to the right, andthe positive v-axis is down.

Thecoordinatesarespeci�ed in unitsof pixels. Thus,for an imageof W � H pixels, the

upper-left pixel hascoordinates� 0 � 0	 , thelower-right pixel hascoordinates� W � 1 � H � 1	 ,

andtheprincipalpointgenerallyhascoordinatescloseto � W � 2 � H � 2	 .

Often it is moreconvenientto specifythe �eld-of-view of the cameraratherthanthe

focal length.Thefocal lengthof thecamerais directlyrelatedto thecamera's �eld-of-view.
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Thesimplerelationis

f �

W

2tan�

qFOV
2 	

�

whereqFOV is the�eld-of-view of thecamerameasuredin radians.

CameraExtrinsics

The secondmatrix of the parameterization,
�

R t
�
, is simply a rigid transformationthat

mapspointsin theworld to thecamera's coordinatesystem.The3 � 3 submatrixR is an

orthonormalrotationmatrix andthe3 � 1 subvectort is theorigin of theworld coordinate

systemrepresentedin the camera's frame. Note that this formulation of the projection

matrix assumesthat three-dimensionalpoints in the world are representedby (possibly

scaledversionsof) � X � Y� Z � 1	

T .

Thecameracoordinatesystemusedin this thesisis a right-handedsystem.Theorigin

is locatedat thecenterof projection,andthepositivez-axisis alongtheopticalaxisof the

camera.Thus,aftertransformation,pointswith positivezvaluesarein front of thecamera.

When looking along the optical axis, the positive x-axis is to the right, and the positive

y-axisis down.

2.2.3 Radial Distortion

Thepinholecamerais generallyagoodapproximationto arealcamerawith typical lenses.

However, it fails to modelsomeimagingeffectsthatmaybe importantfor improvedren-

deringquality. Oneof thesenon-pinholeeffectsis radialdistortion,which is a nonlinear

stretchingalongradialdirectionsin the image.Radialdistortionhastheeffect of making

straightlinesin theimageappearcurved. In typical images,radialdistortionbecomesap-

parentonly nearthe edgeof the image,althoughwith wide-anglelensesit canbe quite

apparent.

Therelationshipbetweenundistortedimagepointsu �u anddistortedimagepointsu �d is
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generallyexpressedwith aseriesapproximation:

u�u � u�d �

u�d

¥

å
i � 1

k ir i
d �

v�u � v�d �

v�d

¥

å
i � 1

k ir i
d �

Theconstantsk i arecalledtheradialdistortioncoef�cients, andrd � u�

2
d �

v�

2
d is thesquared

radiusof thepoint. In mostcases,only the�rst oneor two radialcoef�cients areneeded.

Note that the pixel coordinatesu �u andu �d arenot actualpixel coordinates.For these

primedcoordinates,the principal point hasbeensubtractedanda non-unityaspectratio

hasbeencorrected.All of theseissuesareeasilyhandledby pre-transformingthe pixel

coordinatesby theinverseof theintrinsicsmatrix

u �d � A �

1ud �

andrescalingtheresultsuchthatthethird coordinateis equalto one.Of course,theradial

coef�cients k i mustbecalculatedwith this transformationin mind. Theactualpixel coor-

dinatesof theundistortedpointscanthenberecoveredby transformingwith theintrinsics

matrix,

uu � Au �u �

Giventheradialdistortionparameters,it is possibleto undistorttheimagesothatit �ts

thestandardpinholemodel.In this thesis,it is assumedthatall imageshavebeencorrected

for radialdistortion,unlessnotedotherwise.

2.2.4 InverseProjection Matrix

The projectionmatrix mapsworld pointsto imagecoordinates.Logically, the inverseof

this matrix shouldmapworld coordinatesto world points. However, this inverseis not

unique,which is clearly seenby noting that multiple world points (i.e., thosealong the

sameviewing ray) project to the sameimagecoordinates.Thus, an inverseprojection

matrix is de�ned to beany 4 � 3 matrix P� that resultsin identity whenmultiplied by its

correspondingprojectionmatrix:

PP�

�

� I
�
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Inverseprojectionmatricesaredenotedwith asuperscript
�

.

A simplewayto computeaninverseprojectionmatrix is to �rst augmenttheprojection

matrixP with a fourth row:

Paug �

��

P

P


�

�

Then,inverttheaugmentedmatrixandtakethe�rst threecolumnsof theresultasaninverse

projectionmatrix:

P�P � P �

1
aug� 4 � 3 �

Thisprocedurehasanintuitiveinterpretation.Theaugmentedrow P canbeinterpreted

astheequationof aplane.Theresultinginverseprojectionmatrixmapsimagecoordinates

to world points on this planeP. This mappingis unique,except in the casewhen the

planeP containsthe centerof projection. However, in this case,the planeP is a linear

combinationof the other threerows of the projectionmatrix, which resultsin a singular

matrixPaug thatcannotbeinverted.

Whenworkingwith Euclideanprojectionmatrices,theinverseprojectionmatrixcanbe

computedin thesameway. Thereis oneinterestingcasewhenP ��� 0 � 0 � 0 � 1	 , which is the

equationof theplaneat in�nity . In this case,theinverseprojectionmatrix is

P�¥ �

�
�

R
�

1A
�

1

0 0 0



�

�

whichmapsimagecoordinatesto directionsin theworld coordinatesystem.

2.3 Multiple Cameras

The previous sectionscoveredmathematicalnotionsconcerninga singlecamera. In the

following sections,therelationshipsbetweentwo or morecamerasareexplored.

2.3.1 Epipoles

Giventheprojectionmatricesof two or morecameras,it is possibleto computetheimage

of onecameraasseenby another. If C0 is thecenterof projectionof cameraP0, thenits
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imagein cameraP1 is

e10
�

� P1C0 �

Thispoint is calledtheepipole, andit is usefulin many contexts.

2.3.2 Homographies

A homographyis a3 � 3 matrix thatperformsaprojectivechangeof basisbetween2 two-

dimensionalprojective spaces.Intuitively, a homographysimply mapsa two-dimensional

projective point to another. In this thesis,homographiesareusedto mappointsfrom the

imageplaneof one camerato the imageplaneof a secondcamera. Unlike an inverse

projectionmatrix, which mapsimagepoints to world points, a homographymapsfrom

imagepointsto imagepoints.

Planar Homographies

Of particularinterestis aclassof homographiesknown asplanarhomographies.Giventwo

projectionmatricesanda planeequation,theplanarhomographyrelatingthemis de�ned

asfollows:

H01� P
�

� P1P�0 � P �

This homographymapspointsfrom the imageplaneof P0 onto the planeP, andthento

theimageplaneof P1. Planarhomographiesareinterestingbecausethey form thebasisof

projectivetexturemapping,which is animportantgraphicstool for image-basedrendering.

Projective Texture Mapping

In traditionaltexturemapping,anartistor designerspeci�esanaf�ne mappingbetweenan

imageandtheplanarsurfacesof a geometricmodel. Then,a renderingprocessformsan

imageof the texturedmodel,usually througha perspective projectionmatrix. Thus,the

entireprocessof texturemappingcanbeseenasanaf�ne mapfrom thetexturecoordinate

systemto the model's surfacefollowed by a projective mapfrom the model's surfaceto

the �nal imageplane. Not surprisingly, this image-to-imagemappingcan be concisely

representedwith asinglehomography.
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Projective texture mappingtakes this processone stepfurther. Insteadof using an

af�ne mapfrom thetextureimageto theplanarsurface,projective texturemappingusesa

full projective map(e.g.,an inverseprojectionmatrix). Thehomographyfor a projective

texturemapis speci�edby equation2.3.2,in which P0 is theprojectionmatrix associated

with the texture image,P is the planeequationof the surface,andP1 is the projection

matrixof theviewing camera.

Projective texture mappinghasan intuitive interpretation. Onecan imaginethat the

texture is “projected” onto a planar“screen”, much like a slide from a slide projector.

This screenis thenviewedfrom anothervantagepoint. Image-basedrenderingalgorithms

commonlyuseprojective texture mappingto mapphotographsonto a three-dimensional

model,which is thenviewedfrom arbitraryviewpoints.Sincealmostall moderngraphics

hardwaresupportsprojective texture mapping,it is an attractive procedurefor real-time

implementations.

2.4 Camerasand Scenes

Theprevioussectionshaveconsideredtherepresentationof camerasin termsof projection

matrices. Equally importantis the representationof the environment,or scene,that the

cameraspopulate.Onefactorthatgreatlyin�uencesthedesignof renderingalgorithmsis

thescenerepresentation.

Considera typical computervision scenario:one hasa set of imagesI i , eachwith

a list of point imagefeaturesui j . The task is to recover projectionmatricesand three-

dimensionalworld points (often calledstructure points) suchthat the projectionsof the

pointsmatchtheimagesfeatures,

ui j
�

� PiX j � (2.4)

for all imagesandpoints.Assumingperfectdata,avalid solution,alsocalledareconstruc-

tion of thescene,will satisfyequation2.4.

However, equation2.4 doesnot provide enoughconstraintsto uniquely specify the

scenereconstruction.For example,thereis an inherentscaleambiguity;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 reconstructionof a scenecanbe transformedto yield a

different,but equivalent,representationof thescene.

2.4.1 EuclideanReconstruction

Whenthereconstructedscenediffersfrom the“true” sceneby a rigid transformation(and

possiblya uniform scale),the reconstructionis saidto be Euclidean.It is alsoknown as

a metric reconstructionor a stronglycalibratedscene.A Euclideanreconstructioncorre-

spondsto how we perceive the real world. Distancesmeasuredfrom the reconstruction

correspondto the distancesin the true scene,andanglesbetweenelementsof the recon-

structionre�ect the true angles.Euclideanreconstructionsarepreferredfor image-based

renderingbecausethey meshwell with traditionalcomputergraphics.They arealsointu-

itive to work with andeasyto visualize.

Unfortunately, from a computervision standpoint,accurateEuclideanreconstructions

arealsothe mostdif�cult to achieve. Computervision researchersdistinguishthreedif-

ferenttypesof reconstructions(in orderof dif�culty to compute):projective, af�ne, and

Euclidean.Thethreetypesdiffer in thetypesof transformationsneededto convert there-

constructionto aEuclideanone.Appropriately, anaf�ne reconstructioncanbeconvertedto

a Euclideanoneby applyinganappropriateaf�ne transformation,anda projective recon-

structioncanbe convertedby applyingan appropriategeneralprojective transformation.

Non-Euclideanreconstructionsarereferredto asnon-metricreconstructionsor weaklycal-

ibratedscenes.

2.4.2 Non-metric Reconstructions

Considera Euclideanreconstructionconsistingof projectionmatricesPi and structure

points X j . Sincethe reconstructionis Euclidean,the parameterizationin Equation2.2

canbeused:

ui j
�

� A i � Ri t i �

X j �
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Converting this Euclideanreconstructionto projective is easilydoneby transformingthe

projectionmatricesandthestructurepointswith anarbitrary, non-singular4 � 4 matrixT:

ui j
�

� � A i � Ri t i �

T 	�� T �

1X j 	

�

(2.5)

It is obviousthat theprojectionequationis still satis�ed,althoughtheprojectionmatrices

andstructurepointsarenow representedin a projective space.That is, thereconstruction

is now aprojectiveone.

Generally, onedoesnotconvertaEuclideanreconstructioninto anon-metricone.Non-

metric reconstructions(both af�ne andprojective) satisfythe basicprojectionrelationof

equation2.4, but provide little otherknowledgeaboutthe scene.For example,distances

andanglesmeasuredin thesespacesarenot meaningful. They alsocauseproblemsfor

computergraphics: virtual camerasare dif�cult to control in non-metricspaces,and z-

buffersbecomeuseless.However, becausenon-metricreconstructionsareofteneasierto

obtain,it is usefulto understandtheir limitationsandhow they canbeusedin graphics.

To betterunderstandthe differencebetweenEuclidean,af�ne, andprojective recon-

structions,it is instructive to examinehow to convert a projective reconstructionbackinto

a Euclideanone. Given a projective reconstruction,the task is to recover the unknown

projectivetransformationT. Without lossof generality, assumethatP0 hasR0 equalto the

identitymatrixandt0 equalto thezerovector. ThenthetransformedP0 becomes

P0T � A i

��

�

�

�

TT
1

TT
2

TT
3


��

�

�

�

�

whereTT
1 , TT

2 , andTT
3 arethe �rst threerows of the unknown projective transformation.

AssumingthatA i is known, the �rst threerows of theunknown projective transformation

arereadilyavailable. Thedif�culty lies in determiningthe fourth row, which is theequa-

tion of the planeat in�nity P¥ in the projective space. Onceit is found, however, the
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reconstructioncanbetransformedby theprojective transformation

T¥
�

�

��

�

�

�

�

�

�

p4 0 0 0

0 p4 0 0

0 0 p4 0

� P¥


��

�

�

�

�

�

�

�

wherep4 is thefourth elementof P¥ .This transformationannihilatesthefourth row of the

projective transformation,resultingin anaf�ne transformationthathastheform

TT¥
�

�

��

�

�

�

�

�

�

t11 t12 t13 t14

t21 t22 t23 t24

t31 t32 t33 t34

0 0 0 1


 �

�

�

�

�

�

�

�

Of course,this af�ne transformationcanbefurtherannihilatedto achieve a Euclideanre-

construction.

In practice,convertinga projective reconstructionto a Euclideanoneis not sosimple.

First, the cameraintrinsicsmatrix A is not alwaysknown, althoughtechniquesexist for

estimatingP¥ 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. Theprocessof

obtaininga Euclideanreconstructionfrom a collectionof imagesfalls underthe topic of

cameracalibration,discussedin thenext section.

2.5 CameraCalibration

In this thesis,the entire processof obtaininga reconstructionof a sceneis referredto

as cameracalibration. Given a collection of images,the goal is to obtain a Euclidean

reconstructionof thescene.A largenumberof methodsfor solvingthisproblemhavebeen

documentedin thecomputervision literature. This sectionis not intendedto bea survey

of calibrationtechniques;it merelyoutlinesthebasicapproachthatis usedto calibratethe

imagecollectionsin this thesis.

Calibrationproceedsin threesteps. First, the intrinsic parametersof the cameraare

determinedusingmultiple imagesof a checkerboardpattern. Figure2-2 shows example
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Figure2-2: Examplecalibrationimages.

calibrationimages.Thecornersof thecheckerboardpatternareautomaticallytracked,and

theresultingfeaturesareusedin Zhang's calibrationalgorithm[Zhang1998]. Zhang's al-

gorithmcomputesthe� veintrinsicparametersof thecameraaswell astwo radialdistortion

coef�cients.

The secondstepis to obtaina projective reconstructionof the scene.An initial solu-

tion is computedusinga projective factorizationtechnique[Triggs1996]. Thesolutionis

re�ned usingstandardrobustbundleadjustmenttechniques[Triggset al. 2000]. For large

imagecollections,thesolutionis partitionedinto overlappingsubsetsof images,for which

independentsolutionsarecomputed.Theindependentsolutionsareregisteredby comput-

ing pairwiseprojective transformationsthat mapeachsolutioninto a commonprojective

frame.While thismethoddoesnotalwaysgiveagloballyconsistentsolution,it workswell

enoughin mostsituations.

Finally, thereconstructionis upgradedto aEuclideanoneby usingtheknown intrinsic

cameraparametersand a procedurefor estimatingthe planeat in�nity [Pollefeys et al.

1999]. Unfortunately, this procedureoccasionallyfails, in which casethe imagescannot

beusedor mustbeusedin aweaklycalibratedsense(seeChapter6).

2.6 Summary

This chapterhaspresentedthe basicmathematicalbackgroundneededto understandthe

algorithmsin this thesis.Themostbasicprimitive is the image,andthemostcommonly
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usedcameramodelis thepinholemodel(with perhapssomeradialdistortionparameters).

Thepinholemodelis conciselyrepresentedby a 3 � 4 projectionmatrix. This matrix

hasno uniqueinverse;insteada family of inverseprojectionmatricesis de�ned, which

is parameterizedby a planeequation.An importantclassof image-to-imagetransforms,

theplanarhomography, is de�ned in termsof projectionandinverseprojectionmatrices.

Planarhomographiesform thebasisof projectivetexturemapping,akey computergraphics

techniquefor image-basedrendering.

ThedistinctionbetweenEuclidean,af�ne, andprojective representationsis explained,

with the Euclideanrepresentationbeing the easiestto work with and the most dif�cult

to obtain. Under a Euclideanrepresentation,the projectionmatrix can be factoredinto

intrinsicandextrinsiccameraparameters,anintuitiveandusefulform.

A strati�ed approachto cameracalibrationis described.First the camera's instrinsic

parametersarerecovered,followedby aprojectivereconstructionof thescene.Then,using

thecameraintrinsic parameters,theplaneat in�nity is estimatedandusedto upgradethe

reconstructionfrom projective to Euclidean.
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CHAPTER 3

Properties of Image-Based Rendering Algorithms

In recentyears,researchershave developedmany different image-basedrenderingalgo-

rithms.All of thealgorithmsattemptto solve thesamebasicimage-basedrenderingprob-

lem: givenacollectionof imagesfrom known viewpoints,generateimagesfrom unknown

viewpoints.

Thesealgorithmshave many similaritiesanddifferences.Althoughall algorithmspur-

port to solve the sameproblem,in many casesthesedifferencesprecludethe useof one

algorithmin favor of another. For example,standardVDTM algorithmsdo not perform

well (in termsof output imagequality) with large numbersof input images,while light

�eld techniquesonly performwell in this case.Onecould attribute this behavior to vio-

lating the input assumptionsof theVDTM algorithm. However, this particularlimitation

is peculiar, asit seemsreasonableto assumethatany IBR algorithmshouldperformbetter

asmoreimagesareavailable. Understandingthesedifferencesis key to developingnew

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

This chapterinvestigatesthesedifferencesbetweenalgorithms.It beginsby formally pre-

sentingtheparticularversionof the image-basedrenderingproblemthat is consideredin

this thesis. The discussionthenturnsto threepropertiesthat help maximizethe �e xibil-

ity andutility of the IBR algorithms. To illustratetheseproperties,the chapterdevelops

a hypotheticalIBR algorithmasa thoughtexperiment.This algorithmis not intendedfor

actualuse,andin fact, it is shown to bede�cient becauseit doesnot properlyexploit the

empty-spaceassumption. Theempty-spaceassumptionsimpli�es thesolutionof theradi-

ancereconstructionproblem, which is a key sub-problemthatmostmodernimage-based

renderingalgorithmsaddress.Thechapterconcludeswith adiscussionof six propertiesof

goodsolutionsto theradiancereconstructionproblem.

3.1 The Image-BasedRenderingProblem

IBR algorithmsattemptto solve thefollowing problem:

Givenacollectionof calibratedimagesof astaticsceneandaspeci�cationfor

anunknown view, generatetheimageof thatsceneasseenfrom thatunknown

view.

Of course,theabovede�nition containsanumberof assumptionsthatmaketheproblem

moretractable.A “calibrated”imagehasknown internalandexternalcameraparameters,

whicharespeci�edin aEuclideanreferenceframe.The“staticscene”assumptionspeci�es

thatthereareneithermotionchangesnor lighting changesvisible in thereferenceimages.

Notethattheactualscenedoesnot needto bestatic,asthestaticsceneassumptioncanbe

satis�edwith, for example,multiplesynchronizedcameras.

3.2 DesirablePropertiesfor Algorithm Flexibility

Justfrom thede�nition of theIBR problem,it is possibleto identify certainpropertiesthat

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

3.2.1 Property #1: Unstructured Input

It is desirablefor animage-basedrenderingalgorithmto acceptinput imagesfrom cameras

in generalposition.Onebarrierto theuseof mostexisting IBR algorithmsis thecommon

restrictionthattheir input imagesmustcomefrom camerasarrangedin veryspeci�c spatial

structures.

For example, the original light �eld methodassumesthat the camerasare arranged

at evenly spacedpositionson a singleplane. This limits the applicability of this method

sinceit requiresaspecialcapturegantrythatis bothexpensiveanddif�cult to usein many

settings[Levoy etal.2000].Otheralgorithmsrequirelinear, circular, cylindrical, spherical,

or othercamerapositionsthatareequallydif�cult to achieveprecisely.

Someresearcherssuggest“regularizing” the imagesbeforeapplying a renderingal-

gorithm that requiresregular inputs. For example,the lumigraphpaperdescribesan ac-

quisition systemthat usesa hand-heldvideo camerato acquireunconstrainedinput im-

ages[Gortler et al. 1996]. Insteadof renderingdirectly from theseimages,they apply a

preprocessingstep,calledrebinning, thatresamplestheinput imagesto virtual sourcecam-

erassituatedon a regulargrid. Rebinninghasat leasttwo drawbacks.First, therebinning

processaddsan additionalreconstructionandsamplingstepto lumigraphcreation. This

extrasteptendsto degradetheoverallqualityof therepresentation.Second,theprocessof

rebinningreally doesnot solve theproblem. Rebinninga lumigraphis equivalentto ren-

deringagrid of regularlyarrangednovel viewsfrom unstructuredinput images.In essence,

to rebina lumigraphoneneedsto know how to renderfrom anunstructuredcollectionof

images,which is theproblemthatrebinningis intendedto circumvent.

Algorithmscouldbemadeevenmore�e xible by removing therequirementfor strongly

calibratedcameras.Sinceit is generallyeasierto obtainweak(or no) calibration,suchal-

gorithmscouldbeusedwith datafor whichcalibrationis notavailableor dif�cult to obtain.

Unfortunately, usingweakor no calibrationstronglyimpactsthepropertydiscussedin the

following section,“Natural Navigation.” Nonetheless,renderingwith weakly calibrated
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camerasis useful,andit is discussedin detail in Chapter6.

3.2.2 Property #2: Natural Navigation

One often-overlooked aspectof the image-basedrenderingproblemis the speci�cation

of the output view. In order for an algorithm to be generallyuseful, it shouldbe easy

andnaturalto specifytheoutputview. Computergraphicsresearchersareaccustomedto

controllingtheposition,look direction,and�eld-of-view of therenderingcamera,andthe

IBR algorithmshouldnot restrictthis freedom.

Generally, navigation only becomesa problemwhendealingwith weakly calibrated

cameras.Thescenemayberepresentedby a non-Euclideanreconstruction,in which case

it is dif�cult to specifya desiredcameraprojectionmatrix that actuallycorrespondsto a

realisticcamera.

Theview morphingalgorithm[SeitzandDyer1996]is agoodexampleof analgorithm

with a restrictive navigation mode. View morphingusesonly weakly calibratedcameras

(justa fundamentalmatrix is required),but it limits thepositionof thevirtual camerato be

on the line connectingthe two input cameras.As a result,view morphingcansynthesize

convincing linearmotions,but it haslimited suitability to othertasks.

3.2.3 Property #3: Real-Time Performance

It is alsodesirablethattheimage-basedrenderingalgorithmrunat interactiverates.While

this propertyis desirablefor almostall computergraphicsalgorithms,it is especiallytrue

for image-basedrenderingalgorithms,which have beenbilled asreal-timealternativesfor

photorealisticgraphics.

Typicalapplicationsof IBR algorithmsrequirehighperformance.For example,image-

basedalgorithmsareoften targetedat immersive, virtual reality applicationsin which re-

sponsivenessis very important. They arealsouseful for three-dimensionaldisplaysand

videoprocessingapplications,bothof which requirereal-timeperformance.

Furthermore,mostexisting image-basedalgorithmsrun an interactive rates. It is rea-

sonableto expectnew algorithmsto ensurethatimagesarestill computedef�ciently .
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3.3 A Hypothetical Algorithm

To illustratetheaboveproperties,considerahypotheticalimage-basedrenderingalgorithm.

The input to this algorithmis a collectionof imagesI i andtheir correspondingprojection

matrices:

Pi � A i � Ri t i �

�

It is assumedthattheinputimagesarescatteredrandomlythroughoutthethree-dimensional

region of spacein which navigationis desired.Thevirtual imageis speci�edwith another

projectionmatrix,

Pout � Aout � Rout tout �

�

In this hypotheticalalgorithm,the virtual imageis formedasa linear combinationof

four warpedinput images.The algorithm�rst selectsfour imagesthatare“close” to the

virtual image.Thentheseimagesarewarpedsothattheir orientationsarecompatiblewith

thevirtual image.Finally, thefour imagesareblendedtogetherto form thevirtual image.

Formally, thevirtual imageis de�ned by thefollowing equation:

Iout � wiH iIi
�

w jH j I j
�

wkHkIk
�

wl H l Il �

whereIx arethefour images,Hx arehomographiesthatwarptheimages,andwx areweight-

ing factorsthatsumto one.

The four “closest” input imagesIi, I j , Ik, andIl aredeterminedby usinga tetrahedral

decompositionof space. First, the three-dimensionalpositionsof the input camerasare

connectedin a tetrahedralmesh(much like a triangulationof two-dimensionalpoints in

theplane).Thedesiredvirtual cameracanthenbelocalizedto within onetetrahedralcell

in the mesh(in this algorithm,virtual views are limited to within the convex hull of the

input cameras).Thefour camerasforming theverticesof this cell areusedfor the image

interpolation,and the four weighting factorsare just the barycentriccoordinatesof the

virtual camera's locationwithin thecell.

Beforeforming thelinearcombination,it is necessaryto warptheinput imagessothat

theirorientationsandinternalparametersmatchthoseof thevirtual view. Assumingplanar
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projectioncameras,thiswarpis accomplishedby applyingthefollowing homography:

H i � AoutRoutR �

1
i A �

1
i �

Intuitively, this algorithm simply blendstogetherfour input imagesthat “surround”

thedesiredvirtual image. Of the four, the imagesthatarephysicallycloserto thevirtual

cameracontributemorethanthosethatarefartheraway.

In termsof the previously discussedproperties,this algorithmdoesvery well. It ac-

commodatescamerasin generalpositionbecauseit usesa tetrahedralmeshto determine

interpolationneighborhoodsratherthana�x edregularstructure.It alsohandlesdifferences

in cameraorientationby usingahomographyto warpimagesbeforeinterpolation.Thevir-

tual cameracanbe completelyspeci�ed usinga simpleEuclideanprojectionmatrix, and

thealgorithmwouldbetrivial to implementin real-timeonmoderngraphicshardware.

However, underthesurface,thisalgorithmhasserious�a ws. These�a wsareprimarily

dueto thefactthatthealgorithmdoesnotexploit theempty-spaceassumption.

3.3.1 The Empty-SpaceAssumption

A typical sceneconsistsof opaqueobjectsthat arearrangedin emptyspace.Of course,

the spaceis not really empty; it containsair, which is generallyassumedto be a non-

participatingmedium. Thisassumptionmeansthatthecolorof apoint in thesceneremains

thesameno matterthedistancefrom which it is viewed. In otherwords,thetransmission

medium(air) doesnot changetheradiancethattravelsthroughit.

This assumptionaboutemptyspace(i.e., that it is non-participating)is very important

for image-basedrenderingalgorithms.It turnsout thattherearevery few scenesfor which

this assumptiondoesnot at leastpartially hold. For example,sceneswith participating

media,suchassmokeor water, oftenviolatethestaticsceneassumption,andthusthey are

alreadyconsideredinvalid. In othercases,suchasoutdoorsceneswith distanthaze,the

effectmaynotbenoticeablein thedesirednavigationregion.

Exploiting theempty-spaceassumptiongivesanimage-basedrenderingalgorithmtwo

advantages.First, it allows thealgorithmto utilize potentiallyall input imagesto form the

highestquality virtual image. As an example,considerrenderingan virtual imagefrom
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a collectionof N input images.Thevirtual imagecanbeconsideredto bea collectionof

viewing rays(say, onefor eachpixel in theimage).Thetaskis to determinetheradiance,or

color, alongeachof theviewing raysin thevirtual image.A specialsubsetof theseviewing

raysconnectthecenterof projectionof thevirtual camerato thecentersof projectionof the

N inputcameras.TheemptyspaceassumptionallowsthecolorsalongtheseN viewing rays

to bedeterminedexactly, becausethesecolorshave beendirectly observedby theN input

cameras.NotethatasN increases,thecolorsalongmoreviewing rayscanbedetermined

exactly. Thus, the “error” in the virtual image(e.g.,measuredasthe squareddifference

from theunknown true image)decreasesasthenumberof input imagesincreases.In the

limit asN ! ¥ , theexactvirtual imagecanberecovered.

Thesecond,andmostsigni�cant, advantageof theemptyspaceassumptionis thatit al-

lowsfor areductionin dimensionalityof therenderingalgorithm's inputdata.In thehypo-

theticalalgorithm,theinput dataconsistsof two-dimensionalimagesscatteredthroughout

three-dimensionalspace,a � ve-dimensionaldatastructure.By utilizing the emptyspace

assumption,thedimensionalitycanbereducedto four. Consideracollectionof N cameras

thatarescatteredalonga two-dimensionalsurfacethatenclosesaconvex volumeof space.

For any virtual view insidethevolume,thecamerasalongthesurfacecontributeN viewing

raysto image. As N increases,moreviewing raysareavailable. In the limit asN ! ¥ ,

the exact output imagecan againbe recovered,but in this casethe cameraspopulatea

two-dimensionalsurfaceinsteadof a three-dimensionalvolume.

Of course,regardlessof theorganizationof theinput cameras,practicalrenderingsys-

temscannot expectan in�nite numberof input cameras.Currentsystemstypically work

with imagesnumberingin the hundredsto thousands,but sometimesmuchless. Typical

outputimagescanhave a million pixels,which meansthatat bestonly 0
�

1% of thepixels

canbecoloredexactly. Theremaining99
�

9%of thepixelsneedto recoveredfrom therest

of theinputdataby solvingtheradiancereconstructionproblem.

3.4 The RadianceReconstructionProblem

Theradiancereconstructionproblemis de�ned asfollows:
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Figure 3-1: (a) Unknown radiances(bold arrows) canbedeterminedfrom known radiancesalong

any setof “nearby” rays(dottedarrows). (b) It is simplerto useonly correspondingrays,whichare

de�ned to beraysthatintersectin acommonpointon theunknown ray.

Givenacollectionof calibratedimagesof astaticsceneandaspeci�cationfor

anunknown ray, determinetheradiancealongthatray.

The radiancereconstructionproblemis closely relatedto the image-basedrendering

problem. In fact, given a solutionto the radiancereconstructionproblem,it is simpleto

solvetheIBR problem:simplydeterminetheradiancealongall viewing raysin thedesired

outputimage. Many IBR algorithmstake this approach,including theonesdevelopedin

this thesis.

Therearemany possiblewaysto attackthe radiancereconstructionproblem. For ex-

ample,thehypotheticalalgorithmof section3.3 formstheradiancealonganunknown ray

astheweightedsumof radiancesfrom parallelraysin four neighboringinput images.In

general,any set of rays from the input imagescould be usedto solve the problem(see

Figure3-1a).

To keeptheanalysissimpler, thetechniquesdescribedin this thesisdeterminetheun-

known radianceasaweightedsumof radiancesof correspondingviewing raysin theinput

images. In this context, viewing rayscorrespondif they all intersectat a singlepoint in
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space.Equivalently, this simpli�cation canbe seenaschoosinga specialreconstruction

pointalongtheunknown rayaroundwhich theradianceis estimated(seeFigure3-1b).

Restrictingattentionto a singlepoint on the ray hasa numberof advantages.First, a

setof radiancesthrougha singlepoint is simply animage,soexisting imageanalysisand

reconstructiontechniquescanbebroughtto bearon theproblem.Second,whenthepoint

happensto lie on thesurfaceof anobject,theradiancevariationobeyscertainwell-studied

rulesrelatingto thesurfacere�ectanceandthe illumination of thescene.Theserulescan

beusedto improve thereconstruction.Third, theinput raysthat intersectthispoint canbe

orderedverysimplyaccordingto theiranglesrelativeto theunknownviewing ray. Thisfact

turnsout to be importantbecauserayswith smalleranglestendto have thebestestimates

for theunknown radiance.

3.5 DesirablePropertiesfor RadianceReconstruction

Therearea numberof propertiesthata goodsolutionto theradiancereconstructionprob-

lemshouldhave. Following theseguidelinescanhelpensurethata radiancereconstruction

algorithmgivesthebestpossibleresultsin awidevarietyof situations.

3.5.1 Property #4: Useof Corr espondence

Whenpixel correspondenceis known, it shouldbeexploitedto determinethereconstruc-

tion pointon theunknown ray(seeFigure3-2). Thispixel correspondencecanbespeci�ed

in avarietyof ways,suchasageometricmodel,adepthmap,or anoptical�o w �eld. Since

theIBR problemassumesastaticscene,pixel correspondencegenerallyimpliessomesort

of �x edgeometry, which is therepresentationmostcommonlyusedin this thesis.

In this thesis,suchapproximategeometricinformation is called a proxy. The term

proxy is usedto emphasizethat thegeometryis just a stand-infor thetruegeometry, and

that the proxy may in fact be an extremelycoarseapproximation.As shown in [Isaksen

et al. 2000; Chai et al. 2000], the proxy neednot be exact whenmany input imagesare

available.Conversely, whenfew imagesareavailable,theproxy requiresmore�delity .
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Figure3-2: Whenavailable,approximategeometricinformationshouldbeusedto determinewhich

sourcerayscorrespondwell to a desiredray. HereC1 IJIJI

C6 denotethepositionsof referencecam-

eras,andCv is thevirtual viewpoint whose�eld-of-view is shown asa graytriangle. Theproxy is

representedwith agrayshape.

To understandthe role of theproxy in radiancereconstruction,considerthe caseof a

perfectlyLambertianscene.In this case,it is well-known that the color of a scenepoint

doesnotdependontheviewing direction.Thus,if thereconstructionpoint is on theproxy,

thenall of theknown viewing raysobserve thesameradiance,andonly oneobservationis

neededto reconstructthecorrectradiance.

In thecaseof animperfectproxy, thereconstructionpointmaylie in front of or behind

the true scenesurface. The known viewing raysthendo not intersectthe true geometry

in a singlepoint, but ratherin anareaon thesurface. If this surfaceareais small, thenit

is morelikely that it is hasa nearlyuniform color. If the intersectionareais large, then

the known viewing rays may actually intersectmultiple regions of different colors (see

Figure3-3). In the former case,the radiancereconstructionis likely to be gooddespite

the incorrectgeometry. In the latter case,the reconstructionwill be poor. In both cases,

the areaof intersectioncanbe madesmallerby improving the proxy, leadingto a better

radiancereconstruction.
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Figure 3-3: The proxy is a coarseapproximationto the true scenegeometry, which in this case

consistsof multi-coloredboxesandovals. Sincetheproxy is not exact,a point on theproxy may

beseenwith differentcolorsfrom differentreferencecameras.In this case,somecamerasseethe

greencolorwhile othersseetheyellow color.

3.5.2 Property #5: Angle-BasedView-Dependence

Theareaof intersectioncanbe madesmallerin anotherway: by reducingthe anglesbe-

tweentheknown viewing raysandtheunknown ray. Rayswith smallerangulardifferences

aremuchlesssensitive to errorsin theproxy, asthey “spreadout” lessastheproxy devi-

atesfrom the truegeometry. Thebehavior helpsexplain the inverserelationshipbetween

number-of-imagesandquality-of-geometry. As thenumberof imagesincreases,thereare

moreknown viewing raysthatareangularlycloseto theunknown ray.

The angularclosenessof viewing raysis even importantwhenthe scenegeometryis

known. Considerthecaseof a non-Lambertiansceneandprecisegeometry. Theradiance

observed at the reconstructionpoint may vary with the viewing angle(e.g., becauseof

specularhighlightsor otherre�ections). In general,oneshouldreconstructthe radiance

usingraysthatview thereconstructionpoint at ananglecloseto thatof theunknown ray,
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Figure 3-4: The “closest” ray measuredby distancesd1 andd2 is not necessarilytheclosestone

whenmeasuredby anglesq1 andq2.

just asin thecasewith apoorgeometryproxy.

Clearly in a morerealisticsetting,suchasa non-Lambertianscenewith unknown ge-

ometry, the radiancereconstructionalgorithmshouldconsidervery strongly the angular

deviationsof theknown viewing raysfrom theunknown one.Thatis, thealgorithmshould

try to reconstructthe radiancein a view-dependentway. View-dependencehastwo as-

pects:�rst, known viewing raysthatareclosein viewing angleto theunknown rayshould

beweightedmoreheavily in thereconstruction.Second,theseweightsshouldfall off very

quickly astheangulardifferenceincreases.Includingtoo many radiancemeasurementsin

the reconstructioncanleadto excessive blurring andreductionof view-dependenteffects

suchashighlightsandre�ections.

Interestingly, the light �eld, lumigraph,andother“cameramanifold” renderingalgo-

rithmsthatselectraysbasedon how closethe ray passesto a sourcecameramanifolddo

not always favor the angularlyclosestradiancemeasurements.As shown in �gure 3-4,

the“closest” ray measuredby distancesd1 andd2 is not necessarilytheclosestonewhen

measuredby anglesq1 andq2. While this problemis not very noticeablewith traditional

light �eld techniques,it canbecomeaproblemwith irregularcameramanifolds.

3.5.3 Property #6: Epipole Consistency

Relatedto thenotionof view-dependenceis theideaof epipoleconsistency, whichwasal-

ludedearlierin thediscussionof thehypotheticalrenderingalgorithm.Whenadesiredray

passesthroughthecenterof projectionof a sourcecamerait canbetrivially reconstructed
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Figure 3-5: Whena virtual viewing ray passesthrougha referencecameracenter, that reference

camerashouldcontributetheexactcolor to thevirtual image.Herethiscaseoccursfor camerasC1,

C2, C3, andC6.

(assuminga suf�ciently high-resolutioninput imageandtheray falls within thecamera's

�eld-of-view) (seeFigure3-5). In thiscase,anidealalgorithmshouldreturntheexactcolor

from thesourceimage.This propertyis calledepipoleconsistency becausethepixels for

which colorscanbeexactly reconstructedaresimply theepipolesof the input camerasas

seenby thevirtual camera.

An algorithmwith epipoleconsistency canreconstructthesespecialrayscorrectlywith-

out any geometricinformation (the angulardifferenceis zero). With large numbersof

sourcecameras,algorithmswith epipoleconsistency can createaccurateoutput images

with essentiallyno geometricinformation. Light �eld andlumigraphalgorithmsarede-

signedspeci�cally to maintainthis property, which is why they are well-suitedto large

imagesets.

Surprisingly, many real-timeVDTM algorithmsdo not ensurethis property, evenap-

proximately, andtherefore,will not work properlywhengivenpoorgeometry. Thealgo-

rithmsdescribedin [Pulli etal. 1997;Darsaetal. 1997]reconstructall of theraysin a�x ed

desiredview usinga �x edselectionof threesourceimagesbut, asdescribedin Section3.3,
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properreconstructionof a desiredimagemay involve usingsomeraysfrom eachof the

sourceimages.Thealgorithmdescribedin [Debevecet al. 1998]alwaysusesthreesource

camerasto reconstructall of the desiredpixels on a singlepolygon(ratherthana single

point)of thegeometryproxy. Thisapproachdepartsfrom epipoleconsistency if theproxy

is coarse.

Generally, satisfyingtheview-dependencepropertyimplies thatanalgorithmsatis�es

epipoleconsistency, at leastapproximately. However, it is possiblefor an algorithmto

satisfyepipoleconsistency without strictly satisfyingtheview-dependenceproperty. This

situationoccursin thealgorithmof Heigl et al. [Heigl et al. 1999]. This algorithmusesa

pointontheproxytodeterminecorrespondingrays.However, insteadof measuringangular

differencesrelative to this point, it measuresangulardifferencesrelative to thepositionof

thedesiredcamera.While this procedureworkswith somecameracon�gurations,it does

notwork with arbitrarycameracon�gurations.

3.5.4 Property #7: RadianceConsistency

Throughany emptyregion of space,the ray alonga given line-of-sightshouldbe recon-

structedconsistently, regardlessof theviewpoint position(SeeFigure3-6). This property

statesthat theradiancereconstructionalgorithmshouldenforcetheemptyspaceassump-

tion. This propertyoftenholdsfor algorithmsthatalwayschoosethesamereconstruction

pointon theunknown ray (e.g.,thepointof intersectionwith theproxy),but not always.

As mentionedin theprevioussection,thealgorithmof Heigl et al. [Heigl et al. 1999]

usesthecurrentdesiredcameralocationasthepoint for measuringangulardifferences(the

algorithmactuallyusesa measurementin theimageplaneof thedesiredcamera,which is

equivalentto ananglemeasure).Figure3-6 illustratestheproblem: two desiredcameras

thatshareadesiredviewing rayhavedifferent“closest”cameras,thereforegiving different

reconstructions.As a result,thealgorithmdoesnotsatisfyradianceconsistency.
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Figure 3-6: Whenray angleis measuredin thedesiredview, onecangetdifferentreconstructions

for the sameray. The algorithmof Heigl et al. would determineC2 to be the closestcamerafor

Cv1, andC1 to betheclosestcamerafor Cv2. Theswitchin reconstructionsoccurswhenthedesired

camerapassesthedottedline.

3.5.5 Property #8: Continuity

Reconstructioncontinuityis very importantin image-basedrenderingfor avoiding render-

ing and animationartifacts. Thereare two notionsof continuity: spatialand temporal.

Spatialcontinuity refersto continuity in the reconstructionof a singleimage. Individual

pixel color valuesshouldbereconstructedaccordingto underlyingcontinuousbasisfunc-

tions.Temporalcontinuityrefersto theevolutionof thereconstructedimagesover time. If

thedesiredcameramovesin a continuousmanner, thenthe imagereconstructionsshould

evolve continuouslyaswell. In mostapplications,minimalC0 continuity is suf�cient for

pleasingresults.

Spatialandtemporalcontinuity follow directly from thecontinuityof theradiancere-

constructionalgorithm. Considertwo points in space:a desiredcameralocation and a

geometricproxy point. Thesetwo pointsde�ne a viewing ray for which the radianceis

to be reconstructed.To ensurespatialcontinuity, the radiancereconstructionprocedure

shouldbecontinuouswith respectto smallchangesin theproxypoint. To ensuretemporal
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continuity, theprocedureshouldbecontinuouswith respectto changingthevirtual camera

location.

Somealgorithmsdo not guaranteecontinuityof reconstruction.TheVDTM algorithm

of [Debevec et al. 1998] usesa triangulationof directionsto sourcecamerasto pick the

“closestthree”camerasfor radianceinterpolation.Thisproceduredoesnotprovidespatial

continuity whenevaluatedat differentpointson the proxy. Nearbypointson the proxy

canhave very differenttriangulationsof the “sourcecameraview map” resultingin very

differentreconstructions.While this objective is subtle,it is nonethelessimportant,since

lackof suchcontinuitycanintroducenoticeableartifacts.

3.5.6 Property #9: Sensitivity to Non-Ideal Effects

Thepreviousdiscussionsof theemptyspaceassumptionandradiancereconstructionmake

some“ideal” assumptions.For example,it is implicitly assumedthatcamerashave in�nite

resolution,360 degree�eld-of-views, andthat they perfectlysamplethe radianceof the

environment.Unfortunately, realcamerashave �nite resolution,�nite �eld-of-views, and

they actuallyintegrateradianceover theareaof apixel.

Thesenon-idealeffectsoftenviolatetheemptyspaceassumption.For example,a low-

resolutioncameramayobserveadifferentcolor thana high-resolutionone,evenalongthe

samedirection. Or, a cameramay not observe the color at all becauseit falls outsideof

its �eld-of-view. Furthermore,the emptyspaceassumptioncanbe violatedby occlusion

interactions.Two camerasmayobserve differentcolorsbecauseof aninterveningopaque

objectbetweenthem.

While theseeffectsareoften so minor as to be ignored,a goodalgorithmshouldbe

sensitive to their impact on the imagequality. In addition, it is important to maintain

continuitywhile handlingtheseissues.

Resolution

In reality, imagepixelsarenot reallymeasuresof asingleray, but insteadanintegralovera

setof rayssubtendingasmallsolidangle(SeeFigure3-7). For example,if asourcecamera
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Figure 3-7: Whencamerashave differentviews of theproxy, their resolutionrelative to thevirtual

view differs.HerecamerasC1 andC5 have differentresolutionsbecauseof their distancesfrom the

proxy.

is far away from anobservedsurface,thenits pixelsrepresentintegralsover largeregions

of thesurface. If theseray samplesareusedto reconstructa ray from a closerviewpoint,

anoverly blurredreconstructionwill result(assumingthedesiredandreferencerayssub-

tendcomparablesolid angles).Resolutionsensitivity is an importantconsiderationwhen

combiningsourceraysfrom cameraswith differentfocal lengths,or whencombiningrays

from cameraswith varyingdistanceandobliquenessrelative to the imagedsurface. It is

seldomconsideredin traditionallight �eld andlumigraphrendering,sincethesourcecam-

erasusuallyhavecommonfocallengthsandarelocatedroughlythesamedistancefrom any

reconstructedsurface.However, whenusingunstructuredinput cameras,a widervariation

in camera-to-surfacedistancescanarise,andit is importantto considerimageresolution

in theradiancereconstructionprocess.To date,no image-basedrenderingapproacheshave

dealtwith thisproblem.
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Field-of-View

Somecamerasmaynot seethe reconstructionpoint andconsequentlyshouldnot beused

in theradiancereconstructionalgorithm.This situationis easyto checkfor, but caremust

betakenthatthe�eld-of-view is accountedfor in a way thatpreservesreconstructioncon-

tinuity. For example,thecontributiondueto any particularcamerashouldfall graduallyto

zeroasoneapproachestheboundaryof its �eld-of-view [Debevecetal. 1996].

Visibility

With ahighly accurategeometricmodel,thevisibility of any surfacepoint relativeto apar-

ticularsourcecameracanalsobedetermined.If acamera'sview of thepoint is occludedby

someotherpointonthegeometricmodel,thenthatcamerashouldnotbeusedin therecon-

structionof thedesiredradiance.Whenpossible,image-basedalgorithmsshouldconsider

visibility in their reconstruction.Again, it is key to incorporatevisibility informationin

suchawayasto notviolatethecontinuityrequirement,asin [Raskaretal. 1999].

3.6 Summary

Thischapterhasintroducedthetwo problemsthataretackledin this thesis.Thetheimage-

basedrenderingproblemis the basicproblemthat the algorithmspresentedin this thesis

solve.Theradiancereconstructionproblemis akey sub-problemwhosesuccessfulsolution

canbeusedto solve thelargerimage-basedrenderingproblem.

Many researchershave proposedalgorithmsfor theseproblems. However, many of

thesealgorithmshaverestrictionson theform of theinputs,restrictionson thetypeof out-

puts,or sub-optimalimagequality. In light of this situation,this chapteroutlinesa setof

ninepropertiesthatanIBR algorithmshouldhave in orderto beusablewith a wide array

inputsandoutputswhile maintaininghigh imagequality. Table3.1summarizeshow exist-

ing IBR algorithmsstackupagainstthedesiredproperties.Thepropertiesaresummarized

in Table3.2.
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[ChenandWilliams 1993]

[FaugerasandLaveau1994]

[Levoy andHanrahan1996]

[Gortleretal. 1996] 1

[Debevecetal. 1996] 2

[SeitzandDyer1996] 3

[Scharstein1996] 3

[Pulli et al. 1997] 4

[ChangandZakhor1997]

[Debevecetal. 1998]

[Pighinetal. 1998]

[Heigl et al. 1999] 5

[Lhuillier andQuan1999]

[Woodetal. 2000] 1 6

Table3.1: Propertiesof existing multi-imageIBR algorithms.1Theinput imagesarereg-

ularizedin a pre-processingstage.2Theangularweightingschemedoesnot handledense

imagecollections.3Theimagesmustberecti�able. 4Resolutionmismatchis notmeasured

relativeto thevirtual view. 5A real-timeimplementationis suggestedbut notdemonstrated.

6Extremelyaccurategeometryis required.
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Property Description

Unstructured Input Allows thealgorithmto useimagesandgeometryin

any arrangement.

Natural Navigation Allowsfor �e xible speci�cationof thedesiredvirtual

view.

Real-timePerformance Allows thealgorithmto beusedin interactive appli-

cations.

Useof Corr espondence Improves radiancereconstructionwhen the density

of imagesis low.

Angle-BasedView-Dependence Improvesradiancereconstructionwhenthepixel cor-

respondence(e.g.,geometry)is poor.

Epipole Consistency Ensuresthatthealgorithmreproducesits inputs.

RadianceConsistency Ensuresthat the algorithmexploits the empty-space

assumption.

Continuity Minimizesartifactsby ensuringspatialandtemporal

continuityin radiancereconstruction.

Sensitivity to Non-idealEffects Allows the violation of properties4–8 to dealwith

�eld-of-view limitations,�nite resolution,etc.

Table3.2: Ninedesirablepropertiesfor animage-basedrenderingalgorithm.

66



CHAPTER 4

Optimal Radiance Reconstruction

Theradiancereconstructionproblemis importantfor image-basedrendering,andit lies at

the heartof the new unstructuredlumigraphrenderingalgorithmdescribedin Chapter5

of this thesis. This chapterinvestigatesdifferent “optimal” solutionsto the radiancere-

constructionproblem. Thesesolutionsdiffer in how faithfully they adhereto the desired

propertiesoutlined in Chapter3. Ultimately, approximationsto theseoptimal solutions

form thebasisof theunstructuredlumigraphrenderingalgorithm.

4.0.1 Overview

Thechapterbeginsby consideringa linearminimummean-squared-errorestimatorfor the

unknown radiance.This problemis simpleto solve if thecorrelationfunctionof thedata

is known. In the IBR casethe exact correlationfunction is not known, but a reasonable

approximationcanbetakenfrom theimagemodelingliterature.This solutionto theradi-

ancereconstructionproblemsatis�esmany idealpropertiesfrom Chapter3, but it doesnot

handlenon-idealeffects,suchas�nite �elds-of-view andresolutionmismatchesbetween

cameras.

To dealwith this de�ciency, the imagecorrelationfunction is generalizedto account
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for differencesin �eld-of-view andresolution.Simpledissimilaritymeasuresfor �eld-of-

view andresolutionareproposed,andthecorrelationfunctionis modi�ed to taketheminto

account.This modi�cation resultsin a radiancereconstructionprocedurethatcanhandle

non-idealeffectsandthatis easilygeneralizedto othernon-idealeffects.

4.1 Linear Minimum Mean SquaredErr or Estimation

Theradiancereconstructionproblemis dif�cult to solve. In general,it is possibleto con-

structpathologicalcasesin which the unknown radianceis completelyunrelatedto any

observed radiances.However, thesecasesdo not occur frequently, and it is reasonable

to considerestimatingtheunknown radianceasa linearcombinationof known radiances,

which is theapproachtakenin this thesis.This approachgenerallyworkswell in practice,

especiallywhenthe reconstructionpoint is chosensuchthat the radiancethroughit is a

smoothfunction.

Considera reconstructionpoint in space.This point andall the radiancethat passes

throughit constituteanunknown imageI . By parameterizingdirectionswith two anglesq

andf , I canbeconsidereda functionI � q � f 	 from directionsto radiance.

Underthe emptyspaceassumption,a setof N known imagesI j providesN radiance

samplesof theunknown imageI . Thesesamplescanberepresentedby thedirection � q j � f j 	

from theunknown imageto theknown one. Thus,givenanarbitrarydirection � q � f 	 , the

taskis to determinea setof linearweightsw j suchthat

Ĩ � q � f 	O� w1I � q1 � f 1 	

�

w2I � q2 � f 2 	

�Ž•�•�•��

wNI � qN � f N 	

is the“best” estimateof theunknown radianceI � q � f 	 .

Therearemany possiblenotionsof “best,” andtheparticularchoicedependsontheap-

plication. Onecommonlyusedcriterionis to minimizetheaveragesquarederrorbetween

theestimateandunknown quantity. Sincetheunknown quantityis, of course,not known,

themean-squared-error(MSE) is de�ned in astatisticalsenseusingthenotionof expected

value:

eMSE � q � f 	O� E ••Q‘ I � q � f 	X�

N

å
j � 1

w j I � q j � f j 	“’

2 ”•

�
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TheerroreMSE � q � f 	 is simplyaquadraticexpressionin theunknown weightingfactors

w j . Thiserrorcanbeminimizedby takingderivativeswith respectto theunknown weights

andexploiting the linearity of the expectedvalueoperatorE –

•˜—

. The following systemof

linearequationsis found,
��

�

�

�

�

�

�

E – I1I1
—

E – I1I2
—™•�•�•

E – I1IN
—

E – I2I1
—

E – I2I2
—™•�•�•

E – I2IN
—

...
...

...
...

E – INI1
—

E – INI2
—š•�•�•

E – ININ
—


��

�

�

�

�

�

�

��

�

�

�

�

�

�

w1

w2
...

wN


��

�

�

�

�

�

�

�

��

�

�

�

�

�

�

E – I1I
—

E – I2I
—

...

E – INI
—


��

�

�

�

�

�

�

� (4.1)

wherethe shorthandnotationE – I j Ik
—

standsfor E – I � q j � f j 	 I � qk � f k 	

—

andE – I j I
—

standsfor

E – I � q j � f j 	 I � q � f 	

—

.

In orderto solvethisequation,it is necessaryto know thefunction

RI � q1 � f 1 � q2 � f 2 	e� E – I � q1 � f 1 	 I � q2 � f 2 	

—

� (4.2)

which is known asthecorrelationfunctionof imageI . Intuitively, thecorrelationfunction

describeshow similar two “pixels” (or radiancevalues)in imageI are expectedto be.

Thus,thematrix on theleft handsideof equation4.1canbeseenasa similarity matrix S

measuringthe expectedsimilarity of all pairsof known radiancesamples.Likewise, the

vectoron theright handsideof equation4.1measurestheexpectedsimilarity betweenthe

unknown radianceandtheknown radiances.

Thesolutionto equation4.1 resultsin theoptimalweightsfor radiancereconstruction

in theminimummeansquarederror(MMSE) sense.In many cases,it is desirableto have

a solution in which the weightssum to one. This property is useful, for example, for

maintainingconstantintensitylevelsduringrendering.

Lagrangemultipliers canbe usedto computethe optimal weightssubjectto the con-

straintthatå j w j � 1. Doingsoleadsto anequationof theform

Sw1 � y
�

l �

whereS is thesimilarity matrix, w1 is thenew weightvector, y is theoriginal right-hand

side,andl is aconstantaddedto eachelementof y. Theconstantl is givenby

l �

1 � å j w j

å i � j si � j
�
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wheresi � j is the � i � j 	

th elementof S
�

1. Thisproceduregivesoptimalweightssubjectto the

constraint,but it requiresthatS
�

1 beexplicitly computed.Althoughsub-optimal,it is often

mucheasiertosimplyrenormalizetheweightssothatthey sumtoone.Therenormalization

approachis usedin this thesiswith goodresults.

4.1.1 Corr elation Functions for Images

Thecorrelationfunctionfor animageis generallyunknown. However, a few assumptions

canbemadeaboutits form. First, it is generallyassumedthat thedistribution of radiance

valuesin animageis stationary. Mathematically, stationarityimpliesthat

RI � q1 � f 1 � q2 � f 2 	›� RI � 0 � 0 � q2 � q1 � f 2 � f 1 	$�

or thatthecorrelationfunctiondependsonly on thedifferencein its arguments.In thecase

of imagesparameterizedby � q � f 	 , stationaritymeansthatchangingthe“yaw” and“pitch”

anglesof thecameradoesnot changethestatisticsof theimage.This assumptionreduces

thedimensionalityof thecorrelationfunctionby two.

Furthermore,it is generallyassumedthat the two-dimensionalcorrelationfunction is

rotationallyinvariant,reducingits dimensionalityto one.Intuitively, thismeansthatchang-

ing the“roll” angleof thecameradoesnot affect theimagestatisticseither. Now thecor-

relationfunction hasthe form RI � q 	 , which measuresthe expectedsimilarity in radiance

betweentwo pixelsseparatedby theangleq.

Evenin its simpli�ed form, thecorrelationfunctionis not trivial to determine.If a large

collectionof representative imagesis available,thenthe correlationfunctioncanbe esti-

mated.However, sucha correlationfunctionis valid only for images“similar” to thosein

theoriginal collection. This posesa problemfor radiancereconstruction,sincetherecon-

structionpointgenerallydoesnotcorrespondto aknown image(i.e., it is generallyapoint

on thegeometricproxy). In fact,it is likely thatreconstructionpointslie very closeto the

scenegeometry, which would result in a setof imageswith drasticallydifferentstatistics

from theinput images.Thus,adifferentsourcefor thecorrelationfunctionis needed,such

asaparametricimagemodel.
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Figure 4-1: Two exampleimagesgeneratedfrom thefalling-leavesimagemodel.

4.1.2 An ImageModel for RadianceReconstruction

Imagemodelsoffer a conciseway to describethe statisticsof an image. With a small

numberof parameters,animagemodelcandescribethestatistics(e.g.,correlationfunction,

joint co-occurrencefunction,etc.) of an image,assumingthe appropriateparametersare

used. In this thesis,a simple imagemodel is usedto derive an analyticalexpressionfor

the correlationfunctionof an image. This imagemodel,an instanceof themoregeneral

falling-leavesmodel[Cowan andTsang1994], hastwo parametersthat canbe variedto

accommodateawide rangeof behaviors.

Thegeneralfalling-leavesmodelis a constructive imagemodel. That is, the imagesit

modelsaredescribedconstructively ratherthanmathematically. The falling-leavesmodel

is effectivebecausethisconstructionprocessmimicstheprocessby which realimagesare

made.

Thefalling-leavesmodelmodelsimagesthatareformedin thefollowing way. Imagine

anin�nite imageplane.Flat two-dimensionalobjectsaredroppedontotheplaneatrandom

locationsandorientations,overlappingpreviously droppedobjects.Theobjectscanhave

randomsizesandcolors.After awhile, theimageplaneis entirelycovered,andthebalance

betweennew objectsandold reachesa steady-stateequilibrium. The resultingmosaicis
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an exampleof a falling-leaves image. Two samplefalling-leaves imagesare shown in

Figure4-1.

Imagesfrom the falling leavesmodelconsistof differentregionsof pixels. Within a

region, thecolorsof pixelsarehighly correlated.Betweenregions,thereis no correlation.

Onecanthink of thesecorrelatedregionsassurfacepatchesthat have approximatelythe

samere�ectancepropertiesand lighting conditions. Given the discussionof the view-

dependencepropertyin Section3.5.2,it is reasonablethat thefalling-leavesimagemodel

is appropriatefor image-basedrenderingapplications.

Thecorrelationfunctionof a falling-leavesimagehasanextremelysimpleform,

RI � q 	e� C0Psame� q 	œ� (4.3)

whereC0 is a constantandPsame� q 	 is theprobabilitythat two pixelsseparatedby angleq

belongto thesameobjectin the image. Equation4.3 assumesthat the imageI hasmean

pixel valuezero(i.e., theequationactuallyrepresentsthecovariancefunction). Although

most imagesdo not have meanvaluezero, this is not a problemsincethe meanis left

unchangedby requiringthatthelinearweightssumto unity.

The speci�c form of Psame� q 	 dependson thedetailsof the “leaves” in themodel. In

the simplecaseusedin this thesis,the falling objectsareuniformly coloredcircles. The

sizesof thecirclesaredistributedaccordingto a 1
r3 law, wherer is theradiusof thecircle

(the radii aremeasuredin angles).This distribution hasbeenfound to result in statistics

thatmimic thoseof realimages[Lee etal. 1999].Thecirclesareconstrainedto have radii

greaterthanrmin andlessthanrmax. Thesetwo extremalradii constitutethe only model

parameters,whichmustbechosenmanually.

The imageon theright in Figure4-1 is anexampleof thetypeof imagegeneratedby

themodelusedin this thesis.Althoughthey look nothinglikea “real” images,thesetypes

of imagesmodelquitecloselythecorrelationfunctionsof real-world imagery.

Thiscircular-leafmodelhasbeenextensivelystudied[Leeetal.1999;Ruderman1997],

andit hasbeenshown that,to acloseapproximation,

Psame� q 	O�

B � q 	

2ln rmax
rmin

� B � q 	

�

(4.4)
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Figure 4-2: An examplecorrelationfunctionfrom thefalling-leavesmodel.

ThefunctionB � q 	 hasthreecases:

B � q 	O� •ž

ž

ž

ž

ž

Ÿ

ž

ž

ž

ž

ž 

0 if q ¡ 2rmax,

a3
3 � s3

� u3
	

�

a2
2 � s2

� u2
	

�

a1 � s � u	

�

a0 ln �

rmax
rmin

�

if q ¢ 2rmin,

a3
3 � 8 � u3

	

�

a2
2 � 4 � u2

	

�

a1 � 2 � u	

�

a0 ln
�

2
u �

otherwise,

(4.5)

wheres �

q
rmin

, u �

q
rmax

, a0 � 1
�

0, a1 ��� 0
�

61,a2 � 0
�

051,anda3 � 0
�

052.

For mostsettingsof rmin andrmax, theshapeof RI � q 	 followsapower law,

RI � q 	O�£�¥¤ A ¤

�

¤ B ¤ q �O¦

h
¦˜� (4.6)

asillustratedin Figure4-2.

In turnsout thatthebasicshapeof this functionis moreimportantthanthespeci�csof

A, B, or h. Theshapereinforcesthenotionthatradiancesamplesthatareclosein angleto

oneanotherarehighly correlated,while thosefartherawayquickly becomelessimportant–

a reiterationof theview-dependenceprinciplefrom Section3.5.2.
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4.1.3 Example I

This sectiondemonstratestheoptimalradiancereconstructionalgorithmon realdata.The

dataconsistsof 262imagesof ascenethatcontainsvariousitemsin front of a blackback-

ground.Figure4-3ashowsa sampleimagefrom thedataset.

Theimagesarearrangedin a semi-structuredmanner. They weretakenwith a camera

mountedonatripodandattachedto aFARO digitizing arm.Thedigitizing armwasusedto

determinethepositionandorientationof eachimage.Multiple imagesweretakenat each

tripodlocationby raisingthetripodbetweenexposures.As aresult,clustersof imagestend

to lie alonglinear paths,althoughno attemptwasmadeto adjustor placethe tripod in a

regularway.

Figures4-3b through4-3dshow thecameracon�guration from threedifferentangles.

Eachinput camerais representedby a small blue pyramid. The apex of the pyramid is

locatedat the camera's position,and the sidesof the pyramid show 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

correspondence.In thisexample,theproxy is simplyaplanarsurface.

The desiredview is generatedin a ray-tracingfashion. For eachpixel in the desired

view, thecorrespondingviewing ray is intersectedwith theproxy geometry(in this exam-

ple, a singletriangle). This intersectionpoint servesasthe radiancereconstructionpoint

for thispixel. Thesimilarity matrixandright-handsideof Equation4.1areconstructedby

evaluatingthecorrelationfunction(Equation4.3)for eachpairof cameras.In thisexample,

rmin � 0
�

001§ , rmax � 5§ , andthesimilarity matrix hasdimensions262 � 262. Theweight

vector is thenobtainedby solving the systemof 262 linear equations.Finally, the pixel

color is takento beaweightedsumof colorsfrom eachof theinput images.

Figure4-4ashows the imageobtainedfor the virtuald camerafrom Figure4-3. The

imagehasa photorealisticquality, andit is not readily apparentthat it is a blendof 262

otherimages.Theimageis lesssharpthanany oneof theinput images,which resultsfrom

usinganextremelycrudeproxygeometry.

In orderto betterunderstandhow theoutputimageis formed,it is usefulto visualize
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(a) (b)

(c) (d)

Figure4-3: A setof 262imagesusedto demonstratetheradiancereconstructionprocedure.(a)An

examplefrom theimagecollection.(b)-(d)Threedifferentviewsof theinputcameracon�guration.

Thevirtual camerais shown in red.

how the input imagescombineto form theoutputimage.Onesimpleway to do this is to

assigneachinput imagea unique,randomcolor. Then,whenforming theestimatedcolor

for a pixel, theseassignedcolorscanbeblendedtogetherinsteadof theactualcolorsfrom

the images.This processresultsin a “f alsecolor” imagethat moreclearly indicatesthe

contributionsof eachof theinput images.

Figure4-4bshowsthefalsecolorvisualizationfor theimagein Figure4-4a.Thebright

spotsin thevisualizationcorrespondto cameraepipoles.Thecolorsfor thesepixelscome

from a singlecamera(recall the epipoleconsistency propertyof Chapter3). The pixels

neartheepipolestendto becoloredsimilarly to theepipoleitself, which indicatesthatthe

camerashave large in�uence on pixelsneartheir correspondingepipoles.Someepipoles
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(a) (b)

Figure 4-4: (a) An exampleimageusing the optimal radiancereconstructionprocedure. (b) A

visualizationof theblendedimages.

have smallerareasof in�uence than others(see,for example, the threeepipolesin the

upper-right corner).Generally, epipoleswith smallersareasof in�uence arefartheraway

from thedesiredcamerathanthosewith largeareasof in�uence.

This false-colorvisualizationgreatlyaids in understandingthe imageformationpro-

cess.It is especiallyhelpful for visualizingtheeffectsof non-idealissues,suchas�eld-of-

view limitationsor resolutionmismatchesbetweenimages,asdiscussedin thenext section.

4.2 MMSE with GeneralizedSimilarity Matrix

The correlationfunctionsderived from imagemodelshandlethe purely angle-dependent

aspectsof theradiancereconstructionproblem.However, asmentionedin Section3.5.6,a

goodradiancereconstructionprocedureshouldbeableto accommodatenon-idealeffects

suchas�eld-of-view limitationsor resolutionmismatches.

Onewayto handletheseeffectsis by generalizingthenotionof similarity betweenradi-

ancesamples.By augmentingthesimilarity matrixof Equation4.1to re�ect differencesin,

for example,�eld-of-view or resolution,it is possibleto achieve a more�e xible radiance

reconstructionprocedure.

Therearea variety of waysto generalizethe similarity matrix. Perhapsthe simplest

way is to modify the correlationfunctionRI � q 	 to includedependencieson �eld-of-view
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andresolutionmismatches,resultingin anaugmentedfunctionRI � gen� q � f � r 	 , wheref andr

measuredifferencesin �eld-of-view andresolution,respectively. For example,suchdepen-

denciescouldberepresentedbyusingaseparablerepresentationof thecorrelationfunction:

RI � gen � q � f � r 	O� RI � q 	 Rf ov � f 	 Rres� r 	$�

wherethe functionsRf ov � f 	 andRres� r 	 attenuatethe original correlationfunction based

on differencesin �eld-of-view andresolution.

An alternative approachis to usethe �eld-of-view andresolutionmeasuresto modify

theinput parameterof theoriginal correlationfunction. Thecorrelationfunctionbecomes

RI � q� 	 , whereq� is aperturbedversionof q. Thegeneralizedcorrelationfunctionis then

RI � gen � q � f � r 	O� RI � h � q � f � r 	�	$�

whereh � q � f � r 	 is a function that modi�es q basedon the �eld-of-view and resolution

mismatches.This approach(ratherthantheseparableone)is followedin this thesis.The

functionh � q � f � r 	 is considereda“generalizedangle,” andit is simplyalinearcombination

of thevariables,

h � q � f � r 	V� aq
�

gf
�

br
�

(4.7)

Theconstantsa, g, andb controltherelative importanceof theinput variables.For exam-

ple,gcanbesetto zeroto ignore�eld-of-view issues.Thelinearcombinationassumesthat

thethreemeasuresareindependent.

The variables f and r are assumedto be measuresof �eld-of-view and resolution

dissimilarity–thatis, they arezerofor perfectmatchesandgreaterthanzerofor mismatches.

Thefollowing two sectionsdescribewaysto computethesemeasures.

4.2.1 Field-of-View Dissimilarity Measure

The �eld-of-view pairwisedissimilarity measureswhethera radiancesampleis insideor

outsidethe�elds-of-view of two camerasthatobserve it. For example,if a point is inside

both�elds-of-view, thethedissimilarityis small.Likewise,thedissimilarityis small if the

point is outsidebothof the�elds-of-view. If a point is insideone�eld-of-view but outside

theother(or viceversa),thenthedissimilarityis large.
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Figure 4-5: (a) The �eld-of-view measureis zerooutsidethe �eld-of-view, oneinside the inner

�eld-of-view, and betweenzero and one in the intermediateregion. (b) A cross-sectionof the

�eld-of-view measure.Thevaluesin the intermediateregion aredeterminedfrom a raisedcosine

function.

A simpleway to computethis dissimilarity is to computea value f i for eachcamera

that measureshow far outside(or inside) the �eld-of-view the point lies. This value is

determinedby dividing the imageplaneof the camerainto threeregions: (1) outsidethe

�eld-of-view, (2) insideasmaller, inner�eld-of-view, and(3) insideanintermediateregion

betweenthe�rst two regions(seeFigure4-5a).Thevalueis zerofor viewing raysin region

(1), it is onefor raysin region(2),andit variescontinuouslybetweenzeroandonein region

(3). A raisedcosinefunctionis usedfor determiningthevaluesin theintermediateregion

(seeFigure4-5b).Valuesfor boththex- andy-dimensionsaremultiplied togetherto arrive

at the�nal �eld-of-view value fi .

Giventhevaluesf1 and f2 for two cameras,the�eld-of-view dissimilarityis simply

f � 2rmax¤ f1 � f2 ¤¨�

wherermax is the constantusedin Equation4.5. Scalingby this constantcausesthe cor-

relationto fall to zeroat maximum�eld-of-view dissimilarity. Notethat thedissimilarity

measureis symmetric,andthat it is equalto zerowhenbothcamerasarethesame.When

oneof thecamerasis theunknown camera(for which thepoint is assumedto bewithin its
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Figure4-6: TheJacobianmatrixdescribeshow smallincrementsin oneimagearemappedto small

incrementsin anotherimage.

vield-of-view, i.e., f1 � 1), themeasureis

f � 2rmax¤ 1 � f2 ¤

�

This expressionis zerowhenthe point is within the observer camera's �eld-of-view and

largewhenit is not.

4.2.2 ResolutionDissimilarity Measure

Theresolutiondissimilaritycomparesthesamplingdensitiesof two camerasthatobserve

the samereconstructionpoint. Two camerasthat samplethe radianceat aboutthe same

samplingrateshouldobserve similar radiances,while two cameraswith vastly different

resolutionsmayobservedifferentradiances,evenalongthesameviewing direction.

Thereare a variety of reasonsfor resolutionmismatches.First of all, the camera's

distancefrom the reconstructionpoint in�uences the samplingdensity. The fartherthe

distance,the lower the effective resolutionof the observingcamera.Also, if the point is

on a surface,the surfaceobliquenesscanalsoaffect the samplingdensity. Camerasbest

observesurfacesthatareorientedperpendicularto their imageplanes.

All of theseresolutionconcernscanbedescribedin a simplehomography[McMillan

1996; Shadeet al. 1998]. The resolutionof an observer camerais measuredrelative to

thedesiredcamera,a reconstructionpoint, anda surfacenormalat this point. Therecon-

structionpointandnormalde�ne aplaneP. Thisplanecombinedwith thedesiredcamera
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andanobserver camerade�ne a planarhomographyHP � j , where j is theindex of theob-

servercamera.Thishomographymapspointsin anobservercamerato pointsin thedesired

camera.TheJacobianmatrix of this mapping(a 2 � 2 matrix), evaluatedat a pixel � x � y	 ,

describeshow small increments� Dx � Dy	 in an observer imagemapto incrementsin the

desiredcameraimage(seeFigure4-6). If theentriesof HP � j are

HP � j �

��

�

�

�

A B C

D E F

G H I


��

�

�

�

�

thentheJacobianmatrix is givenby

JP � j ¤ x � y �

�
�

¶u
¶x

¶u
¶y

¶v
¶x

¶v
¶y
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�
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�
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� AH � GB	 y
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AI � GC � GB � AH 	 x
�

BI � HC

� DH � GE	 y
�

DI � GF � GE � DH 	 x
�

EI � HF



�

�

Thesingularvaluess1 ands2 of thismatrixcanbeusedtomeasuretheresolutionmismatch

betweenthetwo cameras.Intuitively, thesingularvaluesindicatetheamountof “stretch”

that occursin the transformationfrom an observer camerato the desiredcamera.Large

singularvalues(thosegreaterthanone)indicateundersampling–asmallstepin anobserver

imagemapsto a large stepin the desiredimage. That is, an observer cameraviews the

point at a lower resolutionthanthedesiredcamera.Excessive amountsof undersampling

can lead to blurrinessin the desiredimage. Small singularvalues(thoselessthanone)

indicateoversampling–anobserver cameraviews thepoint at a higherresolutionthanthe

desiredcamera.Thissituationcanleadto aliasingin thedesiredimage.

In general,undersamplingis worsethanoversampling,sincethemissinginformation

in theundersampledobserver imagescanneverberecovered.On theotherhand,oversam-

pling canbecircumventedeitherby pre-�ltering theobserver imagesor by supersampling

thedesiredimage.

In light of this observation, resolutiondissimilarity is determinedby examining the

largestsingularvalue(i.e.,worst-caseundersampling)of theJacobianmatrix,s � max� s 1 � s2 	 .

This singularvalueis transformedinto a resolutionmeasurementvaluer i by usinga func-

tion similar to thatusedfor the �eld-of-view measure(seeFigure4-7). Theshapeof this

functioncanbecontrolledto favor imageswithin a certainresolutionrangeof thedesired
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Figure 4-7: An exampleresolutionmeasure.Camerasthatobserve thescenepointat lower resolu-

tion receive smallermeasures.

camera.For example,the functionshown in Figure4-7 penalizescameraswhoseresolu-

tionsdiffer by morethana factorof threealongany dimension.While this mayseemlike

an excessively large range,it is necessaryto allow someresolutionmismatchin orderto

extrapolatevirtual viewsaway from theobserver images.

Giventheresolutionvaluesfor two cameras,theresolutiondissimilaritymeasureis

r � 2rmax¤ r1 � r2 ¤¨� (4.8)

wherermax is theconstantusedin Equation4.5. Whenoneof thecamerasis thedesired

camera,thedissimilarityis givenby

r � 2rmax¤ 1 � r2 ¤¨�

in which theresolutionvaluefor thedesiredcamera,relative to itself, is one.

4.2.3 Example II

The �eld-of-view andresolutionmeasurescanbe demonstratedusingthe sameexample

imagefrom Section4.1.3.Theoutputimagesareproducedin exactly thesamemanneras

before,exceptthatthe �eld-of-view andresolutionissuesareaccommodatedby adjusting

a, g, andb from Equation4.7.
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(a) (b)

Figure4-8: (a)An exampleimageusingtheangleand�eld-of-view measures(a ­ 0
I

5 andg ­ 1).

(b) A visualizationof theblendedimages.

Field-of-View Example

Figure4-8ashowstheimagethatresultsfrom usingthe�eld-of-view dissimilaritymeasure

(a � 0
�

5 andg � 1). Thecenterof theimageis unchangedfrom thatin Figure4-4,but more

of thesceneis visiblearoundtheperimeter. In particular, thegreenbackground,whichwas

invisible in Figure4-4, is now visibleon theleft-handsideof theimage.Also, moreof the

brown clothon thelower right-handsideof theimageis visible.

The falsecolor visualizationin Figure4-8b revealshow the imageis formed. In the

imagecenter, wheretheangularlycloseimagesactuallyseetheproxy, theimageblending

is thesameasin ExampleI. However, aroundtheperimeterof theimage,pixelsaretaken

from imagesthat arenot the closestangularly. Instead,thecolorsaretaken from the an-

gularly closestimagesthatactuallyseetheproxy at the reconstructionpoint. In essence,

thealgorithminterpolatestheoutputcolor only from thoseimagesthatcanseetherecon-

structionpoint. Of thoseimages,the onesthat are closestangularlyreceive the largest

weights.

ResolutionExample

The effect of the resolutionmeasureis not asapparentin the imageshown in Figure4-

9a,sincethe resolution-affectedareasfall within theblackbackgroundregion. However,

the effect is apparentin the falsecolor imageshown in Figure4-9b. In comparisonwith
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(a) (b)

Figure 4-9: (a) An exampleimageusingtheangleandresolutionmeasures(a ­ 0
I

5 andb ­ 1).

(b) A visualizationof theblendedimages.

Figure4-4b,theresolutionsensitiveimagehasaslightly differentsetof epipoles.In partic-

ular, thethreeepipolesin theupper-right cornerof Figure4-4bareabsentfrom Figure4-9b.

Theseepipolescorrespondto camerasthatarefartheraway from thedesiredview andthus

have a larger differencein resolution. Their in�uence hasbeensuppressedby the useof

theresolutionmeasure.Thein�uence of theresolutionmeasureis muchmoreapparentin

anexampleshown in thenext chapter.

4.3 Problemswith the Optimal Approaches

Thegeneralizedradiancereconstructionproceduredescribedin this chaptersatis�esmost

of thepropertiesof Chapter3. However, it fails miserablyon property#3: real-timeper-

formance. The procedure,as described,necessitatesthe solution of a linear systemof

hundredsof equationsat each pixel of the desiredoutput image. Generatingone image

takeshoursona high-endcomputer.

In order to meetthe real-timeconstraint,somekey changesare neededin the radi-

ancereconstructionprocedure.Thealgorithmsdescribedin this chaptercoupledwith the

necessarymodi�cations for real-timeperformanceconstitutetheheartof theunstructured

lumigraphrenderingalgorithm,which is describedin detail in thenext chapter.
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4.4 Summary

Thischapterhaspresentedoptimal(in theMMSE sense)approachesto theradiancerecon-

structionproblem.The�rst approachconsidersonly theangulardifferencesbetweenradi-

anceobservations.This problemcanbesolvedif theimagecorrelationfunctionis known.

Although dif�cult to measure,this function can be analytically derived from a falling-

leavesstatisticalimagemodel,whichpredictsapower-law shapefor theimagecorrelation

function.Thisusefulresultnotonly reinforcesthenotionof angle-basedview-dependence

from Chapter3, but it givesa concreteform for therelative importancebetweendifferent

radianceobservations.

The secondoptimal approachgeneralizesthe imagecorrelationfunction to take into

accountnon-idealeffectssuchas�eld-of-view limitationsandresolutionmismatches.As

asimpli�cation, it is assumedthatthegeneralizedcorrelationfunctionhasthesamepower-

law shapeastheoriginalversion.Thisassumptionallowsthegeneralizedfunctionto beex-

pressedasasimplemodi�cation of theoriginal imagecorrelationfunction.It is shown that

this generalizedfunctionhasthe desiredbehavior (disregardingperformance)for image-

basedrenderingapplications.
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CHAPTER 5

Unstructured Lumigraph Rendering

Thegeneralizedradiancereconstructionproceduredescribedin Chapter4 satis�esmostof

thedesirablepropertiesof animage-basedrenderingalgorithm.As aresult,it is veryeffec-

tive at producinghigh-qualityrenderingsfrom unstructuredcollectionsof images.How-

ever, it fails to satisfyoneproperty: real-timeperformance.Becauseof this failing, the

optimalradiancereconstructionprocedureis not suitablefor many renderingtasksinclud-

ing virtual reality simulations,games,or interactivescenewalk-throughs.

This chapterpresentsa seriesof optimizationsthat canacceleratethe radiancerecon-

structiontaskto real-timeperformance.Theresultingalgorithm,calledunstructuredlumi-

graphrendering, is thecoredevelopmentof this thesis.

5.0.1 Overview

Thechapterbeginsby describing� vedifferentoptimizationsto theradiancereconstruction

procedure.Two of the optimizationsdeal with simplifying the optimal radiancerecon-

structionequations.By makingsomereasonableassumptions,it is possibleto reducethe

amountof computationconsiderably. Two otheroptimizationsreducecomputationfurther

by limiting the radiancereconstructionto only selectpixels andby reducingthe number
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of camerasthat areusedin eachreconstruction.A �nal optimizationis a techniquefor

blendingtheimagestogetherusinggraphicshardware.

Following independentdescriptionsof the� veoptimizations,thecompleteunstructured

lumigraphrenderingalgorithmispresented.Theoperationof thealgorithmisdemonstrated

with a numberof diverseexamples,which highlight the�e xibility andquality of thealgo-

rithm.

5.1 RadianceReconstructionOptimizations

In orderto developa real-timerenderingalgorithmbasedon theoptimal radiancerecon-

structionprocedurefrom Chapter4, the renderingtime per framemustbe reducedfrom

hoursto milliseconds. This sectiondescribesa seriesof optimizationsthat achieve this

goalwithout sacri�cing overall imagequality.

5.1.1 Optimization #1: Simpli�ed Similarity Matrix

The singleslowestaspectof the optimal radiancereconstructionapproachis the needto

solvea largesystemof linearequations(typically hundreds)for eachoutputpixel. Written

in matrixnotation,thesystemof equationsis

Sw � y �

whereS is the generalizedsimilarity matrix, y is the correlationvectorbetweenthe un-

known radiancesampleandthe known radiancesamples,andw is thesystem's solution,

theunknown weightvector.

Systemsof linear equationssuchasthis onecanbe solved muchmorequickly if the

matrix S hasa known andsparsestructure.In this case,S hasoneson thediagonalsince

thecorrelationfunctionRI � q 	 equalsonefor q � 0. Thecorrelationfunctionalsofalls to

zerorapidlyfor q ¡ 0. Thus,thematrixScouldbesimpli�ed by quantizingsmallelements

to zero,leadingto a muchsparsersystemof equations.Typically, it is evenreasonableto

approximateSwith theidentitymatrix. This leadsto thesystemof equations,

Iw � y �
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whichhasthetrivial solution

w � y
�

Unstructuredlumigraphrenderingassumesthatthesimilarity matrix is theidentityma-

trix, which eliminatesthe needto solve a large systemof equations.The algorithmonly

needsto computethe vectory andrenormalizethe resultusingoneof the methodsdis-

cussedin 4.1.

5.1.2 Optimization #2: Simpli�ed ResolutionMeasure

Computingthecorrelationvectory requiresevaluatingthegeneralizedcorrelationfunction

oncefor eachobservercamera.Theangle,�eld-of-view, andresolutionmeasuresfor each

cameraarerequiredfor this computation.Of the threemeasures,the resolutionmeasure

is by far themostexpensive to compute.Simplifying this measureresultsin considerable

speed-up.

In the simplestcase,the resolutionmeasurecanbe completelybypassedby settingb

to zero.This approachworkswell for a largeclassof datasets,especiallytraditionallight

�elds andlumigraphsin which the imagesareall arrangedat roughly the samedistance

from thescene.However, in unstructuredimagecollectionsit is still importantto handle

resolutionmismatches.

In specialcases,the resolutionmeasurecanbe approximatedby examining the dis-

tancesof thecamerasfrom thegeometryproxy. Thisapproximationassumesthatall of the

camerashave thesamefocal lengthsandorientations.

Givenareconstructionpointp, its distanceto any camerais easilycomputed.Thesim-

pli�ed resolutionmeasureis simply the ratio of the observer camera's distanceto virtual

camera's distance.This ratio approximatesthe resolution“stretch” measurefrom Chap-

ter4, andit canbemappedthroughaweightfunctionshapedlike thatshown in Figure4-7

to arriveata simpli�ed resolutionmeasure.Equation4.8is usedasbefore.
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5.1.3 Optimization #3: SparseSampling

Even with simpli�cations in both the similarity matrix andthe resolutionmeasure,com-

puting the weight vectorat every pixel of the desiredview is still too slow for real-time

performance.However, by exploiting thesmoothlyvaryingnatureof theweightvector, it

is possibleto drasticallyreducethe numberof pixelsat which the weight vectoris com-

puted.

As mentionedin Chapter4, falsecolor renderingis a usefulway to visualizethevari-

ationof the weightvectoracrossthedesiredimageplane. Fromthevisualizationin Fig-

ure4-4b,it is apparentthattheweightvectorfor thatparticularimagevariesslowly across

the imageplane. The only exceptionsoccurat the epipoles,which standout asdisconti-

nuitiesin the radiancereconstruction.It turnsout that this variationof the weight vector

is typical of a largeclassof synthesizedimages,andit canbeexploitedfor a performance

gain.

Sincetheweightvectorvariesslowly acrosstheimageplane,it is possibleto reconstruct

it at every pixel from a small setof weight vectorsthat aresparselysampledacrossthe

imageplane.Theonly potentialproblemsoccurneartheepipoles,wheretheweightvector

changesmore rapidly. Theseepipoleareascan either be ignoredfor simplicity, or the

samplingdensitycanbeincreasedin theseareas.

Theapproachusedin unstructuredlumigraphrenderingis to sampletheweightvector

at a small set of selectedpixels in the desiredview. Thesesamplinglocationsare then

triangulatedto form a tessellationof the desiredimageplane. The weight vector for a

pixel insideof a triangleis takento bea linearcombinationof theweightvectorsat each

vertex of thetriangle.Thecoef�cients of thelinearcombinationaresimply thebarycentric

coordinatesof thepixel within thetriangle.

Using this approach,the weight vectorfor every pixel in the desiredview canbe in-

terpolatedafter performingthe full computationfor just a small percentageof pixels. In

practice,goodresultscanbeobtainedby carryingout thefull calculationfor lessthanone

percentof thepixelsin thedesiredview. This optimizationbecomesevenmoresigni�cant

in light of optimization#4, which demonstrateshow to usegraphicshardware to do the
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barycentricweightinterpolation.

5.1.4 Optimization #4: Useof Graphics Hardware

The triangle-basedweight-vector interpolationenablesthe useof graphicshardware for

blendingimagestogether. Moderngraphicshardwareis sophisticatedenoughto perform

both the weightedimageblendingandthe proxy-basedpixel correspondencesimultane-

ously.

ImageBlending

Imageblendingis doneusingthehardware'sbuilt-in alphablendingcapability. Eachtrian-

gle vertex canbeassigneda transparency value(calledthealphavalue)from zeroto one.

Zeroindicatesthevertex is perfectlytransparent,while onemeansthevertex is completely

opaque.The graphicshardwareautomaticallyinterpolatesthesealphavaluesacrossthe

faceof the triangle. Whendrawing the triangle,any texturesappliedto the triangleare

modulatedwith thebarycentricallyinterpolatedalphavalues.This modulationhastheef-

fect of attenuatingthe triangle's texture in transparentareaswhile preservingit in opaque

areas.Theattenuatedtextureis thenaddedinto theframebuffer, whichstorestheaccumu-

latedcolor values.Many texturescanbe linearly combinedby drawing thesametriangle

multiple timeswith differenttexturesandalphavalues.

Thishardwarefunctionmapswell ontotheunstructuredlumigraphrenderingproblem.

Alpha valuescorrespondexactly to radiancereconstructionweights,andthe �nal output

imageis madeby renderingtrianglesoncefor eachreferenceimage.

As an example,considerrenderinga desiredview from a setof N images.First, the

weight vectorsare sampledat M locations,and thoselocationsare triangulated. Each

vertex vi of the resultingtriangulationhasassociatedwith it a vectorof N weightswi � j ,

where1 ® i ® M and1 ® j ® N. Thepixelsin theinteriorof a trianglecannow becolored

by accumulatingthe resultsof drawing the triangleN times. Eachtime, the texture is set

to image j, andthealphavaluesaresetto wa � j ,wb � j , andwc � j , whereva,vb, andvc arethe

verticesof thetriangle.
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Pixel Corr espondence

Whenusinggraphicshardware,it is still necessaryto blendcorrespondingpixelstogether.

As mentionedin Chapter4, correspondenceis establishedby a geometricproxy. When

theproxy is representedby planarpolygons,this correspondenceis easilydoneusingthe

projective texturemappingcapabilitiesof moderngraphicshardware.

Whena triangleis textured,three-dimensionalpointson thetrianglearemappedinto a

textureimageto determinetheir colors.Typically, thismappingis asimpleaf�ne transfor-

mation. However, moderngraphicshardwarehastheability to useanarbitraryprojective

transformation(called the texture transform) to map points on the triangle to points in

the texture image. Thus,by settingthe texture transformto be the projectionmatrix of

theobserver image,thehardwarecandeterminethecolorsof three-dimensionalpointsby

projectingtheminto the imageof the observer camera.This projectionis preciselyhow

correspondingpixelsaredeterminedin Chapter4. Thus,aslongastheproxyis represented

with polygons,thegraphicshardwarecanef�ciently blendcorrespondingpixels.

5.1.5 Optimization #5: k-NearestCameraWeighting

The�nal optimizationimprovestheef�ciency of thehardware-acceleratedblendingalgo-

rithm. As describedin the previous section,a trianglemustbe drawn N times,oncefor

eachobserver image. For typical valuesof N ( ¡ 100), this approachis impracticalfor a

few reasons.

First, thegraphicshardwaredoesnot have thebandwidthto draw eachpixel hundreds

of times.Drawing a pixel multiple timesis called“overdraw,” andeventhebesthardware

canonly overdraw everypixel acoupledozentimes.

Second,for any giventriangle,many of theimagecontributionsandtheircorresponding

vertex weightsarevery closeto zero. In thesecases,many texturesmaynot addanything

to theoutputfor thatparticulartriangle.Thus,drawing thesetextureswastesCPUtimeand

contributesnothingto theimage.

In light of theseissues,theunstructuredlumigraphalgorithmlimits thenumberof non-

zeroweightsateachvertex to asmall,�x ednumberk thatis muchlessthanN. By limiting
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the numberof non-zeroweightsin this manner, the algorithmcanboundthe worst-case

computationalload. Note that the numberk is �x ed, and only the cameraswith the k

largestweightsareusedevenif othercamerashavecomparablysizedweights.

An alternative approachmight beto only usecameraswhoseweightsfall above a cer-

tain thresholdvalue.Thedif�culty of this approachlies in choosinga properthreshold.If

thethresholdis toosmall,thentoomany camerasmaybeusedandperformancesuffers. If

thethresholdis too large,thenit is possiblethatnocamerasmaybeselected.In fact,when

facedwith unstructuredinput data,bothof thesecasesmayoccurduringtherenderingof

a singleimage. Thus,thek-nearestcameraweightingcanbeseenasa “variable” thresh-

old technique,in which the thresholdis chosendynamicallysuchthatonly k camerasare

selected.

Using only the k-nearestcamerasdoesintroducesomeproblemswith regard to the

continuity of the reconstruction.As the weight vectorvariesover the imageplane,the

radiancereconstructionexperiencesdiscontinuitieswhenever thesetof k-nearestcameras

changes.Thisdiscontinuityoccursbecauseweightsmayenterandleavethesetof k-nearest

with non-zerovalues.Thus,thealgorithmmodi�es theweightsto ensurethatthey always

fall to zeroat thek
�

1st camera.This attenuationof theweightvectoris accomplishedby

“windowing” thecorrelationfunctionRI � q 	 .

Consideracorrelationfunction,suchasthatdescribedin Chapter4,whichhastheform

RI � q 	e��� A
�

B
qh �

whereA, B, andh arepositiveconstantschosensuchthat thefunctionis greaterthanzero

for all q of interest. Given a setof N camerasanda reconstructionpoint, the anglesq j

(or generalizedversionstakinginto account�eld-of-view andresolution)canbecomputed

andsortedsuchthatq j ¯

q j
�

1. In general,theunmodi�ed correlationfunctionis non-zero

for q
¯

qk
�

1. In orderto forcethefunctionto bezerofor thesevaluesof q, thecorrelation

function canbe modulatedwith a windowing function that is non-zeroat the origin and

falls to zeroatq � qk
�

1. Onesuchwindow functionis ahatfunction:

W � q 	O� 1 �

q
qk

�

1
�
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Usingthiswindow function,themodi�ed correlationfunctionbecomes

R̃I � q 	O� W � q 	 RI � q 	O�£� A
�

A
qk

�

1
q

�

Bq �

h
�

B
qk

�

1
q1

�

h
�

It hasbeenfoundthattheconstantsA � 0, B � 1, andh � 1 work well in practice,and

they leadto aparticularysimpleform of themodi�ed correlationfunction:

R̃I � q 	e�

1
q

�

1
qk

�

1
�

(5.1)

This function is simpler to evaluatethanEquation4.4, which makesit appropriatefor a

real-timeimplementation.Theonly issueis dealingwith R̃I � 0	 , which resultsin adivision

by zero.In practicethiscaseis notaproblem,sinceit occursatepipolelocationsfor which

theweightvectorcanbetrivially computed,withoutevaluatingthecorrelationfunction.

5.2 Real-Time Unstructur edLumigraph Rendering

Theoperationof thereal-timeunstructuredlumigraphrendererproceedsasfollows. First,

the algorithmselectsa setof points(i.e., pixels) in the desiredview at which to evaluate

the weight vector. The blendingweightsareevaluatedat eachof thesepointsusingthe

k-nearestcameraweightingandEquation5.1.

Next, thesamplingpointsaretriangulatedto form atessellationof thedesiredview, per-

hapsaddingnew samplingpointsin theprocess.After triangulation,thewindowedweight

vectorsarecomputedfor all samplingpointsusingtheoptimizedradiancereconstruction

procedure.Finally, the resultingtrianglesareblendedtogetherusing the graphicshard-

ware'salphablendingandprojective texturemappingcapabilities.Thepseudocodefor the

algorithmappearsin Figure5-1, andthe following sectionsdescribethemainprocedures

in moredetail.

5.2.1 SelectingWeight Vector SamplePoints

Theweightvectorsaresampledata sparsesetof pointsin thedesiredimageplane.These

pointscorrespondto desiredviewing rays.A numberof heuristicsareusedwhenselecting

which raysto sample.First, theraysto all of thegeometricproxy verticesareused.These
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Clearframebuffer to zero

Selectweightvectorsamplepoints

Triangulatesamplepoints

for eachsamplepoint j do

for eachinput imagei do

Evaluategeneralizedqi � j

end for

Sortqi � j

Constructwindowedcorrelationfunctionusingk
�

1st qi � j andEquation5.1

for eachinput imagei do

Evaluatek non-zerowi � j

end for

end for

for eachinput imagei do

Setcurrenttextureto imagei

Setcurrenttexturetransformmatrix to Pi

for eachsamplepoint j do

Setvertex alphavaluesto wi � j

end for

for eachtrianglet do

if at leastonevertex hasnon-zeroalphasthen

Backprojectt ontoproxysurface

Draw t, accumulatingresultin framebuffer

end if

end for

end for

Figure5-1: Thepseudocodefor thereal-time,unstructuredlumigraphrenderingalgorithm.
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Figure 5-2: The real-timerendererusesthe projectionof the proxy, the projectionof the source

cameracenters,anda regulargrid to triangulatetheimageplane.In this �gure, theproxy is acube,

thecameracentersarelabeledCx, andtheir projectionsarelabeledex.

rays are selectedso that the tessellationof the samplepoints doesnot spanmore than

oneplanarfacetof the geometricproxy (seethe next sectionfor moredetails). This is

donebecausethegraphicshardware'sprojectivetexturemappingability only workswith a

singleplane(i.e., it usesasimpleplanarhomography).

Second,to assureepipoleconsistency, raysto everysourcecameraarealsoused.These

rayscorrespondto the epipoles,andthey shouldbe includedin the samplingto maintain

exactepipoleconsistency. However, they canbeoftenomittedwith little perceptibleloss

of imagequality sinceothernearbysamplesgenerallyre�ect the strongin�uence of the

epipole.So,if moreperformanceis needed,theepipolesamplescanbesafelyignored.

Finally, a regulargrid of viewing raysis includedto obtaina suf�ciently densesample

set.Theseextrasampleshelpcapturetheinterestingspatialvariationof theweightvectors.

They alsocontributesamplesto areasthatarepotentiallyundersampledby thepreviously

selectedsamplepoints.In somecases,especiallywhentheproxycontainsmany polygons,

theseextra grid samplesareunnecessary. Figure5-2 shows thesamplepointsselectedfor

anunstructuredlumigraphwith two camerasandacubicalproxy.

Generally, a uniform samplingof the virtual imageplaneprovides the best results.
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Thus,thenumberof grid samplesis relatedto thenumberanddensityof proxyandepipole

samples.If theproxy andepipolesamplesareuniformly distributedover theimageplane,

thenfew or no grid samplesarenecessary. On theotherhand,if theproxy or epipolesam-

plesarevery sparselyor non-uniformlydistributed,thengrid samplesshouldbe usedto

evenout theuniformity of thesampling.For large numbersof non-uniformlydistributed

cameras,the requirednumberof grid samplesmay be impractical from a performance

standpoint.In thesecases,thenumberof grid samplesshouldbechosento meettheper-

formancerequirement.For mostof theexamplesin this thesis,a16 � 16grid of samplesis

suf�cient, althoughup to 32 � 32canbeusedwithoutmuchperformancedegradation.

5.2.2 Triangulating SamplePoints

Triangulatingthe samplepointsmustbe donewith somecare. It is not suf�cient simply

to construct,for example,a Delaunaytriangulationof the selectedsamplepoints. This

approachfailsbecauseof theconstraintthatthesamplepoint trianglesmust“see”only one

geometryproxy plane. More precisely, the projectionsof edgesfrom a geometryproxy

polygonmust not crossany edgesin the virtual imageplanetessellation.Considerthe

exampleshown in Figure5-2. The projectedproxy edgesareshown in bold, while the

additionaltessellationedgesare shown in gray. None of the bold edgescrossthe gray

edges(without theadditionof a new vertex). Notethebottomedgeof theprojectedcube;

anextravertex hasbeeninsertedwhereit crossesagrid edge.

Further, givena tessellationthatconformsto this requirement,it is necessaryto know

which geometryproxy polygonthesamplingtrianglesees.Fortunately, a constrainedDe-

launaytriangulationcanbeusedto overcometheseproblems.

ConstrainedDelaunayTriangulation

A constrainedDelaunaytriangulationis a Delaunaytriangulationin which certainedges

areforcedto exist in the triangulation.Thus,theproblemof spanningmultiple geometry

polygonscanbeeasilysolvedby requiringthattheprojectededgesof thegeometryproxy

appearin the�nal triangulation.Enforcingthisconstraintis madepossibleby includingthe
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projectionsof thegeometryverticesin thesetof samplepoints.In addition,theedgesof the

regularsamplegrid canalsobeincluded.Thesegrid constraintsareusefulbecauseregular

grids have ambiguousDelaunaytriangulationsthat changerandomlyandcausetemporal

artifacts.

Giventhis setof verticesandconstraintedges,theconstrainedDelaunaytriangulation

of thesamplepointsis computedusingShewchuk'ssoftware[Shewchuk1996].Thiscode

automaticallyinsertsnew verticesatall constraintedge-edgecrossings.Thesenew vertices

becomeadditionalsamplepointsatwhich theweightvectorsmustbeevaluated.

AssociatingImagePlaneTriangleswith Proxy Planes

Whenrenderingthe unstructuredlumigraph,the verticesof the sampletessellationmust

be associatedwith three-dimensionalpoints on the surfaceof the geometryproxy. The

graphicshardwareneedsthethree-dimensionalpositionof thetriangleto computethepla-

nar homographyfor projective texture mapping.However, the trianglesfrom the sample

point tessellationaretwo-dimensionaltrianglessituatedin thedesiredimageplane.Before

drawing a triangle,it mustbebackprojectedonto thesurfaceof theproxy. This backpro-

jectionis easilydoneusinganinverseprojectionmatrix,assumingthattheequationof the

proxyplaneis known. Thus,every trianglein theconstrainedDelaunaytriangulationmust

beassociatedwith aplaneof thegeometryproxy.

Fortunately, Shewchuk's softwaremakesthis associationfairly simple.His implemen-

tationallowsedgesandregionsof theinput to belabeled.Theselabelsarethenpropagated

to theedgesandregionsof theoutputtriangulation.By labelingthe input geometrycon-

straintedges,it is possibleto deducewhichtrianglesof thetessellationcorrespondto which

planesof theproxy. This assocationprocessis doneusinga simplegraphlabelingproce-

durethatrunsin time linearin thenumberof triangles.

Unfortunately, the above labelingprocessonly works if the geometryproxy hasunit

depthcomplexity, thatis, if everyviewing ray from thedesiredcameraintersectstheproxy

exactly once. In thecasethat the proxy hasdepthcomplexity greaterthanone,it is nec-

essaryto generalizethe labelingprocedure.Insteadof associatingeachsamplingtriangle

with a singleproxy plane,eachsamplingtriangleis associatedwith a setof proxy planes,

96



onefor eachsurfaceof theproxy which is visible throughthesamplingplane.This gener-

alizationchangesthelabelingprocedurein a trivial way, andit still runsin lineartime.

5.2.3 Drawing Triangles

Beforeatrianglecanbedrawn, it must�rst bebackprojectedontothesurfaceof theproxy.

As mentionedin theprevioussection,thisbackprojectionis doneusingtheplaneequation

thatis associatedwith thesamplingtriangle.

After thetriangleis backprojectedontotheproxy, it is drawn multiple timesusingdif-

ferentimagesandsetsof alphavalueseachtime. Previousalgorithmshave usedgraphics

hardwarefor similarblendingstrategies,but they typically blendonly threeimagespertri-

angle(i.e.,eachimageis opaqueatonevertex andtransparentat theothers).It is important

to notethat in unstructuredlumigraphrendering,morethanthreeimagesmaybeblended

acrosseachtriangle.

Supposethatthereareatotalof muniquecameras(k ® m ® 3k) with non-zeroblending

weightsat thethreeverticesof a triangle.Thenthis triangleis renderedm times,usingthe

texture from eachof the m cameras.Thus, a triangle is texturedwith a minimum of k

imagesandpotentiallywith asmany as3k images.

If a trianglehasmorethanoneproxy planeassociatedwith it, thenit is renderedonce

for eachplane.Thegraphicshardware's z-buffer resolvesvisibility.

5.3 Examples

In thissection,theperformanceof unstructuredlumigraphrenderingis demonstratedwith a

numberof examples.First,theexamplefrom Chapter4 is revisited.Thisexampleservesto

illustratetheimpactof theapproximationsmadeby theunstructuredlumigraphalgorithm.

The remainingthreeexamplesdemonstratethe �e xibility of the unstructuredlumigraph

algorithm.

Two of theremainingexamplesarebasedonvideosequences.The�rst videoexample

comesfrom a hand-heldvideocamera.Thecamerapositionsarecomputedusingfeature-

trackingandstructure-from-motiontechniques.Thesecondvideoexampleis from avideo
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cameramountedon an instrumentedrobot. Camerapositionsarederived from thewheel

encodersandinertialmotionsensorsof therobot. In bothof thevideoexamples,theproxy

is composedof asmallnumberof planes.

The �nal exampledemonstratesthe algorithmwith a morecomplex geometricproxy.

While theimagecollectionhasonly 36 images,theproxy consistsof 500polygons,which

makesup for thelackof images.Thealgorithmhandlesthisdataaseasilyastheothers.

5.3.1 Example#1

The sequenceof imagesin Figure5-3 illustratesthe impactof the optimizationsusedin

theunstructuredlumigraphrenderingalgorithm.The�rst row of imagesrecallstheresults

from Chapter4. Theseimagescomefrom the optimal radiancereconstructionprocedure

usingangleandresolutionmeasures(a � 1 andb � 1) (�eld-of-view is ignoredasnoneof

theULR optimizationschangethismeasure).

Thesecondrow of imagesin Figure5-3showstheresultof optimization#1: assuming

thesimilarity matrix is the identity. Both the imageandthe false-colorvisualizationlook

similar to the�rst row. However, it is evidentfrom thefalse-colorimagethat theepipoles

arelessdistinct. This fuzzinessis a direct resultof assumingthat thesimilarity matrix is

the identity. Usingthepropersimilarity matrix removesthe“contamination”(i.e., contri-

butions from othercameras)from the epipolesamples.However, even with the epipole

contamination,theimagequality sufferslittle.

The third row shows theresultof optimization#2: usinga simpli�ed resolutionmea-

sure. Sincethe simpli�ed resolutionmeasureis lessconservative thanthe homography-

basedmeasure,a slightly differentrangeof “resolutionstretch”is usedfor theseimages.

Thesecondrow allows resolutiondifferencesrangingfrom a factorof 0.5 to 2, while the

third row uses0.7 to 2. In this case,thedifferencebetweenthetwo measuresis primarily

dueto thefactthatthedesiredcameraandtheobservercamerashavedifferentfocallengths,

which resultsin a systematicerror in thesimpli�ed measure.However, afteradjustingfor

thiserror, theresultingimagesareverysimilar.

Thefourth row shows theeffect of optimization#5: usingonly thek-nearestcameras.
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Figure 5-3: A sequenceof imagesshowing theeffect of theULR optimizationson imageforma-

tion. Topto bottom:original,simpli�ed correlationmatrix,simpli�ed resolutionmeasure,k-nearest

weighting,andsparsesampling. 99



This optimizationhasa large effect on the imageformation,asshown by the false-color

image.Thecoloredregionsaremuchmorepronounced,which is a resultof fewercameras

contributing to eachpixel. In a typical imagegeneratedusingthe optimal approach,up

to 30 or 40 camerascan have non-trivial weightsat a pixel (i.e., greaterthan 1
256, the

quantizationlevel of the framebuffer). The imagesin the fourth row usek � 5 images

at eachpixel. However, the �nal outputimageis not appreciablychanged,sinceonly the

cameraswith thelargestweightsareretained.

The�nal row of Figure5-3demonstratesoptimizations#3and#4: sparsesamplingand

hardwarerendering.In thiscase,theweightvectorsaresampledona25 � 25grid covering

thedesiredview. Theimageandthefalse-colorvisualizationaregeneratedusinggraphics

hardware. While the false-colorvisualizationshows slight differencesin the interpolated

weight vectors,the resultingimagedoesnot exhibit noticeableartifacts. This fact is re-

markable,asthelengthof timeto generatetheimagehasbeenreducedfrom 5 hoursto less

than33 millisecondsthroughtheuseof the5 optimizations.

The choiceof samplingdensityinvolvesa trade-off betweenrenderingperformance

andreconstruction�delity . A verysmallnumberof samplesresultsin avery fastrendering

time,but it mayalsonegatively impacttheimagequality. On theotherhand,anextremely

largenumberof samplesmayunnecessarilyslow thealgorithmwith little bene�t in quality.

Theimpactof samplingdensityon imagequality is shown in thetwo plotsin Figure5-

4. Figure5-4ashowstheerrorin thesparselysampledimageascomparedto theray-traced

image(i.e., onesampleper pixel). The error is 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 shown; one that includes

epipolesamples(blue curve with circles)andonethat doesnot includeepipolesamples

(redcurve with crosses).Clearly, thereis moreerrorat lower samplingdensities,andthe

errorseemsto level off at about16 � 16 samples.Usingepipolesamplesalwaysimproves

the error (this is alwaysthe case,sincethe epipolesamplesareadditionalsamples),but

doesnot appreciablyimprove the error after 8 � 8 samples.Thus, for this con�guration

of images,a 16 � 16 samplingdensity, without epipolesamples,is suf�cient for quality

rendering.Thesystemremainsinteractiveup to 32 � 32 samples,soa 16 � 16 grid results
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Figure 5-4: Plotsof theerrorcausedby usinga sparsesamplingof imagereconstructionweights.

(a) Theerror in theactualimage. Thebluecurve with circlesshows errorwith epipolesampling,

andtheredcurvewith crossesshowswithout. (b) Theerrorin thefalse-colorvisualization.Theblue

curvewith circlesshowserrorwith epipolesampling,andtheredcurvewith crossesshowswithout.
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in quality, interactiverendering.

The plot in Figure5-4b shows the sameerror curvesappliedto false-colorvisualiza-

tions. Although the false-colorvisualizationis not the desiredoutputof the system,it is

usefulfor investigatingthe“worst-case”performanceof therendering.Someof theerrorin

Figure5-4is hiddenby thefactthatmany regionsin theimagesarealmostuniformin color

acrossmany cameras.Thus,reconstructionerrorsmaybemaskedbecausean incorrectly

interpolatedpixel happensto be thesamecolor asthe correctlyinterpolatedpixel. Since

the false-colorvisualizationassignsuniquecolors to eachinput image,this error hiding

is muchlesslikely to occur. As expected,the error in Figure5-4b is higher thanthat in

Figure5-4a. In this case,theerrorslevel off andcoincideat 32 � 32 samples,which also

allows for interactiverendering.

Of course,thisanalysisis only applicableto thisparticularcollectionof imagesviewed

from thisparticularvirtual viewpoint. However, for all of theimagecollectionsconsidered

in this thesis,it hasbeenfoundthata 16 � 16 samplinggrid providesgoodquality images

at interactiverenderingrates.

5.3.2 Example#2

Thesecondexamplecomesfrom a videosequenceshotwith a hand-heldvideocameraat

theStaplescenterin Los Angeles.Thecameraintrinsicsandextrinsicsaredeterminedby

trackingimagefeaturesandby solving a structure-from-motionproblemasdescribedin

Section2.5.Thecameraandproxycon�gurationsareshown in the�rst row of Figure5-5.

In this example,the proxy consistsof two planarquadrilaterals.Onecorrespondsto the

groundplane,andtheotherroughlyalignswith thebackgroundobjects.Eachcolumnof

Figure5-5 representsa differentdesiredcamera.Thedesiredcamerasareshown in redin

the�rst row of images.

The secondrow of imagesshows the outputof the unstructuredlumigraphrendering

algorithm.Theraggedtopsandbottomsof theimagesrevealtherhythmiccameramotion,

which correspondsto the walking gait of the personholding the camera. The rendered

imagesthemselves,of course,donot exhibit thismotion.
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Figure5-5: Imagesrenderedfrom avideotakenattheStaplescenterin LosAngeles.Toptobottom:

datacon�guration,renderedimages,false-colorvisualizations,andimage-planetessellations.
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Figure 5-6: Imagesshowing theeffect of �eld-of-view consideration.Renderedimages(top) and

false-colorvisualizations(bottom).

The third rows of imagesshows the tessellationof the imageplane. Theshapeof the

proxy is clearin theimageontheright. A 25 � 25grid of samplesis usedfor theseimages,

althoughasmallergrid resultsin similarquality images.

The fourth row of Figure5-5 shows the false-colorvisualizationsfor the two desired

views. The view on the left is closerto the original camerapath,which resultsin fewer

camerascontributing to the�nal image.Theview on theright is fartherfrom theoriginal

path,somorecamerascontributeto theimage,althougheachcameracontributesasmaller

portion.

Figure5-6 shows theeffect of considering�eld-of-view. Heretheimagesarerendered

again,althoughwith g � 1, which weightscameraslessif they cannotseea portionof the

scene.For theview ontheleft, almosttheentireview is �lled. Regionsthatareinvisible in

Figure5-5 are�lled in with angularlyclosecamerasthatobserve theregion. For theview
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Figure 5-7: Cameracon�guration geometryproxy (top), andexampleimages(bottom)from the

hallway example.Threeplanes(front, back,andtop)havebeenremovedfrom theproxy for visual-

izationpurposes.

on the right, the imageis expandedsomewhat,althoughtherearestill many regionsthat

arenotseenby any camera.

The imagesin this exampleall view theproxy at approximatelythesamedistance,so

includinga resolutionmeasuredoesnotchangetheimagequality.

5.3.3 Example#3

This exampleis constructedfrom a long videosequencein which thecameramovesfor-

ward down a hallway. The camerais mountedon an instrumentedrobot that recordsits

positionasit moves.Suchforwardcameramotionis not handledwell by previousimage-
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basedrenderingtechniques,but it is processedby theULR algorithmwith no specialcon-

siderations.Theproxy for this sceneis a six sidedrectangulartubethatis roughlyaligned

with thehallwaywalls. Sincethevideocontainsmany frames(1096),only every5th frame

(219total) is usedin thelumigraph.Thisreductionin thenumberof imagesallowsthedata

to �t entirelyon thegraphicscardfor bestperformance.

Noneof the cabinets,doors,or other featuresin the hallway areexplicitly modeled.

However, virtual navigationof thehallway givesthe impressionthat thehallway is popu-

latedwith actualthree-dimensionalobjects.Thecameracon�gurationsandsomeexample

cameraimagesfrom theimagecollectionareshown in Figure5-7.

Two renderedimagesandtheir correspondingfalse-colorvisualizationsareshown in

Figure5-8. Becauseof theunusualinputcameracon�guration,thefalse-colorvisualization

looksunlikeany blendingpatternseenin otheralgorithms.It consistsof two setsof circular

regionsthatmeetin themiddleof theimage.Oneof theregionscorrespondstocamerasthat

arein front of thedesiredview, while theotherregion correspondsto camerasbehindthe

desiredview (in thiscase,thedesiredview is in themiddleof thehallway). Smallerregions

belongto camerasthat arephysicallyfartheraway from thedesiredview. Their distance

causestheangularmeasureto weightthesecamerasless,exceptaroundtheepipoles,which

arelocatedroughlyat thecentersof thetwo circularregions.As thedesiredcameramoves

down thehallway, oneregion “expands”while theother“contracts.”

This examplealsodemonstratestheneedfor both�eld-of-view andresolutionconsid-

eration.Figure5-9 shows anextremeview of thehallway from a viewpoint at which it is

physicallyimpossibleto placea camera.Whenthe�eld-of-view is not considered,thena

largeportionof theimageis invisible(toprow). When�eld-of-view is considered,thenthe

invisible regionsare�lled in from near-by images.

Thetop row of Figure5-10shows thetypesof blurring artifactsthatcanoccurif reso-

lution is ignored.Thesecondrow shows theresultof usingthesimpleresolutionmeasure

(b � 1). Low resolutionimagesarepenalized,andthewall of thehallway appearsmuch

sharper, with a possiblelossof view-dependencewheretheproxy is poor. Fromthefalse-

color visualization,it is apparentthattheresolution-sensitiverenderingusesfewer images

ontheleft handsideof theimage,whichis wheretheoriginal renderinghadmostproblems
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Figure 5-8: Two renderedimagesfrom a hallway at MIT (top), the false-colorvisualizationsfor

each(middle),andtheimageplanetessellations(bottom).

with excessiveblurring. In this case,theattenuatedcamerasaretoo far behindthedesired

view.

Asmentionedpreviously, thehallwaylumigraphusesabout219framesfromanoriginal

collectionof 1096frames.Calibrationinformationis availablefor all 1096frames,which
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Figure 5-9: Imagesdemonstratingthe impactof �eld-of-view on the hallway example. The top

imagesignore�eld-of-view, resultingin blackareaswherecamerasdo notseeanything.

allows for a comparisonof imagesproducedby the renderingalgorithmto actualimages

thatarenot within the lumigraph.Figure5-11shows a comparisonfor threeframesfrom

theoriginal sequencebut not usedin thelumigraphrendering.The�rst columnshows the

original frames,the secondcolumnshows the unstructuredlumigraphrendering,andthe

third columnshowsa differenceimage.

Qualitatively, theimagescompareveryfavorably, exceptthatthevirtual imagesareless

sharpthantheoriginals. Thedifferenceimagesreveal two commonerrors:errorsaround

the edgesof objectsanderrorsnearspecularre�ections andhighlights. The �rst type of

error is causedby the approximategeometryproxy. The secondtype of error is due to

angulardifferencesbetweentheoriginalview andtheviews in thelumigraph.A denserset

of viewsin thelumigraphwouldbetterreproduceview-dependenteffectssuchashighlights

andre�ections.
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Figure 5-10: Imagesdemonstratingthe impactof resolutionon the hallway example. Note the

orangepaperon theleft wall.
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5.3.4 Example#4

While thepreviousexamplesprimarily occupy the light �eld endof the image-basedren-

deringspectrum,this exampledemonstratesthe view-dependenttexturemappingaspects

of thealgorithm.Thisunstructuredlumigraphconsistsof only 36imagesof acaranda500

facepolygonalgeometricproxy. The imagesarearrangedin 10 degreeincrementsalong

a circle aroundthe car. The imagesarefrom an “Exterior SurroundVideo” (similar to a

QuicktimeVRobject)databasefoundon thecarpoint.msn.comwebsite.

Theoriginal imageshavenocalibrationinformation.Instead,it is simplyassumedthat

the camerasareon a perfectcircle looking inward. Using this assumption,the proxy is

madeby constructinga roughvisual hull modelof the car. Sincethe true focal lengths

areunknown, thecamerafocal lengthsareoptimizedby handto give thebestreconstruc-

tion. The model is simpli�ed to 500 faceswhile maintainingthe hull propertyusingthe

progressivemeshvariationdescribedin [Sanderetal. 2000].

Figure5-12shows two renderedviews of thecar. Thetop row shows theinput camera

con�gurations,theproxy, andthedesiredviewsin red.Thesecondrow showstherendered

virtual views, and the third row shows the false-colorvisualizations. In this case,since

therearesofew images,eachdesiredimageis composedof asmallnumber(threeor four)

of input images. The fourth row shows the tessellationof the geometryproxy. In this

example,theproxy is suf�ciently complex andthenumberof camerasis suf�ciently small,

sothatthecameraweightingneedonly besampledat themeshvertices.This reductionin

thenumberof samplinglocationsincreasestheef�ciency of thealgorithm.

Notethatthegeometricproxy is signi�cantly largerthantheactualcar, andit alsohas

noticeablepolygonalsilhouettes.However, whenrenderedusingtheULR algorithm,the

roughshapeof the proxy is largely hidden. In particular, the silhouettesof the rendered

car aredeterminedby the imagesandnot 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-colorvisualizations,andimage-planetessellations
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Figure 5-13: A closeupshowing how thecarsilhouetteis determinedby theimages(left) andnot

thegeometry(right).

Figure 5-14: Two views of a �at-shadedproxyconstructedwith thepolyhedralvisualhull system.

5.3.5 Example#5

This examplealsoexhibits a VDTM applicationof unstructuredlumigraphrendering.In

this case,theproxy is acoarsegeometricmodelof aperson(seeFigure5-14).This model

is a snapshotfrom the polyhedralvisual hull system[Matusik et al. 2001],an interactive

visualizationsystemthat constructsand rendersthree-dimensionalmodelsof objectsin

real-time. The systemworks by constructinga three-dimensionalmodel from multiple

silhouettesof anobject.Thesilhouettesareobtainedby segmentingfour videostreams.

Thesystemusestheunstructuredlumigraphrenderingalgorithmtoprovideafast,view-

dependentvisualizationof thethree-dimensionalmodels.Thelumigraphshavereasonably

goodproxy geometry, but have only four imagesroughlyarrangedin a 180degreesemi-

circle aroundtheobject. Becauseof thehighly tessellatedgeometryandsmallnumberof
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(a) (b)

Figure 5-15: (a) Thetexturedpolyhedralvisualhull. Theunstructuredlumigraphcontainsonly 4

images.(b) Theassociatedfalse-colorvisualization.Note that only two images(coloredred and

green)contributemostof thetextures.

images,theweightvectorsareonly sampledat theproxyvertices.Thetexturedvisualhull

andits associatedfalsecolor visualizationareshown in Figure5-15.

5.4 Summary

Thischapterhaspresentedtheunstructuredlumigraphrenderingalgorithm,areal-timeap-

proximationof theradiancereconstructionroutinesdescribedin Chapter4. By exploiting

� ve optimizations,therunningtime of thealgorithmis reducedfrom 5 hoursperimageto

lessthan33millisecondsperimage(i.e.,morethan30 framespersecond).

Thealgorithmis demonstratedwith a numberof examples.Someof theexamplesuse

hand-heldvideo,which exploits theability of thealgorithmto handleunstructuredinputs.

The hallway exampleusesimagesthat exhibit forward motion, a commoncon�guration

of input imagesthat hadnever beeneffectively usedbeforein an image-basedrendering

algorithm. Unstructuredlumigraphrenderinghandlesthis casebecauseit is basedon an

angle-basedview-dependentrenderingstrategy thatproperlyhandleslargenumbersof im-

ages.

Otherexamplesusehigher-�delity geometryproxieswith fewer images,whichdemon-

stratethealgorithm'sability to accommodateawiderangeof inputs.Oneof theseexamples
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comesfrom thepolyhedralvisualhull system,which is a real-timerenderingsystemthat

requiresreal-timeperformance.
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CHAPTER 6

Non-Metric Unstructured Lumigraph Rendering

Theunstructuredlumigraphrenderingalgorithmoutlinedin theprevioustwo chaptersal-

lowsfor renderingfromawidevarietyof imagecollections.Therearenorestrictionsonthe

arrangementof input cameras,nor on thecomplexity of scenegeometry. However, there

is oneimplicit restriction: the input camerasmustbestronglycalibrated.In otherwords,

thecameras'intrinsic parametersareknown, anda Euclideanrepresentationof thescene

(camerasandgeometry)is available.Relaxingthis restrictionis thefocusof this chapter.

Extendingunstructuredlumigraphrenderingto non-metricimagecollectionswidens

thealgorithm'sapplicability. In many cases,it is verydif�cult toobtainastrongcalibration.

For example,thecameraandlensmaynotbeavailable,whichmakescalibratingthecamera

focal lengthdif�cult. Many self-calibrationtechniques(i.e., calibratingthe camerafrom

arbitraryimages)havebeenproposed[Faugerasetal.1992;Pollefeysetal.1999],but these

techniquesarefragile anddo not work in all situations.Thecarexamplefrom Chapter5

presentsanotherapproach:guessthe calibration. However, guessingis very dif�cult in

situationsin which the cameraparametersmay be changing,suchas when the camera

zooms.

In light of theseproblems,analgorithmthatworksdirectly with non-metricscenerep-
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resentationsis veryuseful.

6.0.1 Overview

The �rst half of this chapterenumeratesthe aspectsof unstructuredlumigraphrendering

thatneedto bemodi�ed in orderto accommodatenon-metricdata. It turnsout that there

are four aspectsof the ULR algorithmthat make Euclideanassumptions.Eachof these

problemareasareanalyzed,andnon-metricsubstitutionsareproposed.Theresultingnon-

metric algorithmsatis�esalmostall of the desiredpropertiesoutlinedin Chapter3, with

somenotedexceptions.

The secondhalf of the chapterappliesthe non-metricULR algorithm to a common

problem:videostabilization.It is shown thatnon-metricULR is a naturalsolutionto this

problem,sincetheweaknessesof thenon-metricapproachareoffsetby thespeci�c needs

of thevideostabilizationproblem.Thevalidity of theapproachis demonstratedwith three

examples.

6.1 Problemswith Non-Metric Rendering

Recallthat with a non-Euclidean(non-metric)scenereconstruction,distancesandangles

betweenpointsandlines arenot meaningful. Non-metricdistancesandanglescertainly

do not re�ect the “true” (i.e., Euclidean)values,but they also do not preserve relative

magnitudesor ordering.

The assumptionof a Euclideanreconstructionentersinto the unstructuredlumigraph

renderingalgorithmin multiple places.Theseplacesaredescribedin moredetail in the

following sections.

6.1.1 Angle Measure

The imagecorrelationfunction from Section4.1.1 is indexed by the anglebetweentwo

rays.This angleis thenaturalmeasureof angulardifferencebetweenrays,but someother

measureis neededfor anon-metricalgorithm.
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6.1.2 ResolutionMeasure

Thesimpli�ed resolutionmeasurefrom Section5.1.2is basedon Euclideandistancesbe-

tweencameras.Again, thesedistancescannot beused,sosomeotherresolutionmeasure

mustbeemployed.

6.1.3 GeometryProxy

Thegeometryproxyusedin unstructuredlumigraphrenderingtypically consistsof asmall

setof planesthat are“close” to the scenestructure.Sincethe ideaof closenessassumes

Euclideandistance,someotherwayof specifyingthesceneproxy is needed.

6.1.4 Navigation

Unstructuredlumigraphrenderingspeci�esthedesiredcamerain termsof standardcom-

putergraphicstechniques,whichmakeEuclideanassumptions.In aEuclideanframework,

camerapositionscanbe speci�ed by settinga translationvector, a rotationmatrix, anda

�eld-of-view. In a non-metricsetting,theunknown intrinsic andextrinsiccameraparame-

terscannotbedecoupledin thisway. Cameraposition,orientation,and�eld-of-view must

bespeci�eddifferently, or constrainedin sucha way asto berealizable.This requirement

is themostdif�cult to satisfyin a non-metricsetting.

6.2 Non-Metric Modi�cations to ULR

A non-metricULR algorithmcanbeobtainedby modifying theEuclideanULR algorithm

sothattheanglemeasure,resolutionmeasure,proxygeometry, andnavigationarespeci�ed

in a non-metricsetting.

Begin by assumingthata projective reconstructionof a sceneis known, andthat it has

beenobtainedfrom a setof correspondingpoint features.The sceneis representedasa

collectionof 3 � 4 projectionmatricesPi and4 � 1 structurepointsM j , whichprojectonto

thecorrespondingpointfeaturesmi j . If thescenehasnotbeenobtainedfrompointfeatures,

thenassumethatcorrespondingpoint featureshave beenselectedandthat theappropriate
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structurepointshavebeenderivedfrom thesefeatures(if thefeaturestruly correspond,then

this computationis a trivial matter).

Theprojectivereconstructionspeci�esonly that

mi j
�

� PiM j �

wheremi j is a point feature(represented� u � v� 1	

T) in imageIi , and �

� denotesequality

up to scale. Note that a projective reconstructionis uniquelyde�ned up to an arbitrary

projectivetransformationT. Thatis, transformingtheprojectionmatricesandthestructure

pointswith T resultsin anequivalentprojective reconstruction:

mi j
�

� � PiT �

1
	¶� TM j 	›� P�iM � j �

This unknown projective transformationmakesit impossibleto compareanglesanddis-

tancesin thenon-metricspace.However, it is clearthat theprojectionsof quantitiesinto

the imagespaceareunaffectedby T. Thus,image-to-imagetransformations,suchaspla-

narhomographies,areunaffectedby theprojective distortionintroducedby T. In light of

this observation,non-metricunstructuredlumigraphrenderingusesdirect image-to-image

transformsandimage-spacemeasuresto avoid measuringquantitiesin theprojectivespace.

However, it doessoat thecostof someof thedesiredpropertiesfrom Chapter3.

6.2.1 Angle Measure

For eachindividual pixel in the desiredview, the ULR algorithmblendsbetweencorre-

spondingpixels from multiple referenceviews. Givena setof correspondingpixelspi in

the referenceviews, the �nal color of thepixel pdes in thedesiredview is computedasa

weightedaverageof thesereferencepixel colors.Thecolorsareinverselyweightedbased

on theangulardifferencebetweenthereferenceviewing raysandthedesiredviewing ray

(seeFigure6-1). In fact, theactualanglesarenot that important;rather, it is therelation-

shipsbetweenangles(e.g.,whichangleis biggerthananother)thatmattermost.

Considermeasuringrelative anglesizesusingthefollowing measurede�ned in image

space.Computethevanishingpointsvi of all thecorrespondingobserverraysasseenin the

desiredview. Thedistancedi ��· vi � pdes · is thenarelativemeasureof theangulardistance
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Figure6-2: Vanishingpointdistancemeasurement.(a)An alternativeanglemeasureis thedistance

of thevanishingpointsvi from theprojectionof thescenepointpdes. (b) Thevanishingpointshows

which ray in thedesiredview is parallelto theobserver ray.

betweenthe desiredviewing ray and the referenceviewing ray (seeFigure6-2a). This

measurebehavesenoughlike the true angle(i.e., smallerangleshave smallermeasures)

to computeinterpolationweights. Note that in the caseof known cameraintrinsics, the

vanishingpoint distancecanbetrivially convertedinto anactualanglemeasurement.The
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(a) (b) (c)

Figure6-3: A comparisonof false-colorvisualizationsthatusetrueangles(a),andvanishingpoint

approximations(c). Thedifferencesbetween(a)and(b) areshown greatlyexaggeratedin (c).

diagramin Figure6-2b demonstrateshow this constructionworks. The vanishingpoint

tells which ray in the desiredview is parallel to the observed ray. If the observed ray is

parallelto thedesiredray (i.e., they arethesameray) thenthevanishingpoint equalspdes

andthedistanceis zero.

The validity of this approachis demonstratedin Figure6-3. This �gure shows two

false-colorvisualizationsfor Example#1 from Chapter5. The visualizationon the left

usesthestandardanglemeasure(recallthataEuclideanreconstructionis availablefor these

images),while thevisualizationin themiddleusestheproposedvanishingpoint measure.

Thetwo imagesareslightly different,particularlyaroundthe imageborders,asshown in

theexaggerateddifferenceimageon theright. It is clearthat thevanishingpoint measure

providesagoodapproximationto thetrueanglemeasure.

Of course,computingvanishingpointsrequiresknowledgeof theplaneat in�nity P ¥ ,

which is unknown in aprojectivereconstruction.If theplaneat in�nity is found,upgrading

thereconstructionfrom projectiveto af�ne, thenvanishingpointscouldbeusedto measure

relativeanglemagnitudes.Unfortunately, computingtheplaneat in�nity is oneof themain

reasonswhy obtainingaEuclideanreconstructionis sodif�cult. Findingtheexactplaneis

verysensitive to noisydataandtheinputcameracon�guration.

However, it is not critical to have the true planeat in�nity to usethis vanishingpoint

measure.It suf�ces to usea planethat satis�es cheirality constraints[Hartley 1993] to

approximateplaneat in�nity . Thecheiralityconstraintsrequirethatall data(camerasand

121



structurepoints) lie on onesideof the chosenplane. Further, choosingthe furthestsuch

planegivesan improvedapproximation[Hartley et al. 1999]. Using sucha plane,called

P̃¥ , resultsin a quasi-af�ne reconstructionof thescene[Hartley 1993]. Thus,non-metric

unstructuredlumigraphrenderingrequiresa quasi-af�ne scenereconstruction,which is

generallyeasierto obtainthana full Euclideanreconstruction.

Given this planeP̃¥ , vanishingpointscanbe computedusinga planarhomography

mappingfrom pointsin imageI j , onto theapproximateplaneat in�nity , andbackto van-

ishingpointsin imageIi. Thishomographyis givenby

H i j ¥̃
�

� PiP� j ¥̃ � (6.1)

wherePi is the projectionmatrix for imageIi, and P� j ¥̃ is the inverseprojectionmatrix

mappingpointsin imageI j ontotheapproximateplaneat in�nity .

Notethatsincethis anglemeasureviolatestheradianceconsistency property, asit de-

pendson the projectionmatrix of the desiredview. For example,virtual views with dif-

ferent �eld-of-views or orientationsmay result in different reconstructionsfor the same

radiance.

6.2.2 ResolutionMeasure

Thesimpli�ed resolutionmeasuredescribedin Section5.1.2usestherelative distancesof

camerasfrom thescenepoint asanestimateof resolutionsimilarity. Sinceit is basedon

distances,thismeasureis unsatisfactoryin anon-metricsetting.

However, recall thatthefull resolutionmeasure,describedin Section4.2.2is basedon

theJacobianof theplanarhomographyrelatingtwo camerasandaplanein thescene.Since

this measureis basedon an image-to-imagetransform,it is immuneto the effectsof the

unknown projective transformation.Thus, the original resolutionmeasure,while slower

thanthesimpli�ed one,is suitablefor usein thenon-metricalgorithm.

6.2.3 GeometryProxy

TheULR algorithmusescorrespondencebasedon planarpolygons.This correspondence

impliesaseriesof homographies,oneperpolygon,thatrelateonecamerato another.
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Givena polygonk, its associatedplaneP k, andtwo cameraprojectionmatricesPi and

P j , it is possibleto computethe planarhomographyH i jk relating the pixels in the two

cameras:

H i jk
�

� PiP� jk �

whereP� jk is the4 � 3 inverseprojectionmatrix thatmapspixelsin imageI j ontotheplane

Pk. ThesehomographiesH i jk establisha correspondencebetweenimageI i andimageI j

throughplaneP k.

This typeof correspondenceis well-suitedto a non-metricalgorithmsinceit is based

ontheimage-to-imagemappingH i jk. Theonly dif�culty is specifyingthepolygonalproxy

in the �rst place.Thetypical approachof choosingpolygonsthatare“close” to thescene

doesnot work, sinceit is dif�cult to de�ne theclosenessmeasure.However, it is possible

to de�ne polygonsthatpassexactly throughtheknown structurepoints. Sinceprojective

transformationsdo preserve incidence,asetof polygonsthatpassesthroughtheprojective

structurepointsalsopassesthroughthe“true” Euclideanstructurepoints.

Theproxypolygonsarede�ned by triangulatingtheprojectionsof thestructurepoints.

Givensomedesiredview with projectionmatrixPdes, thestructurepointsM j areprojected

into thatview. TheDelaunaytriangulationof theseimagepointsresultsin a tessellationof

theimageplane.Thetopologyof this triangulationis transferredto theprojectivestructure

pointsto arriveatapolygonalproxy.

6.2.4 Navigation

Navigationis perhapsthemostdif�cult problemwhendealingwith non-metricspaces.In a

projectivesetting,theprojectionmatrixof anovel view canbecomputedby specifyingthe

desiredimageprojectionsof the structurepoints[FaugerasandLaveau1994]. However,

this methodof navigation is not very intuitive andmay leadto non-rigidcameramotions

or otherimprobablemotions. For example,onecouldmove two verticesof a squareand

leavetheothertwo �x ed,resultingin adistortedimageof asquarein thedesiredview. This

distortionmayor maynotcorrespondto a rigid cameramotion.

To combatunwanted(e.g.,non-rigid) imagetransformations,it is useful to usean a
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priori motion model when positioningthe projectionsof the structurepoints. The mo-

tion modelconstrainsthestructurepointsto motionsthatarerealizablewithin themodel.

For example,undera linearmotionmodel,theprojectionsof thestructurepointsarecon-

strainedto move in straightlines. If the desiredmotion is not linear, thenothermodels

maybeused.For example,onemightuseapurerotationalmodel,a rotation-about-a-point

model,or somethingevenmoreexotic. Two examplemotionmodelsarediscussedfurther

in Section6.4.2.

This typeof navigation,while abit cumbersome,is well-suitedto theproblemof video

stabilization. By �tting the observed featuresmotionsto a smoothmotion model, it is

possiblederive a sequenceof projectionmatricesthat correspondto a stabilizedvideo

sequence.The detailsof the video stabilizationprocedurearedescribedin the following

sections.

6.3 Non-metric ULR for VideoStabilization

An unstabilizedvideo is an imagesequencethat exhibits unwantedvariationsin the ap-

parentimagemotion. The goal of video stabilizationis to remove thesevariationswhile

preservingthedominantmotionsin theimagesequence.

Most video destabilizationis dueto physicalmotionsof the camera.Thus,many so-

lutions to theprobleminvolve hardwarefor dampingthemotionof thecamera,suchasa

Steadicamrig or gyroscopicstabilizers.This equipmentworks well in practice,but it is

very expensive. Recently, many consumergradevideocamerashave beenequippedwith

videostabilizationfeatures.However, thesemethodsareoftennotgoodenoughto stabilize

grossmotionsof thecamera.Becauseof thesereasons,softwaresolutionsareattractive.

6.3.1 Other Approachesto Video Stabilization

Many previous softwareapproachesto video stabilizationassumelittle to no knowledge

of theactualthree-dimensionalcameramotion,andinsteadwork to minimizeimagespace

motionsdirectly. A commonapproachis to estimatea dominantplanarhomographythat
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stabilizesa largeplanarregion in thevideo[Irani et al. 1994]or to usesimple2D transla-

tionsto lock ontoanobject.

Onebasicproblemwith theseapproachesis thatpureimagetransformationsoftendo

not correspondto reasonablecameratransformations.For example,stabilizinga videoby

usingpuretranslationof thevideo framesis equivalentto varying the camera's principal

point, which is unlikely to be the true causeof the destabilization.Homography-based

schemesdoabetterjob, but they only stabilizeplanarscenesor rotationalcameramotions.

Highly non-planarscenesor translationalcameramotionsarenot stabilized.

6.3.2 The IBR Approachto VideoStabilization

This thesisproposesa softwarevideo stabilizationalgorithmbasedon image-basedren-

dering(IBR). Thebasicpremiseof theapproachis simple.AssumethatIBR cangenerate

novel views from somesetof known referenceimages.Assumefurther that the unstabi-

lizedcameratrajectory(i.e.,camerapositionsandorientations)is alsoknown. Then,video

stabilizationcanproceedin two steps:

1. Remove unwantedmotionsfrom theknown cameratrajectorythroughsomesortof

�ltering or smoothingprocedure.

2. UsingtheIBR algorithm,rendera new imagesequencealongthestabilizedcamera

trajectory.

IBR stabilizationmethodspotentiallyavoid theproblemsof two-dimensionalapproaches

becausethey canallow for virtual cameranavigationin thescene.Thus,thevirtual camera

canbemovedonasmoothpath,removing thevideodestabilizationat its sourceandresult-

ing in a stablevideofor all imageregions.Not only cananIBR methodremoveunwanted

rotationalandtranslationalmotions,it canalsostabilizethevelocityof thecameraandthe

variationin thecamera's focal length.IBR methodscanalsomergeinformationfrom mul-

tiple video framesto synthesizea completelynew view, so they arenot limited to simple

imagewarping.

TheIBR approachde�nestwo problemsto solve: (1) �ltering thecameratrajectoryand

(2) renderingnew viewsgiventheoriginal views.
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In the methodoutlinedhere,non-metricunstructuredlumigraphrenderingis usedto

generatenovel views. The�ltering procedureis implementedby �tting theobserveddata

to a priori motion models. Both of thesetasksare donewithout requiringa Euclidean

reconstructionof the scene,which makes this approachgenerallyapplicableto a wide

rangeof videosequences.

6.4 Stabilizing Video

The�rst stepin theproposedvideostabilizationprocedureis to obtaina projective recon-

structionof thevideosequence.It is not importanthow this reconstructionis obtained,just

thatit conformsto thedescriptiongivenin Section6.2.

6.4.1 Computing a ProjectiveReconstruction

Brie�y , the projective reconstructiontechniqueusedin this thesisproceedsas follows.

First, imagefeaturesaredeterminedusingoff-the-shelftrackingsoftwarethat implements

the algorithm describedin [Shi andTomasi1994]. At least300 featuresper frame are

tracked,becausethe resultingfeaturesgenerallycontainmany bador poorly tracked fea-

tures. Occlusions,view-dependenteffects (re�ections andhighlights),motion blur, and

otheruncontrollablefactorsall contribute to poor featuretracking. Eliminating thesebad

featuresis key to obtainingaqualityreconstruction.As a�rst step,all featuresthatexist for

lessthan30 frames(i.e.,onesecond)areeliminated.Shortfeaturetracksoftencorrespond

to badfeatures.

Next, an initial projective reconstructionis computedusinga projective factorization

technique[Triggs1996]. This factorizationapproachresultsin a roughsolutionthatmay

becontaminatedby theremainingbadfeatures.At thispoint,abadfeaturecanbeidenti�ed

by examiningits reprojectionerror, thedistancebetweenthefeature's trackedlocationand

the projectionof its correspondingstructurepoint. If the reprojectionerror is large (e.g.,

greaterthan20 pixels), thena featureis consideredbad. After culling morebadfeatures

in thisway, thesolutioncanberecomputedusingprojective factorizationto obtainabetter

initial guess.
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This initial guessis still not an optimal solution(in termsof minimizing reprojection

error) even if all the featuresare good. The solution can be improved by using robust

bundleadjustmenttechniques[Triggs et al. 2000]. Bundleadjustmentis simply a non-

linearoptimizationthatminimizesthereprojectionerrorof all thefeaturesin theprojective

reconstruction.Bundle adjustmentworks by iteratively adjustingthe parametersof the

projectivereconstructionuntil thesumof reprojectionerrorsreachesalocalminimum.The

parametersof theprojectionreconstructionaresimply the12 elementsof eachprojection

matrixandthe4 elementsof eachstructurepoint. Bundleadjustmentgenerallyresultsin a

high-qualitysolution,evenwith thisnon-minimalparameterization.

For long imagesequences,this processneedsto be modi�ed becausethe projective

factorizationapproachrequiresthatall featuresbevisible in all images.This restrictionis

not satis�ed in mostvideo sequences.To dealwith this problem,the imagesequenceis

dividedinto overlappingsub-sequenceswith independentsolutionsfor eachsub-sequence.

Theindependentsolutionsarethenmappedinto acommonprojective frameby computing

pair-wise projective transformations.While this methoddoesnot alwaysgive a globally

consistentsolution,it is generallysuf�cient for thevideostabilizationtask.

As a �nal step,the projective reconstructionis upgradedto a quasi-af�ne reconstruc-

tion by approximatinga planeat in�nity . The proceduredetailedin [Hartley et al. 1999]

provides a suitableplanefor this purpose. This approximateplaneis usedto compute

vanishingpointhomographieswith Equation6.1.

6.4.2 CameraTrajectory Filtering

Oncea quasi-af�ne reconstructionof theoriginal videosequenceis available,thecamera

trajectorymustbe�ltered to removeunwantedmotions.However, sinceonly anon-metric

reconstructionis available,it is impossibleto �lter thethree-dimensionalcameratrajectory

directly. Instead,the �ltering is indirectly accomplishedby �ltering the two-dimensional

motionof theobservedimagefeatures.These�ltered imagefeaturesarethenusedto derive

asequenceof stabilizedprojectionmatricesP�i thatgenerateastabilizedimagesequence.

This feature�ltering startsby computingtargetlocationsfor thetrackedimagefeatures
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Figure 6-4: Threeiterationsof the feature�ltering procedure.The initial featurelocationsare

drawn assolid lines,andthetarget locationsareshown asdots. Thedesiredfocusof expansionis

marked with a circle. (top) Beforeoptimization. (middle) After oneiteration. (bottom)After all

iterations.
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in eachframe.Thesetarget locationsspecifywheretheprojectionsof thestructurepoints

shouldappearin a stabilizedvideosequence.

Giventhe target locations,thestabilizedprojectionmatricesarecomputedby slightly

adjustingtheunstabilizedprojectionmatricessothatthey projectthestructurepointsonto

thetargetlocations(insteadof theoriginalfeaturelocations).Thisadjustmentis doneusing

anon-linearoptimizationverysimilar to bundleadjustment(describedin Section6.4.1).In

this case,theparameterizationconsistsof only 12 parametersfor eachprojectionmatrix,

andtheoptimizationis notallowedto adjustthepositionsof thestructurepoints.Theinitial

parametervaluesaresetto theunstabilizedprojectionmatrices.Theminimizederroris the

reprojectionerrorbetweentheprojectionsof thestructurepointsandthetargetlocations.

After runningthisoptimization,thequalityof thesolutioncanbeevaluatedby examin-

ing thereprojectionerrors.Largereprojectionerrorsindicatethatthetargetlocationshave

beenpoorly selected.In suchcases,thetarget locationscanbere-estimatedfrom thenew

solutionandthe optimizationrun again. It hasbeenfound empirically that this iterative

processquickly convergesto a goodsolution.

Figure6-4 illustratestheevolutionof thestabilizedprojectionmatricesduringtheopti-

mization.Theinitial featuretracks(i.e.,thecurvesthatthefeaturestraceoutovertime)are

shown assolid lines. Thetarget locationsaredots.Herethetarget locationscorrespondto

a linearmotionmodel,which is describedin thenext section.

Computingthestabilizedtargetlocationsis themostdif�cult step.Onewayto stabilize

the locationsof the featuresis to low-pass�lter the spatialvariationof the featuresover

time,andthenmaptheoriginal featuresto pointson thenew path.This techniquereason-

ably �lters thefeaturelocations,but it enforcesnoconstraintson theimpliedmotionof the

stabilizedcamera.To enforcerigid-motion (andother)constraints,it is advantageousto

applyaprior modelto themotionof thedesiredfeaturelocations.

Usingamotionmodelhelpsensurethatthenew projectionmatricescorrespondto rigid

motions. Somepossiblemotionmodelsincludelinear translation,fronto-paralleltransla-

tion, circularmotionabouta �x edtarget,etc. In general,theselectedmotionmodelshould

roughly correspondto the observed motion in the scene. If not, then the model �tting

proceduredescribedpreviously is not likely to succeed.
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Theexamplesin thisthesisusetwodifferentmodels:(1) thelinearmotionwith constant

velocity modeland(2) theHitchcock“Vertigoeffect” model.Thesemodelsaredescribed

in thefollowing two sections.

Linear Motion with ConstantVelocity Model

In thismodel,thestabilizedcamerashouldmoveataconstantvelocityalongastraightline

while looking in the samedirection. With linear motion, it is well-known that all image

featuresmoveradially to (or from) apoint calledthefocusof expansion[Horn 1986].

To usea linearmotionmodel,it is �rst necessaryto estimate(or specifyby hand)the

focusof expansion,which mayor maynot bein the�eld of view, andto �t radial linesto

theinitial featuretracks.

Next, theunstabilizedfeaturesaremappedto pointsontheradiallines.Thesepointson

theradiallinesbecomethetarget locationsof theunstabilizedfeatures.Often,theoriginal

featuresdo not map well onto the lines (seeFigure 6-4a), but in any casethe original

featuresaremappedto theclosestpointon theline.

Finally, the target locationsareredistributedalongthe lengthof the line accordingto

the constantvelocity assumption:astime progresses,pointsshouldmove monotonically

toward(or away from) thefocusof expansion.More speci�cally, theprojectionof a point

moving with constantvelocity should�t a log functionof theform alog ¤ t � t0 ¤

�

b, where

t is a time index anda, b, andt0 areunknown parameters.Theseparametersareestimated

for eachtargetlocation,andthey dependin someway on therelativedepthsof eachstruc-

ture point. The actualdepthsareunimportant,althoughproperdistribution of the target

locationshelpsensureaphysicallyplausiblecameramotion.

Hitchcock “Vertigo Effect” Model

In thismodel,thecamerasimultaneouslymovesforward(backward)andzoomsout (in) to

keepthesizeof aforegroundobjectconstant.Thismotionimitatesacinematographiceffect

madepopularby Alfred Hitchcock. Note that this motionmodelincorporateschangesin

both the intrinsic andextrinsic cameraparameters.As a result, the stabilizedvideo has

smoothmotionandzooming.
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Figure 6-5: An exampletriangulationthatis usedfor determiningtheproxy.

In the Hitchcockzoommodel, therearetwo classesof features:foregroundfeatures

andbackgroundfeatures.Foregroundfeaturesareconstrainedto remainstationary, while

backgroundfeaturesmoveradiallymuchlike in thelinearmotionmodel.Thefocusof ex-

pansionis takento bethecenterof theforegroundobject.Thebackgroundtargetlocations

areredistributeduniformly alongtheradiallines.

In this implementation,theforegroundfeaturesareselectedby hand.

6.4.3 Rendering

As the�nal step,thestabilizedimagesequenceis renderedusingnon-metricunstructured

lumigraphrendering. The executionof the renderingalgorithmproceedsas in previous

chapters,exceptthat thegeometryproxy is createddynamicallyfor eachframe. For each

desiredview, therenderer�rst computesthetriangulartessellationof thevisible structure

points. A structurepoint is deemedvisible in a desiredview if it is visible in the corre-

spondingoriginal view. An exampleproxy is shown in Figure6-5.

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

pixels in thereferenceviews usingtheplanarhomographiesH i jk. Eachreferencepixel is
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assignedaweightaccordingto thevanishingpointdistances,whicharecomputedusingthe

homographiesH i j ¥̃ . Field-of-view andresolutioncanalsobetakeninto account.Typically

k � 4 referenceimagesareusedateachpixel.

Oneadditionalmodi�cation to theoriginal ULR algorithmcanalsobeused.Because

arbitraryvideo sequencescancontainmoving objects(i.e., they violate the static scene

assumption),blendingmultiple imagestogetherfrom differentpointsin time canleadto

temporalartifacts.To alleviatethisproblem,theimagesusedto generateeachoutputimage

canberestrictedto asubsetthatfallswithin a temporalwindow of thedesiredimagetime.

In theexamplesusedin this thesis,a temporalwindow of 11 framesis used.Thatis, each

outputimagecontainscontributionsfrom at most11 images.At 30 frames-per-second,11

framescorrespondsto a temporalwindow of »

�

183secondson eithersideof thedesired

frame. The temporalwindow canbe madebigger(smaller)if the video containsslower

(faster)motions.

6.5 Examples

Thissectionpresentsthreeexamplesof thevideostabilizationtechniquein action.The�rst

two examplesusethelinearmotionwith constantvelocity model,while thethird example

usestheHitchcockVertigoeffect motionmodel. All of thevideosequencesareacquired

with a hand-heldvideo camerathathashadits own videostabilizationfeaturesdisabled.

All otherautomaticfeaturesof thecamerahavebeenenabled.

6.5.1 Example#1

Figure 6-6 demonstratesthe feature�ltering resultsfrom the �rst linear motion model

example. In this example,the hand-heldcamerais movedforward down a hallway. The

�gure plots themotionof the featurepointsover time. The tracksdrawn with solid lines

are the original featuresthat were tracked with automaticfeaturetrackingsoftware [Shi

andTomasi1994].Thetracksdrawn with reddottedlinesarethefeaturesasseenfrom the

stabilizedcameratrajectory. A small circle marksthe focusof expansionthat is usedfor

thelinearmotionmodel.
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Figure6-6: Featuretracksfor avideosequencewith forwardcameramotion.Theoriginal features

aresolid black, andstabilizedfeaturesare red dots. The featuresarestabilizedusing the linear

motionwith constantvelocitymodel,whosefocusof expansionis shown with acircle. An original

framefrom thesequenceis shown in thetop image.

Figure 6-7 shows examplerenderingsfrom the stabilizedvideo sequence.The �rst

column of imagesshows split-screencomparisonsof the original videos(left half) and

the stabilizedvideos(right half). The stabilizationis most clearly demonstratedby the

position of the red �ling cabinet(right-centerof the images). Note how the red �ling

cabinetremainsnearlystationaryin the stabilizedportion of the images,asthe direction

of motion is constrainedto be toward the top of the cabinet. In the unstabilizedimage

portions,thecabinetmovesup-and-down andleft-to-right in anuncontrolledway.

Thesecondcolumnof imagesin Figure6-7showstheassociatedfalse-colorvisualiza-
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Figure 6-7: Renderingsfrom the �rst video stabilizationexample. Stabilizedframes(right half)

arecomparedto original frames(left half) in split-screenimages(�rst column). The associated

false-colorvisualizationsareshown in thesecondcolumn.

tionsfor eachof thethreerenderedframes.Thevisualizationshavecircularshapessimilar

to thoseseenin the exampleof Section5.3.3,which suggeststhat the quasi-af�ne angle

measureis reasonable.Thesevisualizationsdo look slightly differentbecauseof the lim-

itation to only 11 imagesin eachrendering. This limitation causeslarge portionsof the

imageto to betakenfrom a singleimagein thevideosequence,which shows up aslarge

constant-colorareasin thefalse-colorvisualization.
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Figure6-8: Featuretracksfor avideosequencewith sidewayscameramotion.Theoriginalfeatures

aresolid black, andstabilizedfeaturesare red dots. The featuresarestabilizedusing the linear

motionwith constantvelocitymodel,whosefocusof expansion(notshown) is to theleft-handside

of theimage.An original framefrom thesequenceis shown in thetop image.

6.5.2 Example#2

Figure6-8 demonstratesthe feature�ltering resultsfrom thesecondlinearmotionmodel

example. In this example,the hand-heldcamerais moved sidewaysin a furniture-�lled

room. As before,thetracksdrawn with solid linesaretheoriginal features,andthetracks

drawn with reddottedlinesarethe featuresasseenfrom thestabilizedcameratrajectory.

Thefocusof expansion,althoughnot shown in this �gure, is off to theleft-handside.

Figure6-9 shows split-screencomparisonsof the renderedimages(right half) to the

135



Figure 6-9: Renderingsfrom thesecondvideostabilizationexample.Stabilizedframes(right half)

arecomparedto original frames(left half) in split-screenimages(�rst column). The associated

false-colorvisualizationsareshown in thesecondcolumn.

original images(left half). Note how the tables,railings, and other horizontal features

remainat thesameheightthroughoutthestabilizedhalvesof theimage.In theunstabilized

portions,thehorizontalfeaturesshow visible up-and-down deviationsfrom thestabilized

trajectory.

The secondcolumnof imagesin Figure6-9 shows the associatedfalse-colorvisual-

izationsfor eachof the threerenderedframes. The visualizationshave shapessimilar to

thoseseenin the exampleof Section5.3.2,which wasmadefrom a video sequencethat
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Figure6-10: Featuretracksfor avideosequencewith motionthatapproximatesHitchcock'sVertigo

effect. Theoriginal featuresareblacklines. Stationaryfeatures(on thebear)aremarkedwith bold

X' s. Theremainingfeaturesareconstrainedto move radially from thecenterof the�x edfeatures.

Thesefeaturesareshown with reddots. An original framefrom thesequenceis shown in the top

image.

alsoexhibitssidewaysmotion.The11cameralimitation is notasapparentin thisexample,

becausethesidewaysmotionpreventslargenumbersof camerasfrom beingvisible in any

singleview.
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6.5.3 Example#3

ThisexamplesimulatestheHitchcockVertigoeffectmotionmodel.Theunstabilizedvideo

attemptsto replicateHitchcock's Vertigo effect by simultaneouslymoving andzooming

the cameraby hand(Hitchcockuseda mechanicalapparatusin his movies). Even after

repeatedattempts,themanualresultsaremediocreat best.However, thestabilizedresults

are effective. The algorithm is able to stabilizeboth the motion of the cameraand the

variationof thefocal length.

The featuretrack comparisonsareshown in Figure6-10. As before,the original fea-

turesaresolid black.TheHitchcockVertigoeffect motionmodelis speci�edby �xing the

locationsof a setof features,whosepositionsaremarked with bold X' s. The remaining

featuresareconstrainedto move radially from thecenterof the �x ed features.Theradial

featuresareshown with reddots,asin previousexamples.

Figure6-11shows therenderingresultsfrom theHitchcockVertigoeffect example.In

this example,the teddybearis the focal objectwhoseposition is constrainedto remain

�x edin thevideoframe.Thebackgroundfeaturesareconstrainedto moveradially. In this

example,thestabilizationis dramaticenoughthatasplit-screencomparisonis unnecessary.

It is clearfrom theseimagesthatthebearstaysin thesamepositionin thestabilizedimages,

while it increasesin sizein theunstabilizedvideo. Note thatbackgroundobjectsthatare

occludedby the bearin someframesbecomevisible in other frames,indicatingthat the

backgroundis indeedmoving relative to theforeground.
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6.6 Summary

Thischapterhaspresentedmodi�cationsto theunstructuredlumigraphrenderingalgorithm

to make it suitablefor usewith non-metricimagecalibrationdata. Four aspectsof the

original ULR algorithmneedto bemodi�ed: theanglemeasure,thesimpli�ed resolution

measure,theproxy construction,andthevirtual view speci�cation.The�rst threeaspects

canbe accommodatedwith little trouble. However, specifyingthe virtual view in a non-

metricspaceis dif�cult. Theproposedsolutionis to specifythedesiredlocationsof image

featuresusingaprede�nedmotionmodel.

While the proposednavigation modeis non-intuitive, it is well-suitedto the task of

video stabilization,which is consideredin the secondhalf of this chapter. It is shown

how simpleimagemotionmodelscanbeusedto �lter themotionin anunstabilizedvideo

sequence.Theresultis asequenceof stabilizedcameraprojectionmatrices,whichcanthen

beusedwith thenon-metricULR algorithmto renderastablevideosequence.Thesuccess

of this techniqueis demonstratedwith threeexamples.
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CHAPTER 7

Time-Dependent Unstructured Lumigraph Rendering

Oneof the main drawbacksto light �eld or lumigraphtechniquesis the staticsceneas-

sumption:thatthesceneandlighting remainconstantwithin thecollectionof images.This

chapterconsidersarelaxationof thestaticsceneassumption:allowing asceneto varywith

time.

Adding time-dependenceto lumigraphsis conceptuallysimple.Theprimarydif�culty

lies in datasizeandacquisition. First, time-dependenceaddsan additionaldimensionto

lumigraphdata,which requiresmuchmorememoryresources.Second,acquiringtime-

dependentlumigraphdatais non-trivial. Oneneedstocapturemultipleimagesof adynamic

scenefrom dozensof differentviewpoints,adauntingtask.

However, with theever-increasingpowerof computers,time-dependentlumigraphsare

becomingpractical.It is not uncommonto seedesktopcomputerswith multiple gigabytes

of memoryandevenlargerharddisks.Thus,storagerequirementsarebecominglessof an

issue.Further, in recentyearsmulti-camerasystemshave beendevelopedthatcancapture

arraysof video datanecessaryfor a fully generaltime-dependentlumigraph[Ooi et al.

2001; Naemuraet al. 2002; Wilburn et al. 2002]. MIT hasits own 64-cameraarrayof

inexpensive1394videocameras(seeFigure7-1).

141



Figure7-1: MIT' s8 ¼ 8 arrayof videocameras.Thearraydeliversa64-imagelight �eld thatusers

caninteractwith in real-time.

In light of thesedevelopments,thereis agrowing needfor renderingalgorithmsthatcan

handletime-dependentdata.Thischapterdescribeshow to modify unstructuredlumigraph

renderingfor this purpose. Specialemphasisis placedon unstructuredtime-dependent

lumigraphs,thatis, lumigraphsthataresampledat irregularlocationsin spaceandtime.

7.0.1 Overview

The chapterbegins by describinga simpletime-dependentrepresentationof lumigraphs.

Next, the unstructuredlumigraphrenderingalgorithmis modi�ed to accommodatetime-

dependentdata.

The secondhalf of thechapterdescribesa specialtypeof time-dependentlumigraph:

thetime-periodiclumigraph.A time-periodiclumigraphcapturesascenethatrepeatsitself

inde�nitely. It is shown how time-periodiclumigraphscanbecheaplyandeasilyacquired

usingcontinuousvideofromasinglevideocamera.Theresultingtime-periodiclumigraphs

are irregularly sampledin both spaceand time, making them perfectcandidatesfor the
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modi�ed unstructuredlumigraphalgorithm.

7.1 Time-DependentLumigraphs

In previous chapters,a lumigraphconsistedof a geometryproxy, a collectionof images,

andtheprojectionmatricesPi associatedwith thoseimages.A time-dependentlumigraph

is de�ned to bea geometryproxy, a collectionof images,theprojectionmatricesPi , and

a timestampti associatedwith eachimage. Note that this is not the only way to de�ne a

time-dependentlumigraph(e.g., the proxy could alsobe time-dependent),but this is the

time-dependentlumigraphthatis consideredin this thesis.

The time-dependentimage-basedrenderingproblem is the sameas that de�ned in

Chapter3, if “calibratedimages”is taken to meancalibratedin both spaceandtime and

if the speci�cation of the desiredview includesa desiredtime tdes as well asa desired

projectionmatrix Pdes. A similar changeof interpretationappliesfor thede�nition of the

time-dependentradiancereconstructionproblem.

7.1.1 Time-DependentExtensionsto ULR

The modi�cations to ULR to supporttime-dependentrenderingaresimilar to thoseused

for handling�eld-of-view and resolutionissues. A time-dependentcorrelationfunction

RI � q � f � r � t 	 is de�ned,wheret is a timedissimilaritymeasurede�ned muchlike the�eld-

of-view andresolutiondissimilaritymeasures.Giventhetimedissimilarityt , themodi�ed

correlationfunctionis

RI � gen � q � f � r � t 	Q� RI � h � q � f � r � t 	�	$�

whereh � q � f � r � t 	 is thegeneralizedanglemeasurement(analogousto Equation4.7in Sec-

tion 4.2),givenby a linearcombinationof thedissimilaritymeasures

h � q � f � r � t 	Q� aq
�

gf
�

br
�

et
�

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

measure.
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Figure 7-2: A function that modi�es the time differencebetweentwo images. Imageswithin 1

frameperiodof oneanotherareconsideredequivalent,while differencesgreaterthan1 frameperiod

arepenalized.

Time Dissimilarity Measure

Given two radianceobservationswith timestampst1 and t2, a simple time dissimilarity

measureis their difference,

t �
¤ t1 � t2 ¤¨�

which is zerofor identicaltimesandincreasesunboundedfor differenttimes. For greater

control over the time dependentaspectsof rendering,it is useful to transformthe time

measureusing a function f � t 	 similar to thoseusedin Sections4.2.1 and 4.2.2 for the

�eld-of-view andresolutiondissimilarity measures.For example,the function shown in

Figure7-2 doesnot penalizea differencein time until a certainthresholdis passed.When

oneof thecamerascorrespondsto thedesiredview, thenthis measurestronglypenalizes

cameraswhentheir time stampdiffersby thethresholdamount.

Theoperationof this time dissimilaritymeasurehasa simpleinterpretation.It essen-
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tially selectscamerasthat are within a window of time centeredaboutthe desiredtime

tdes. Of course,the time window shouldbe “soft” so that the in�uence of a camerafalls

off continuouslyasthecameraleavesthe time window. Thewidth of the time window is

a parameterthat determinesa tradeoff betweenspatialandtemporalresolution. A wide

window admitsmore radianceobservationsinto the lumigraphandyields higherspatial

resolutionat the cost of temporalblurring. Non–moving featuresare well–de�ned, but

moving onesareblurred.A narrow window givesgoodtemporallocality, but mayresultin

sparselypopulatedspatialdimensions.Thetime window width is somewhatanalogousto

theexposuretime in traditionalcameras.

Given this time dissimilarity measurement,it is simple to apply the unstructuredlu-

migraphrenderingalgorithmto time-dependentdata.Themodi�ed correlationfunctionis

usedin placeof thenormaloneandrenderingproceedsasusual.

7.2 Time-Periodic Lumigraph Rendering

In this section,simple techniquesare presentedfor acquiringand renderinga restricted

classof time-dependentlumigraphs:time-periodiclumigraphs. A time-dependentlumi-

graphis time-periodicif thelumigraphat time t is identicalto thelumigraphat time t
�

T

for someT, which is theperiodof the lumigraph.If thesceneof interestexhibits period-

icity, thenit canberepresentedwith a time-periodiclumigraph.While this restrictionmay

seemextreme,time-periodiclumigraphscanrepresentusefulscenes(andobjects)suchas

peoplewalkingor running,turningwheelsandgears,or �ashing lights.

The techniquedescribedhereusesa singlehand-heldvideo camerafor time-periodic

lumigraphacquisition.Becausethesceneis assumedperiodic,asinglemoving videocam-

eracansuf�ciently samplethe lumigraphin spaceandtime. However, the resultinglu-

migraphis irregularly sampled,sounstructuredlumigraphrenderingis requiredto render

novel views from any point in space-time.

In orderto usethetime-dependentULR extensions,thepositionsof theinput cameras

mustbe known in bothspaceandtime. In Section7.2.1,a simplespace-timecalibration

techniqueis described.Then,in Section7.2.2someexamplesof time-periodiclumigraphs
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aredemonstrated.

7.2.1 Time-Periodic Lumigraph Acquisition

Time–periodiclumigraphacquisitionis essentiallyequivalentto calibratinga camera(i.e.,

determiningits position)in bothtimeandspace.

Calibration in Time

To calibratethe camerain time, the periodof the sceneis soughtin termsof the period

of the camera.The sceneis assumedto exhibit periodicmotion with �x ed periodTscene.

The video camerahasa �x ed samplingperiod,which is taken to be Tcam � 1. With the

camera's position�x ed, the sceneis recordedfor enoughtime to capturemultiple (10 or

20) periodsof motion (the imagesin this videoarenot usedin the �nal lumigraph). The

video is manuallyinspectedto determinetwo widely spaced(in time) framesthatappear

identical. Thenumberof sceneperiodsandthenumberof framesbetweenthosetwo key

framesarecounted.Then,theperiodof thescenecanbeexpressedas

Tscene�

#f rames
#periods �

Now, givenTsceneandtheframenumberof any videoframe,thetime in thescene's period

atwhich thevideoframewastakenis

tperiodic � f rame# modTscene�

Calibration in Space

Next, thesceneis recordedwith amoving videocamera.Theimagesfrom thisvideoform

thebasisof thelumigraph.Caremustbetakenthat thecamerais not movedin a periodic

motionthathasa periodproportionalto Tscene, or elsethesamplingwill beinadequate.In

addition,thecamerashouldbemovedin a region of spacethatcoincideswith thedesired

viewing region of the lumigraph. The length of the video is determinedby the desired

numberof spatialsamplesin a time window of thelumigraph.On average,thenumberof
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Figure 7-3: Theresultsof space-timecalibration.Thetop plot shows themotionof thecamera(in

x), andthebottomplot shows thecamerapositionsremappedinto oneperiodof thelumigraph.

spatialsamplesin any timewindow of width 1 is givenby

#samples �

#f rames
Tscene

�

Therequiredlengthof thevideosequencecanbedeterminedfrom thisequation.

To calibratethecamarain space,the time–varyingelementsof thesceneareignored,

andstandardcomputervision techniquesfor staticscenesareapplied(seeChapter5 for

someexampletechniques).In this implementation,the time–varying elementsareman-

ually segmentedfrom the static elements. Sincethe time–varying elementstend to be

localized,this segmentationis trivial. This approachhasthe limitation thatat leastsome

portionof thescenemustbestaticfor traditionalcomputervision algorithmsto work. If

onecandeterminethepositionof thecameraby othermeans(suchaswith amotioncontrol

rig or motionsensors),thenthis limitation canberemoved.

Someresultsof thespace-timecalibrationareshown in Figure7-3. Thetopplot shows

the positionof the cameraagainstabsolutetime. Only the x coordinateis shown, asthe
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Figure 7-4: A zoomedview of a unit width time window superimposedon top of thespace-time

plot. Thewindow contains14cameras.

camerawasmoved(mostly)horizontallyin anoscillatingpattern.In thebottomplot, the

positionsareremappedinto oneperiodof thelumigraph(Tsceneis about150frames).This

secondplot canbe usedto judgethe uniformity of the sampling. Ideally, the space-time

planewould beuniformly sampled.Thecasein Figure7-3 is far from ideal,althoughit is

goodenoughto makeconvincing renderings.

7.2.2 Examples

Two time-periodiclumigraphscapturedusingthetechniquedescribedin Section7.2.1are

shown in Figures7-5 and 7-6. The �rst is a scenecontaininga rotating lamp. It was

capturedby waving a hand-heldvideocamerain front of thelampfor a minuteor so. The

periodof the lamp is about150 video frames,andabout2000video framesareusedin

the lumigraph. This leaves,on average,about13 spatialcamerasper unit time window.

Figure7-4 illustratestheactionof the time window. Theunit time window shown has14
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temporallycloseimagesthat(primarily) contributeto thedesiredimage.

Threeimagesfrom thelamplumigraphareshown in Figure7-5. Theimagesshow the

cameramoving left andright with the lamp turning. Note that the virtual cameramoves

horizontallybecausethelumigraphsonly exhibit parallaxin thatdimension.

While theseimagesdemonstratetheviability of theapproach,they alsoexhibit a num-

ber of artifacts. First of all, the spatialresolutionis very low (only 13 camerasper unit

timewindow), sothereis someimagedoublingandblurring in theimages.These“out-of-

focus”effectsarelargelydueto usingasingleplaneasthegeometryproxy. Theseartifacts

areespeciallynoticeablein moving lumigraphs,andevenmoresoin unstructuredones,as

it appearsthattheout-of-focusregionsare“dancing”relativeto thefocusedregions.These

problemsare new to lumigraphrenderingsinceunstructuredtime-dependentlumigraph

datahasneverbeforebeenavailable.

The secondtime-periodiclumigraphdepictsa helicopterwith rotating blades. The

sceneperiod is only about15 frames. About 900 video framesare used,achieving on

average60 spatialsamplesper unit time window. The resultsare much better for the

helicopter(lessimagedancing)becauseof thehigherspatialresolution,althoughthefaster

motionproducesmorenoticeabletemporalblurring (which is alsopresentasmotionblur

in theoriginal video).Figure7-6showsthreevirtual imagesof thehelicopterlumigraph.

7.3 Summary

This chapterhaspresentedsimple techniquesfor extendingunstructuredlumigraphren-

deringto time-dependentscenes.Thesetechniquesaredemonstratedon a speci�c typeof

time-dependentlumigraph,thetime-periodiclumigraph.

Time-periodiclumigraphsrepresentscenescontainingperiodicmotion. A methodfor

acquiringtime-periodiclumigraphsis outlined. Thedistinguishingfeatureof this method

is that it usesa singlecontinuousvideosequencefrom onevideocamerato constructthe

lumigraph. The resultingtime-periodiclumigraphsareirregularly sampledin both space

andtime,which is well-suitedto thetime-dependentULR algorithm.
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Figure 7-5: Threevirtual views of a rotatinglamp.
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Figure 7-6: Threevirtual views of ahelicopterwith spinningrotors.
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CHAPTER 8

Conclusions and Future Work

Image-basedrenderinghasbecomea popularalternative to traditional three-dimensional

computergraphicsbecauseof its promiseto deliverphotorealisticimagesatreal-timerates.

This popularityis demonstratedby therecentdevelopmentof a wide varietyof rendering

algorithmsandby thesuccessof commercialsystemsusingimage-basedrepresentations.

This thesisintroducesa new image-basedrenderingalgorithmcalledunstructuredlu-

migraphrendering.ULR is designedto producehigh-qualityimagesgivenany available

inputs(inputsconsistof imagesandscenegeometry).In doingso,it subsumesmostearlier

algorithms,which canbe largely distinguishedby limitations in the typesof inputsthey

acceptor do not accept.This �e xibility allows ULR to generateviews from input con�g-

urationsthat areunsuitablefor any previous algorithm,suchashand-heldvideo camera

footagewith looming motionsor imagesof a time-dependentscenethat are irregularly

sampledin space-time.
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8.1 Futur eAr easof Research

While unstructuredlumigraphrenderingsolves many image-basedrenderingproblems,

therearestill many dif�cult problemsthat remain. The following sectionsdetail weak-

nessesin the currentULR approachand suggestspotentialsolutionsthat deserve more

investigation.

8.1.1 Better ImageCorr elation Functions

The imagecorrelationfunctionusedin Chapter4 providesa reasonableimagemodelfor

addressingimagereconstruction,but it hassomedrawbacks.Oneproblemis theassump-

tion that the sameimagecorrelationfunction is appropriatefor eachpixel in the desired

view. This assumptionis oftenmadebecauseit simpli�es thecalculationsandmakesde-

terminingthe correlationfunction easier. However, in many cases,it would be betterto

haveaspatially-varyingimagecorrelationfunction.

As anexample,considerthesequenceof imagesthatresultsfrom moving avideocam-

eratowardanobject.Whenthecamerais far from theobject,theimageprobablycontains

theobjectof interestplusmany others.As thecameramovestowardtheobject,theobject

becomesprominentin theimages.Whenthecamerais very closeto theobject,theobject

generally�lls the�eld-of-view of thecamera.In thisexample,it is clearthatPsame� q 	 , the

probability that two pixels lie on thesameobject,variesasthecameramovestoward the

object.

Spatialvariationsin the imagecorrelationfunction would be expectedin an image-

basedrenderingapplicationwith anapproximatescenegeometry. In areaswherethege-

ometryapproximationis good, the imagecorrelationfunction shouldhave the “close to

object” form. In areaswherethegeometryproxy is poor, thecorrelationfunctionshould

re�ect “f ar from object” behavior. Suchspatialvariationwould provide a more“optimal”

solutionto theradiancereconstructionproblem.

Suchavariationcouldbeaccommodatedby manipulatingtheparametersof theanalyt-

ical imagecorrelationfunctiongiven in Equations4.4 and4.5. Of course,somemeasure

of the�delity of thegeometryproxy is alsorequired.
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8.1.2 Non-staticVideo

Oneof themostcompellingapplicationsof ULR is renderingfrom simplevideosequences.

This ability is extremelypowerful andgreatly simpli�es the acquisitionof image-based

scenes.However, the ULR algorithmdoesnot work for every video sequence.It is re-

strictedto videosequencesof staticscenes:scenesin which objectsdo not move andthe

lighting doesnot change. Equivalently, ULR is restrictedto videosin which all image

variationis dueto motionof thecamera.

It would bea greatadvanceto extendrenderingtechniquesto handlevideosequences

with moving objects,variablelighting, or both. In suchanalgorithm,avirtual view would

bespeci�ednot only by theprojectionmatrix of a camera,but alsoby thedesiredlighting

of the sceneandthe desiredpositionsof objectsin the scene.Interactive techniquesfor

doing theseoperationson a singleimagehave beendeveloped[Oh et al. 2001],but these

techniquesdo notgeneralizewell to video.

Oneway to handlemoving objectsis to segmentthe video framesinto different re-

gions,whereoneregion representsa staticbackgroundandthe otherregionscorrespond

to differentmoving objectsin thescene.Then,new views of thestaticbackgroundcanbe

generatedusingstandardunstructuredlumigraphrenderingtechniques.Holesin theback-

ground(from removedforegroundobjects)canbe�lled in usinga modi�ed versionof the

�eld-of-view measure.

The moving objectscanbe recompositedinto the sceneusing,for example,textured

billboards.A texturedbillboardis simply a two-dimensionalplanarsurfacewith animage

mappedon it. Theimagecanbemovedslightly by changingthepositionof thebillboard.

In this case,thetexturedbillboard is essentiallya time-dependentunstructuredlumigraph

with only oneimagepertime instantandaplanargeometryproxy.

8.1.3 Multi-Image Editing

Manipulatingobjectswithin anunstructuredlumigraphis usefulevenfor staticscenes.A

similar segmentationapproachcan be usedfor this task. This segmentationeffectively

partitionstheunstructuredlumigraphinto multiple unstructuredlumigraphs,onefor each
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region.

By manipulatingeachlumigraphseparately, individualobjectscanbemovedrelativeto

oneanotherandcompositedinto new images.Onedrawbackis thatthelighting of thestatic

scenemoveswith theobjects,so this approachmayonly besuitablefor smallmotionsor

for scenesin which thelighting is predominantlyambient.

Eachof thesub-lumigraphscontainsonly a subsetof thepixels from theoriginal im-

ages. It is interestingto considerwhat to do with the “holes” in the images. It seems

necessaryto distinguishtwo typesof holes:backgroundholesandforegroundholes.

A backgroundhole is a hole in a lumigraphthat shouldremaina hole (i.e., the back-

groundshouldshow through). Whenthe lumigraphis compositedon top of other lumi-

graphs,theotherlumigraphsshouldbeseenthroughthehole. Theseholesareeasilyrep-

resentedusingtransparency in thelumigraphimages.

A foregroundhole is causedby an objectthat is in front of another. Whenrendering

a lumigraphwith foregroundholes,theseholesshouldbe�lled in usingnearbyimagesin

the lumigraph. The rationaleis that the foregroundholemight containpartially occluded

objectsthatarevisible in otherviews. Theseviews canbeusedto �ll in thehole. A good

exampleof this is abackgroundlumigraph,whichcontainsforegroundholeswhereobjects

havebeensegmentedout.

8.2 Conclusion

Unstructuredlumigraphrenderingpossessesanumberof propertiesthatmakeit well-suited

to many renderingtasks.For maximum�e xibility , ULR admitsunstructuredinputs,both

in termsof placementandnumberof imagesaswell asin thepixel correspondence(e.g.,

scenegeometry)speci�cation. It alsoallows simpleandintuitive navigationso thatusers

have completecontrolover thevirtual view. After applyingnumberof optimizations,the

algorithmis ef�cient enoughto run in real-time,makingit suitablefor interactiveapplica-

tions.

Unstructuredlumigraphrenderingtakesadvantageof pixel correspondenceinforma-

tion, whenavailable,to generatequality renderingswith sparseimageinformation.It also
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combinesimagesin a view-dependentway 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 disregardsinput imageswhoseapparent

resolutiondiffer signi�cantly from thatof thedesiredview.

Unstructuredlumigraphrenderingis alsovery easyto extendto othermodalities. Its

simplenotionof a viewing ray distancecanbeeasilyextendedto includeotherfactors,as

demonstratedwith time-periodiclumigraphs.Unstructuredlumigraphrenderingcanalso

bemodi�ed toworkwith non-metricscenerepresentations,furtherextendingitsusefulness.

Although virtual navigation becomesmuchmoredif�cult, a non-metricrepresentationis

still useful,asshown by applyingit to thepracticalproblemof videostabilization.
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