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Abstract

Oneof thecentralproblemsin computergraphicsis real-timerenderingof physicallyilluminated,

dynamicenvironments.Thoughthe computationneededis beyond currentcapability, specialized

graphicshardwarethat renderstexture-mappedpolygonscontinuesto get cheaperandfaster. We

exploit this hardware to decompress“animations”computedoffline usinga photorealisticimage

renderer. The decodedimageryretainsthe full gamutof stochasticray tracingeffects, including

indirectlighting with reflections,refractions,andshadows.

Ratherthan1D time,ouranimationsareparameterizedby two or morearbitraryvariablesrepre-

sentingviewpoint positions,lighting changesandobjectmotions.To bestmatchthegraphicshard-

warerenderingto theinput ray-tracedimagery, we describea novel methodto infer parameterized

texturemapsfor eachobjectby modelingthehardwareasalinearsystemandthenperformingleast-

squaresoptimization.Theparameterizedtexturesarecompressedasa multidimensionalLaplacian

pyramidonfixedsizeblocksof parameterspace.Thisschemecapturesthecoherencein animations

and,unlike previous work, decodesdirectly into texturemapsthat load into hardwarewith a few,

simpleimageoperations.High-quality resultsaredemonstratedat compressionratiosup to 800:1

with interactive playbackon currentconsumergraphicscards.

To enableplausiblemovementaway from and betweenthe pre-renderedviewpoint samples,

we extendthe ideaof parametrictexturesto parametricenvironmentmaps.Segmentingtheenvi-

ronmentinto layers,andpicking simpleenvironmentalgeometrythat closelymatchesthe actual

geometryof theenvironmentbetterapproximateshow reflectionsmove astheview changes.Un-

like traditionalenvironmentmaps,we achieve local effectslike self-reflectionsandparallaxin the

reflectedimagery.

Finally, weintroducehybridrendering,aschemethatdynamicallyray tracesthelocalgeometry

of refractive objects,but approximatesmoredistantgeometryby layered,parameterizedenviron-

mentmaps.To limit computation,we usea greedyray pathshadingmodelthatprunesthebinary

ray treegeneratedby refractive objectsto form just two ray paths.We alsorestrictray queriesto

trianglevertices,but performadaptive tessellationto shootadditionalrayswhereneighboringray

pathsdiffer sufficiently. We demonstratehighly specularglassobjectsat a significantlylower and
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morepredictablecostthanray-tracing,andanticipatefuturesupportfor localray-tracingin graphics

hardwarewill make this approachideal for real-timerenderingof realisticreflective andrefractive

objects.
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Chapter 1

Intr oduction

Computergraphicsis aboutgeneratinganimagefrom anabstractdescriptionof a world which can

be either real or imaginary. Perhapsoneof the more fascinatingapplicationsof computersis in

renderingimagesthat aresufficiently realisticso asto be indistinguishablefrom reality. In addi-

tion to beingvisually appealing,theability to generatesuchrealisticimageshasapplicationsthat

permeateall aspectsof our lives. Commonapplicationstodayarecomputer-aideddesign,realis-

tic visualizationof scientificphenomenon,photorealisticcomputergames,andcomputer-generated

animatedfilms. In thenearfuture,we canimagineaugmentedreality applicationsin medicineand

engineering,telepresencein virtual meetings,anduserfriendly three-dimensionalhuman-computer

interfacesin ubiquitouscomputing.

Thecentralproblemin computergraphicsis real-timerenderingof physically-illuminated, dy-

namic environments. Over the past few decades,researchersin computergraphicshave made

tremendousprogresstowardsattainingthis goal. Their efforts canbebroadlycategorizedinto two

areas:realisticimage synthesisandinteractiverendering.

In the areaof realistic imagesynthesis,the challengehasbeenhow to accuratelymodel the

world, modeling, andhow to accuratelysimulatethe transportof light to generatean image,ren-

dering. In addition,assumingtheworld is not static,thereis thechallengeof describingthemotion

of objects,animation. Thequestfor realismhasincreasinglyleadto moreaccuratesimulationof

physicalprocessesthatarevisually perceptible.Unfortunately, thesemethodsareby their very na-

turehighly computationallyintensive andconsequently, aresofaronly usefulfor offline rendering.

Popularanimatedfilms today, for exampleToy Story, usesuchphotorealisticrendering,andrequire

severalhoursperframe.

In contrast,researchersin interactive renderinghave beenprimarily concernedwith produc-

ing the bestpossibleimageswithin a fixed time interval. This interval is governedby the abil-

ity of the humanvisual systemto perceive continuousmotion in discreteframes,the fusionrate,

1
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which is around20 Hz. Thestringenttiming requirementsof interactive graphicsapplicationshas

constrainedthe choiceof renderingalgorithmsto what canbe feasiblyimplementedin hardware.

Thoughthis hardware,generallyreferredto asthegraphicspipeline, hasincreasedin performance

andfunctionalityover severalgenerations,it is still relatively crudein its ability to renderrealistic

imagescomparedwith softwarealgorithmsusedin offline rendering.

In this work, we attemptto bridge the gapbetweenrealistic imagesynthesisand interactive

rendering.Thoughthecomputationneededto performhighly realisticinteractive renderingis be-

yond thecurrentcapability, traditionalgraphicshardwarecontinuesto get cheaperandfaster. We

exploit thishardwareto efficiently compressoffline renderedmulti-dimensionalparameterized“an-

imations”. Theseanimationscanbedecodedinteractively usinggraphicshardwareandexhibit the

full gamutof realisticimagesynthesiseffects,suchasindirectlighting with reflections,refractions,

andshadows.

1.1 ParameterizedImageSpaces

Ratherthan simply being one dimensionalin time, our animationsareparameterizedby two or

morevariablesrepresentingviewpoint positions,lighting changesandobjectmotions. Figure1.1

illustratesanexampleof a 2D parameterizedimagespacecombiningviewpoint movementalonga

1D trajectorywith independent1D rotationof aring object.Theindividual imagesin thisfigureare

renderedby ray-tracing, presentlythe mostpopularmethodof generatingrealistic images.Note

the accuratelighting, realistic local reflections,refractionsandsoft shadows in eachimage. This

qualityof renderingcannotbeattainedin real-timeusingpresent-daygraphicshardware.

Themain objective in this work is to give theusertheability to interactively navigatethepa-

rameterizedimagespaces.Thismeanstheusershouldbeableto movethroughthespacein anarbi-

trary directionandsimultaneouslyalongmorethanonedimension.This is in contrastto watching

computer-generatedanimatedfilms wherethereis a singledimensionandwherewe cycle through

the imagesin a fixedorder. Below, we presentthreeexampleapplicationsof parameterizedimage

spaces.� Visualizing ComplexMachinery

Onepossibleapplicationof parameterizedimagespacesis in visualizingcomplex machinery.

In this space,we would like to beableto watchthemachineryanimatewith time. In addi-

tion, we would like to beableto watchthis animationfrom any point alonga 1D circle that

surroundsthemachineryor, perhaps,from any point on the2D hemispherethatenclosesit.

Theability to seetheanimationfrom any point in the2 or 3-dimensionalspaceenablesusto

betterunderstandhow themachineryworks.
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Figure1.1: Example of a 2D parameterizedimagespace.Thisspacecombinesviewpoint move-
mentalonga1D trajectorywith independent1D rotationof thering object.� RealisticCockpit Rendering in a Flight Simulator

Anotherexampleapplicationis in producingarealisticcockpitrenderingin aflight simulator.

In thisspace,thepossibleparametersareheadposition,thediscretepositionsof theswitches

andknobsin thecockpit,andthetime of day. Accountingfor headpositionallows for view

dependenteffectssuchasglossyandspecularreflectionsin the interior of thecockpit. The

switchesandknobsin thecockpitcontrolthedisplaysandLEDs,andthuseffect thelighting

emittedin the interior. The time of day effects the amountof outdoorlighting transported

throughthe cockpit windows. Taken together, theseparametersallows for a high level of

imagerealismin theinteriorof acockpit.� Interacti ve Animated Film

A third exampleapplicationis in makinganinteractive versionof ananimatedfilm, like Toy

Storyfrom PixarAnimationStudios.In thisexample,oneparametercanbelimited viewpoint
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motion. In a virtual reality setting,theability to seeparallaxcorrespondingto headmotion

givesamuchmoreimmersiveeffect. By trackingheadmotionusingahead-mounteddisplay,

andallowing for limited headmovementsneartheoriginal trajectory, we cangive theperson

watchingthefilm thesenseof actuallybeing“in thescene”.

Anothersetof possibleparametersarecharacterparameters.Recently, therehasbeenmuch

work in characteranimationto realizesomevery rich animationswith a minimal number

of user-controlledparameters[Ros98, Gle98, Pop99]. We can imaginehaving parameters

thatcontrol theemotionalstatesof leadingcharactersin ananimatedfilm. For example,by

controllingthehappinessor sadnessof Woodyin Toy Story, wecaneffecthow Woodywalks

andhis facialexpressions.

As wehavejustshown, therearemany possibleparameters.It is theresponsibilityof thecontent

authorto decidethedimensionalityof theimagespace,whatparametersthedimensionsrepresent,

andhow denselyto samplethespace.

Before describingour systemarchitecturefor interactively displaying parameterizedimage

spaces,we briefly describethe algorithmsthat have beendevelopedfor realistic imagesynthesis,

andthegraphicspipelineimplementedfor interactive renderingin thenext two sections.

1.2 Realistic Image Synthesis

Theemergenceof rastergraphicsin thelate1960s,whereeachpointonadisplayscreen,or pixel, is

representedby acolorvaluemadeit possibleto portraythesurfaceappearanceof three-dimensional

objects. The first modelsfor shadingsurfacesweredevelopedby Bouknight [Bou70], Gouraud

[Gou71], andPhong[Pho75]. Thesemodelswereadhoc, in thatthey werenotdevelopedbasedon

physicalprinciples.Themodelswerealsolocal, in thateachsurfacewasshadedwithoutconsidering

any othersurfacesin theenvironment.Thus,theimagesgenerateddid not accountfor reflectionof

light betweensurfaces,andshadows causedby theobstructionof light sourcesweremissing.

The first algorithm that took global illumination phenomenainto accountwas developedby

Whitted[Whi80]. Thisalgorithm,known asray-tracing, workedby recursively tracingraysthrough

anenvironmentstartingwith raysemanatingfrom theeye-point.Thus,it couldaccountfor indirect

lighting in theform of reflections,refractionsandshadows. Therehave beenmany improvements

to thebasicray tracingalgorithm[Gla89]. Cooketal. introducedstochasticraytracing[Coo84a] to

handleglossyreflectionsandsoft shadows,Wardetal [War88] introducedamethodfor incorporat-

ing diffuseinterreflectionbetweensurfaces,andShirley [Arv86] introducedtheuseof backwards

ray-tracingto rendercaustics.Recentmethodsfor increasingtherobustnessandefficiency of these

techniquesincludethework of Shirley [Shi95], Jensen[Jen96], andVeach[Vea97].
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While ray-tracingsimulatedthe transportof light in an environment,modelswereneededto

describetheinteractionof light with thesurfacesthattheraysintersected.Inspiredby work from the

fieldsof radiative heattransferandillumination engineering,Blinn [Bli77] andCookandTorrance

[Coo82] introducedthe first local reflectionmodelsthat were physically based. Kajiya [Kaj85]

generalizedtheCook-Torrancemodelto handleanisotropicsurfacessuchasbrushedmetals,cloth

andhair. Models to handlefurry materialswerealso introduced[Kaj89, Mil88]. More recently,

modelsthat accountfor subsurfacescatteringin translucentmaterials,suchasmarble,skin, and

milk, have beendeveloped[Han93, Sta95, Dor99, Pha00, Jen01].

In themid 1980s,radiositymethodsfrom thefield of radiative heattransferbeganto beapplied

to realisticimagesynthesis[Gor84]. Theseview-independentmethodswereusedto solve for the

interreflectionof light in anenvironmentconsistingof ideal(Lambertian)diffusesurfaces.As with

ray-tracing,therehave beenmany improvementsto thebasicalgorithm[Coh93]. While radiosity

methodswerelaterextendedfor glossyandspecularsurfaces[Imm86], they aretypically not used

to simulatedirectionallighting effects,andareinsteadcombinedwith ray-tracingsolutions[Wal87,

Sil89, Shi90, Che91].

Theearlyrenderingalgorithmsmodeledlight aspoint sourcesor asdistantdirectionalsources.

VerbeckandGreenberg [Ver84] observed thataccuratelighting requiresmodelingthegeometryof

thelight sourceandtheintensitydistribution asafunctionof wavelengthanddirection.Accounting

for thegeometryof a light sourceenabledthemto createtheeffect of penumbraon partially shad-

owed geometry. Modeling the intensitydistribution madepossiblelight patterneffects typically

seenin realenvironments.

Kajiya [Kaj86] introducedthe renderingequationin 1986which tied togethertheillumination

models. Kajiya accountedfor the transportof light in an environment throughan integral that

consideredtheincominglight distribution,thesurfacebidirectionalreflectancefunction,theemitted

light, andthescatteringof light throughaninterveningmaterial.

As shadingmodelsandlighting modelsbecamemorecomplex, it becameevident thatshading

systemsthat uniformly evaluateda singleparameterizedshadingexpressionfor all surfaceswere

both inadequateandinefficient. Cook [Coo84b] introducedshadetreesthat allowed flexible tree-

structuredexpressionsfor surfacereflectancemodels,light sourcemodels,andatmosphericeffects.

Perlin[Per85] took theideafurtherby allowing theshadingexpressionsto bespecifiedusinga full

programminglanguage.HanrahanandLawson[Ren89, Han90] broughttogetherfeaturesof Cook

and Perlin’s systemsin an abstractshadinglanguagecalled RenderMan, presentlythe standard

languagefor writing shadingexpressions.A majorfeatureof this languageis thatit is independent

of any specificillumination models,softwarealgorithmsor hardwareimplementations.It hasbeen

foundthatbecausesurfacereflectancemodelsareoftenphenomenologicallybased,many materials
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aremoreeasilydefinedwith procedurallydefinedshadersthanwith mathematicalformulae.

In conclusion,muchprogresshasbeenmadetowardsoffline renderingof realisticimages.In

thiswork, weseekto exploit thesemethodsto interactively renderparameterizedimagespacesat a

comparablelevel of realism.

1.3 Interacti veRendering

In parallelto thedevelopmentof realisticimagesynthesistechniquesis thedevelopmentof inter-

active renderingsystems.Interactive renderingsystemsgenerallystrive to produceimageswith the

highestdegreeof imagecomplexity andrealismat interactive rates.In pursuitof thisgoal,systems

thattakeadvantageof specializedhardwarehave beenbuilt. Architectsof thesesystemshave grap-

pledwith severalchallengingquestions.Theseincludewhatrenderingprimitivesto support?how to

effectively exploit parallelism?how to designmemorysystemsto maximizethroughput?andwhere

to draw theline betweenspecializedhardwarecomputationandgeneralpurposecomputation?

The graphicssystemsthat have beenbuilt canbe classifiedby generations,Akeley [Ake93],

whereeachgenerationis characterizedby thetargetrenderingcapabilitiesfor whichperformanceis

maximized.Thefirst generationof graphicshardwarein late1970sandearly1980swasprimarily

goodat drawing wireframemodelsof 3D geometry. Theimplementationof deepframebuffersand

hiddensurfaceeliminationin thesecondgenerationof hardwarein thelate1980smadeit possibleto

efficiently draw Gouraudshadedpolygons.In theearly1990s,thethird generationof machineswith

fastpolygontexturemappingcapabilitiesandanti-aliasingwereintroduced.Wearepresentlyin the

fourth generationof graphicshardware,in anextensionof theclassificationby Hanrahan[Han97],

wherehardwareis particularlygoodatflexible lighting, shadingandtexturing of polygons.

One commoncharacteristicof interactive renderingsystemsis that they employ a standard

graphicspipelinefor rendering,illustratedin Figure1.3.Thedistinguishingfeatureof thispipeline

is that it projectsgeometricprimitives to the screen,ratherthan tracing rays from the eye-point

into the image.We will make this distinctionmoreconcretebelow. Thefunctionalityprovidedby

thegraphicspipelineis exposedto theprogrammerin theform of applicationprogramminginter-

faces(APIs). Two very similar APIs commonlyusedtodayareOpenGL(OpenGraphicsLibrary)

[Seg92, Nei93] andDirect3D[DX8].

The imagein Figure1.4(b) is representative of what canberenderedon hardwarethat imple-

mentsthe graphicspipeline. To make clear the capabilitiesand limitations of this pipeline, we

briefly explainhow this imagewasgenerated.A morecompletedescriptionof thegraphicspipeline

canbefoundin [Fol90].

As illustratedin Figure1.3, thepipelineconsistsof four stages.In thefirst stage,thegraphics



CHAPTER1. INTRODUCTION 7

Rendering



Commands

� Geometry


Transformation

and Lighting


Rasterization



and Texture


Mapping

� Framebuffer




Composition

�
and Display


Figure1.2: The graphicspipeline in interactive rendering systems.

applicationperformsrenderingcalls throughthe API to definethe imageto be rendered.In our

example,callsaremadeto definethesurfacegeometryof eachobject,thetexturesthataremapped

ontoeachsurface,thematerialpropertiesof thesurfaces,andthelighting in theenvironment.

Thesurfacegeometryof objectsis typically definedin termsof triangles.In thesecondstage,

the trianglesareprojectedfrom their 3D positionsin spaceto the 2D screenusinga perspective

mapping. Color valuesarealsocomputedfor eachvertex basedon the specificmaterialparame-

tersandgenerallighting conditions.In theexampleimage,therearetwo lights in theenvironment

which aremodeledaspoint sources.All the vertices,except thosefor the cup, are lighted using

a combinationof a simplediffusereflectionmodel,computedfor eachlight sourceindependently,

andaglobalambientilluminationconstant.Thespecularhighlightsonthevaseareaddedseparately

usinga simplified versionof the Phongspecularreflectionmodelsupportedin hardware. For the

cup,which is modeledasa purelyreflective object,environmentmaptexturecoordinatesarecom-

putedpervertex by takingthedirectionof thereflectionrayateachvertex andintersectingthiswith

afinite cubewhosebottomrestson thetableandothersidesextendto thewalls in theenvironment.

In the third stage,the trianglesarescanconvertedto identify thepixels thatarein the interior

of triangles.Thesepixelsareshadedby interpolatingthecolorvaluesat theverticesusingGouraud

interpolation. In addition,the shadedpixel colorsaremodulatedwith texture valuesby indexing

into texturemaps.Thepervertex texturecoordinatesareinterpolatedto computeperpixel texture

addresses.In our exampleimage,static 2D texture imagesare mappedonto all objects,except

for the vaseandcup. In the caseof the cup, the environmentmaptexture coordinatesat the ver-

tices,dynamicallycomputedin theprevious stage,areinterpolatedandusedto index into a static

environmentmap.

Theshadows seenin the imagearealsocomputedin the third stageby performinga separate

renderingpassfor eachlight source.Thestateof shadow of eachpixel is determinedby indexing

into a precomputedshadow map,specificfor a particularlight source,andmodulatingtheshadow

resultwith theoverallshadedandtexturedvalue.Theshadow resultdependsonwhetherthesurface

point is theclosestpoint directlyvisible to thelight source.

In the laststageof thepipeline,a Z-buffer algorithmis usedto eliminatehiddensurfaces,and
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Figure1.3: Trend in textured pixel fill rate for commodity PC graphics cards. Dataobtained
from [NV].

pixels that are found to be visible arecompositedwith the framebuffer. The imageis alsoanti-

aliasedby supersamplingtheimageandfiltering aneighborhoodof pixels.Finally, theimagestored

in theframebuffer is gammacorrectedanddisplayedon thescreen.

In recentyears,the graphicspipelinehasseendrasticimprovementsin both absoluteperfor-

manceandcost/performance.Figure1.3shows thetrendin texturedpixel fill rateover thelastfour

yearsfor commodityPCgraphicscards.As shown, therehasbeena twenty fold increasefrom 50

million to 1 billion texturedmappedpixelspersecond.Othermetricsof graphicsperformance,such

asthetriangletransformationratehavealsobeengoingupcorrespondingly. Theseimprovementsin

performanceandcostcanbeattributedto bothbetterarchitecturalimplementations,suchastheuse

of textureandvertex cachesto reducememorybandwidthrequirements,andbettersemiconductor

technology, enablingthe useof higherclock frequencies,more transistorsto exploit parallelism,

andfewercomponentsto build acompletesystem.

Figure1.4 comparesthe graphicspipeline imagewith oneproducedusinga ray-tracer. The

ray-tracedimageis clearlymorerealistic. In the ray-tracedimage,we seeaccuratelighting, local

reflections,refractionsandsoft shadows. In contrast,the local reflectionsbetweenthe vase,cup

andtablearemissingin the imageproducedby the graphicspipeline,we areunableto simulate

refractionsin theglasscup,andtheshadows have hardboundaries.
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 (b) Graphics Pipeline Hardware
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Figure1.4: Comparison betweenray-tracing and graphicspipeline rendering.

Thediagramsbelow thecorrespondingimageshelp usbetterunderstandthe fundamentaldif-

ferencebetweenthesetwo kinds of rendering. With ray-tracing,reflective andrefractive objects

mapeachincomingray into a numberof outgoingrays,accordingto a complex, spatially-varying

setof multiple ray “bounces”.In contrast,thegraphicspipelinerasterizesgeometrywith respectto

aconstrainedrayset– raysemanatingfrom apoint andpassingthroughauniformly parameterized

rectanglein 3D. Thus,graphicshardwarecannotbeexpectedto accuratelysimulatenon-localillu-

minationeffects. However, graphicshardwareis well-suitedfor interactive renderingbecausethe

memoryaccesspatternsareregularandthecomputationis both low andpredictableat eachstage

of thepipeline.

In termsof renderingspeed,thecomputationneededto performray-tracingin real-timeexceeds
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thecurrentcapabilityof generalpurposecomputersby at leastfour to fiveordersof magnitude,asit

canpresentlytakefromtensof minutestohoursto renderasingleimage.In comparison,commodity

graphicshardwaretodayis capableof renderingrelatively complex scenes,containingmorethan

onemillion triangles,at interactive rates.

1.4 SystemAr chitecture

We have shown that interactive renderingsystemsareoptimizedfor graphicspipelinerendering.

While this allows for fastrenderingof texture-mappedgeometry, it alsomeansthatgraphicshard-

warealonecannotefficiently produceimageswith accurateglobal illumination effects. We, there-

fore, proposethe following threestepmodel, illustratedin Figure1.5, for interactively rendering

parameterizedimagespaceswith realisticimagequality.

Thefirst stepof themodelconsistsof offline renderingof themulti-dimensionalparameterized

imagespace.Theideais to takeadvantageof therealisticimagesynthesistechniquesthathavebeen

developedto produceimageswith high realism. In our work, we renderimagesusinga modified

versionof Eon,a MonteCarlodistribution ray-tracer[Coo84a, Shi92, Shi96]. Note,however, that

ourarchitecturesupportsany of theimagesynthesistechniquesdescribedearlierin Section1.2.

In the secondstep,we compressthe pre-renderedimages. The goal is to achieve high com-

pression,andat the sametime allow for fastdecodingat run-time. This goal is accomplishedby

encodingthe imagesin termsof 3D primitivessupportedby graphicshardware,andin particular,

in termsof 3D geometryand texture maps. This stepis akin to compiling programsto run effi-

ciently on a particularprocessor. In our case,we arecompiling theparameterizedimagespaceto

runefficiently andwith acomparablelevel of imagequalityonaparticularpipelinerenderingmodel

facilitatedby graphicshardware.

Finally, in the third step,we treatthegraphicshardwareasa decoder, andtake full advantage

of its fastrenderingcapabilitiesto reconstructtheoriginalhighquality images.In additionto being
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ableto accuratelyreproducetheoriginal images,wewouldlikeoursystemto beableto interactively

renderplausibleimagesbetweenandaway from thepre-renderedsamples.

Thefirst two stepsof themodelareperformedoffline asa preprocess,whereasthe laststepis

performedinteractively at runtime.

1.5 Research Contrib utions

Therearefour majorcontributionsin this thesis,listedbelow.� Inverserendering method for inferring texture maps. As mentionedin Section1.4, we

compilethepre-renderedimagespacesin thesecondstepof oursystemarchitecturefor effi-

cientcompressionandfastdecoding.In oursystem,compressionanddecodingarefacilitated

by convertingtheoriginal imagerepresentationproducedin thepre-renderingstepinto a tex-

ture representationfor eachobject. Thus,an algorithmfor inferring a texture for an object

from a correspondingray-tracedimageis needed.To bestmatchthegraphicspipelineren-

dering to the input ray-tracedimages,we have developeda novel methodthat modelsthe

pipelineasa linearsystem,andthenperformsleast-squaresminimization.Wedemonstratea

sharpermatchto theoriginal ray-tracedimageswhenrenderingwith texturesinferredusing

this inversefitting methodthanwith texturescomputedusingeitheran alternative forward

mappingapproachor by ray-tracingdirectly into texturemaps.� Hardware accelerateddecodingof compressedparameterizedimagespaces.Inferring a

separatetexture mapfor an objectat eachpoint in the imagespaceresultsin a parameter-

ized texture. We compressthe parameterizedtexturesfor eachobject taking advantageof

multi-dimensionalcoherence,andat thesametime, allowing for fastreal-timedecodingon

graphicshardware. We demonstratea completesystemthatachieveshigh quality rendering

of parameterizedimagespacesatcompressionratiosupto 800:1with interactiveplaybackon

currentconsumergraphicscards.� Parameterizedenvironmentmaprepresentationfor plausiblemovementawayfrom pre-

rendered samples. We introduceparameterizedenvironmentmapsasan alternative to pa-

rameterizedtexture maps,so thatwe canrenderplausibleimageswhenwe move theview-

pointawayfrom thepre-renderedimagesamples.By segmentingtheenvironmentinto layers,

andpickingsimpleenvironmentalgeometrythatcloselymatchtheactualgeometryof theen-

vironment,we can betterpredict how reflectionsmove as the view changes.Unlike with

traditionalenvironmentmaps,weachieve localeffectslikeself-reflectionsandparallaxin the

reflectedimagery.



CHAPTER1. INTRODUCTION 12

� Hybrid rendering for refractive objects. We introducehybrid rendering,a schemethat

dynamicallyray tracesthe local geometryof refractive objects,but approximatesmoredis-

tantgeometryby layered,parameterizedenvironmentmaps.To limit computation,we usea

greedyray pathshadingmodelthatprunesthebinaryray treegeneratedby refractive objects

to form just two raypaths.Wealsorestrictray queriesto trianglevertices,but performadap-

tive tessellationto shootadditionalrayswhereneighboringray pathsdiffer sufficiently. We

demonstrateplausiblemovementaway from pre-renderedsamplesfor glassobjects.

1.6 ThesisOrganization

Thenext chapterdiscussesrelatedwork.

Chapter 3 describesour inverserenderingmethodfor inferring texture mapswhich we use

throughoutthisthesis,andquantitatively comparesthismethodwith analternative forwardmapping

approachandwith ray-tracingdirectly into texturemaps.

Chapter 4 describesour multi-dimensionalcompressionschemefor parameterizedtextures,

anddiscussesthesystem-level issuesin our runtimeenvironment.Wealsopresentcompressionand

playbackperformanceresultsfor two examplesof parameterizedimagespaces.

Chapter 5 describesparameterizedenvironmentmaps.As partof thisdescription,wecompare

with traditional,or static,environmentmaps,aswell aswith light fieldmethodsthatcapturespecular

objectsoveranentireviewspace.Wealsodiscussissuesrelatedto layeringof environmentmapsand

environmentmapinference.We presentperformanceandimageresultsfor both highly reflective

objectsandglossyobjects.

Chapter 6 describesour hybrid renderingalgorithm,andpresentsperformanceandimagere-

sultsfor highly refractive objects.

Finally, Chapter 7 summarizesthemajorresultsfrom this research,presentsrecommendations

for futuregraphicshardware,anddiscussesdirectionsfor futurework.



Chapter 2

RelatedWork

Therearefour mainareasof relatedwork: image-basedrendering, hardware shadingmodels, tex-

ture recovery/modelmatching, andcompression. In this chapter, we briefly discusseachof these

areas,andcomparewith ourapproachof parameterizingtextureandenvironmentmapsfor interac-

tive renderingof realisticimages.

2.1 Image-BasedRendering (IBR)

Image-basedrendering(IBR) reliesuponphotometricobservationsof anenvironmentto construct

images.This is in contrastto traditionalgeometry-basedrendering,wherean explicit description

of objectsin the environmentis given either in the form of boundaryregions betweenelements

or a sampledvolumetricdescription.IBR hassoughtincreasinglyaccurateapproximationsof the

plenopticfunction[Ade91, McM95], or sphericalradiancefield parameterizedby 3D position,time,

andwavelength.The“plenoptic function” of AdelsonandBergenis a parameterizedfunction that

describeseverythingthat is visible from a givenpoint in space.IBR hasprovenparticularlyuseful

in situationswherethegeometryin theenvironmentis not known, suchasimagesof thereal-world

capturedusinga still or moving camera.Our work insteadfocuseson syntheticimagerywherethe

geometryandmaterialpropertiesof objectsin theenvironmentis known. Anotherdifferenceis that

for syntheticscenes,thetimeandviewpointparametersof theplenopticfunctioncanbegeneralized.

Wearefreeto parameterizetheradiancefield basedontime,positionof lightsor viewpoint,surface

reflectanceproperties,objectpositions,or any otherdegreesof freedomin thescene,resultingin an

arbitrary-dimensionalparameterizedanimation.

Environmentmaps(EMs) [Bli76, Gre86], which storea sphereof radianceincidentat a point,

wereoriginally developedfor approximatingreflectionsof an environmenton an objectsurface.

It wasrecognizedearlyon thatenvironmentmapsconstructedfrom 360-degreepanoramicimages

13
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may alsobe usedto displayany outward looking directionfrom a fixed viewpoint giving the im-

pressionof standinginsidean environment. TheApple QuickTime VR system[Che95] usedthis

renderingapproach,with multiple environmentmapsacquiredatkey locationswithin ascene.The

useris able to navigate the environmentby discretely“hopping” betweenlocations,andat each

locationcanlook in anarbitrarydirection.

ChenandWilliams [Che93] pioneeredtheapproachof interpolatingbetweenimagesfrom mul-

tiple viewpoints.Their systemestablishedpixel correspondencebetweenany pair of imagesusing

depthinformationat eachpixel. To generatein-betweenviews, they simply interpolatedalongthe

directionof pixel flow. Oneof thechallengesof thisapproachis filling in “holes”, or disocclusions,

thatcanresultwhenregionsin theenvironmentthatareoccludedin all thesourceimagesbecome

visibleat intermediateviews. Thismethodalsoimplicitly reliesondiffusesurfacereflectancesince

it potentiallycombinespixelsfrom avarietyof viewpointsto renderasingleimage.

Levoy andHanrahan[Lev96] andGortler et al. [Gor96] reducedthe plenopticfunction to a

4D field, allowing view interpolationwith view-dependentlighting. The Light Field approachof

Levoy andHanrahan[Lev96] capturedtheenvironmentwith a 2D arrayof 2D imagesacquiredon

a regularly sampledplane. In this scheme,theplenopticfunction is parameterizedby two parallel

planes,onelocatedat thecameraplaneandanotherat a “focal” plane.Theradianceof any desired

viewing ray can be computedby finding its � �"!$#&% and �(')!$*+% intersectioncoordinateswith each

of the two planes,andperformingquadralinearinterpolationin theneighborhoodof � �,!$#-!.'/!$*+% to

avoid aliasing. In our terminology, the �0# planeis thecameraplane,andthe '1* planeis the focal

plane. The Lumigraph of Gortler et al. [Gor96] is a similar renderingalgorithm. One of the

contributionsof theLumigraphis thatit cantakeadvantageof depthinformationto moreaccurately

reconstructraysfrom a sparsesamplingof sourcecameras.Thedepthinformationis usedto adapt

the �('/!$*+% coordinateson thefocal planesothattheneighborhoodof raysindexedfrom the4D field

intersectsthesamegeometriclocationasthedesiredviewing ray. Thedepthinformationis givenas

approximategeometricmodelsof objectsin theenvironment.

Reconstructingan imagefrom a particularview with either the light field or lumigraphap-

proachesmayrequirevisiting anirregularscatteringof samplesover theentire4D field. Figure2.1

illustratesthesamplesin anexamplelight field thatareaccessedfrom two differentviewpoints.The

accessesareespeciallyscatteredamongmultiple sourceimageswhenthedesiredviewpoint is near

thefocalplane,asshown in Figure2.1(b).Accessingsamplesfrom multiplesourceimagesreduces

memorycoherence.In addition,to achieve fastdecodingat run-time,compressionalgorithmsmust

supportfast randomaccessinto the 4D field. Typically, supportfor fast randomaccesscomesat

thecostof theamountof signalcoherencethat is exploited,thusreducingtheoverall compression

efficiency.
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Figure2.1: Visualization of Light Field sampleaccesses.The �0# planeis thecameraplane,and
the '8* planeis thefocal plane.Theimageson thefar left arescreenimagesrenderedfrom thelight
field. Theimagesin themiddlerepresentthesourceimagesthatmake up thelight field orderedby
their corresponding� �"!$#&% coordinateson thecameraplane. The imageson the far right represent
thesourceimagesthatmake up thelight field with adifferentorderingof sampleswherethemajor
coordinatesare �(')!$*$% coordinates,andwithin eachblock, theminor coordinatesare � �,!$#9% . In both
the middle andright light field images,the samplesthat areaccessedduring the constructionof
the renderedimagesshown on the left arecoloredin red,andthe regionsof accessesareoutlined
in green. In (a), an imagewith viewpoint nearthe �0# cameraplaneis rendered.In constructing
this image,the accessesare very regular and are performedon four neighboringsourceimages
in the �-# plane. In (b), a closeupimagewith viewpoint nearthe '8* focal planeis rendered.In
constructingthis image,theaccessesarescatteredamong33 neighboringimagesin the �0# plane.
Onedifferencebetweenthelight field visualizationson theright shown in (a)and(b) is thatthered
dotsarescatteredthroughouttheentireimagein (a), whereasthey areconfinedto a local region in
the imagein (b). This is becausea limited region of �(')!$*$% spaceis visible in the closeupimage.
Visualizationscourtesyof MarcLevoy.



CHAPTER2. RELATED WORK 16

In thetwo-parallel-planelight field parameterization,imagesaretakenfrom cameraviewpoints

thatlie onauniform2D grid on the �0# plane,with theopticalaxisof thecameraalwayspointingin

thenormaldirectionto theplane.In our work, we cancertainlyparameterizetextures(or environ-

mentmaps)onthesame2D grid of cameraviewpointsasusedfor thelight field methods.However,

we arenot constrainedto any particularparameterization.We typically parameterizethe desired

spaceof viewpointsby placingsamplesat regular intervalsalongeachdimensionof thespace.For

example,for adesired3D spaceof viewpoints,weplacesamplesonauniform3D grid. Wecanalso

constrainthespaceof viewpointsto anarbitrary2D surface,suchasa hemisphere,or anarbitrary

1D line, suchasan arc. We reconstructa novel view usingeitherthenearest-neighborviewpoint

sampleor higher-orderinterpolationon theneighborhoodof viewpoint samples.

Apart from thefactthatwe storetexturesinsteadof images,whichhasadvantagesdescribedin

Chapter4, therearetwo importantdifferencesbetweenlight field methodsandtheparameterized

texturemethodsdescribedin this thesis.First, to reconstructa particularimage,we guaranteethat

all samplesaccessedcomefrom asingletextureimage,or a few neighboringoneswhenperforming

interpolation. This propertyallows us to obtain bettermemorycoherence,and allows for more

efficient compression.Bettercompressionresultsfrom the fact that we canexploit themaximum

amountof coherenceavailablewithin eachtextureimagesincetexturemapsareatomicallydecoded

and loadedinto the hardware memory. In contrast,becausethe sampleaccessesfor light field

methodscanbe scatteredrequiringsupportfor fast randomlookupsinto any image,it becomes

harderto exploit coherencewithin eachindividual imagein the �0# planeof cameraviewpoints

while alsoproviding supportfor fastdecompression.Notethatin thecasethatcomputationis free,

we cancompressthe light field exploiting maximumcoherence,sincedecodingcostwould not be

anissue,andtherewouldbenodifferencein compressionefficiency with ourparameterizedtexture

methods.

We now describethesecondimportantdifferencebetweenlight field methodsandour parame-

terizedtexturemethods.Onepropertyof light field andlumigraphmethodsis thatonly a 2D array

of imagesis neededto reconstructan imageanywherewithin a 3D spacefree of occluders(free

space).In contrast,our approachrequiresa 3D arrayof texturesto reconstructanimageanywhere

within a 3D space.Thus,our improvedaccesspatterncomesat thecostof anadditionaldimension

whenthedesiredviewing spaceis a3D space.However, ourparameterizationof environmentmaps

ratherthantexture maps,asin Chapter5, mitigatesthe needfor an additionaldimensionsinceit

allows for plausiblereconstructionaway from sampledviewpoints,suchasviewpointscloserand

fartherfrom aplaneof sampleviewpoints.

Wonget al. [Won97] andNishinoet al. [Nis99] have extendedthe4D light field to a 5D field

thatpermitschangesto thelighting environment.Thechallengeof suchmethodsis efficientstorage
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of thehigh-dimensionalimagefields.

ShumandHe[Shu99] simplifiedthe4D representationfurtherto a3D field by constrainingthe

cameramotion to planarconcentriccircles,calledconcentricmosaics.This reductionin dimen-

sionality is themainadvantageof concentricmosaicsasit significantlyreducestheamountof data

storageneeded.

TheLayereddepthimage (LDI) [Sha98, Cha99] is anotherrepresentationof theradiancefield

betterable to handledisocclusionswithout unduly increasingthe numberof viewpoint samples.

A layereddepthimagestoresdepthin addition to color at eachpixel location. It is constructed

by warpingmultiple imageswith per-pixel depthinto a commoncameraview. Therepresentation

is layeredin that multiple pixels with distinct depthvaluescanoccupy a singlepixel location. A

desiredview is constructedby warpingthepixels in theLDI with backto front splatting.Like the

view interpolationmethodof ChenandWilliams [Che93], theLDI doesnothandleview-dependent

variationsin sceneappearance.

For spatiallycoherentscenes,Miller et al. [Mil98a], Nishino et al. [Nis99] andWood et al.

[Woo00] observedthatgeometry-basedsurfacefieldsbettercapturecoherencein thelight field and

achieve a moreefficient encodingthanview-basedimageslike theLDI or lumigraph.Surfacelight

fields [Mil98a, Woo00] parameterizethe radiancefield over surfacesratherthanviews. Specifi-

cally, the radiancefield is representedasa densesamplingover surfacepointsof low-resolution

lumispheres.Renderinginvolvesfinding thepoint of intersectionof a viewing ray with thesurface

geometry, reflectingtheincomingviewing ray aboutthenormalat thatpoint,andindexing into the

appropriatelumispherewith the reflecteddirection. Surfacelight fields areespeciallywell-suited

whensurfacesaremostlydiffusedueto practicalresolutionconstraintson lumispheres.

Likeview-basedlight field methods,surfacelight fieldsmayvisit anirregularscatteringof sam-

plesover theentire4D light field to reconstructa particularview, andlack hardwareacceleration.

In fact,samplesaremorelikely to bescatteredfor surfacelight field methodsbecausetheaccesses

take thenormalat eachsurfacepoint into considerationwhenindexing into the4D representation.

Varyingnormalsonbumpy surfaces,for example,canleadto scatteringof samples.Thisscattering

of samplescanoccureven if the camerais far from theobject. Both kinds of light field methods

alsorequireveryhighsamplingdensitiesto reconstructspecularobjects.In comparison,weachieve

mirror-like reflectionswith parameterizedenvironmentmaps,asdescribedin Chapter5.

Heidrich et al. [Hei99a] decouplegeometryfrom illumination by using a light field to map

incomingview raysinto outgoingreflectedor refractedrays.Theseoutgoingraysthenindex either

a staticenvironmentmap,which ignoreslocal effects further from the reflector, or anotherlight

field representingtheenvironment,which is moreaccuratebut alsomorecostly. Theresultallows

independentchangeto the reflectingobjectgeometryandthe environmentalradiance,but suffers
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from thelimitationsof otherIBR methodsmentionedabove.

Cabralet al. [Cab99] also decouplethe reflectingobject from the illumination. They store

a collectionof view-dependentenvironmentmapswhereeachenvironmentmap pre-integratesa

specificBRDFwith a lighting environment.Thelighting environmentsfor theseenvironmentmaps

aregeneratedusingstandardtechniques,suchastakingphotographsof aphysicalspherein adesired

environmentor renderingthesix facesof acubefrom thereflectingobjectcenterusingaray-tracer.

As a resulttheseenvironmentmapsexhibit thesameproblemsastraditionalenvironmentmapsin

ignoring local reflectionsandrefractions. In contrast,with parameterizedenvironmentmaps,we

areableto capturelocaleffects,like self-reflectionsandparallaxin thereflectedimagery.

Lischinski andRappoport[Lis98] ray tracethrougha collectionof view-dependentLDIs for

glossyobjectswith fuzzy reflections,and threeview-independentLDIs representingthe diffuse

environment. Bastoset al. [Bas99] reprojectLDIs into a reflectedview for renderingprimarily

planarglossysurfacesin architecturalwalkthroughs.Agrawala et al. [Agr00] useanLDI storing

depthandattenuationto simulatesoftshadows. Ourapproachsucceedswith simplerandhardware-

supportedtextureandenvironmentmapsratherthanLDIs, resortingto ray tracingonly for thelocal

“lens” geometrywhereit is mostnecessary, asdescribedin Chapter6 onhybrid rendering.

Another IBR hybrid usesview-dependenttextures (VDT) [Deb96, Deb98a, Coh99] in which

geometricobjectsaretexture-mappedusinga projective mappingfrom view-basedimages.VDT

methodsdependon viewpoint movementfor properantialiasing– novel views aregeneratedby

reconstructingusingnearbyviews thatseeeachsurfacesufficiently “head-on”.Suchreconstruction

is incorrectfor highly specularsurfaces. We insteadinfer texture mapsthat produceantialiased

reconstructionsindependentlyat eachparameterlocation,even for spaceswith no viewpoint di-

mensions.This is accomplishedby generatingper-objectsegmentedimagesin the ray tracerand

inferring texturesthat matcheachsegmentedlayer. In addition to our generalizedparameteriza-

tion, a major differencein our approachis that we use“intrinsic” texture parameterizations(i.e.,

viewpoint-independent (u,v) coordinatespervertex oneachmesh)ratherthanview-basedones.We

canthencapturetheview-independentlighting in a singletexture mapratherthana collectionof

views to obtainbettercompression.

Onecharacteristicof VDT methodsis that in a particularnovel view, differentvisible surfaces

canhave different“best” sourceimages.Thishappens,for example,whenanareaof anovel image

is not entirelyvisible in any of thesourceimagesdueto occlusions.Debevecet al. [Deb98a] store

a view mapfor eachpolygonwhich identifiesthemostappropriatesourceimagefor a givenview.

Theview mapinformationis recordedovera regularlysampledspaceof viewing directionsto sup-

port all possibleviews. Evenwith many sourceimages,someportionsof a novel view maynot be

visible in any of thesourceimages.Hole filling is handledin a post-processingpasswhich assigns



CHAPTER2. RELATED WORK 19

colorsto polygonverticesthatareclosestto onesthatarevisible in thesourceimages,andGouraud

shadingis usedto fill the interior. In contrast,disocclusionsarehandledin our work without en-

codingwhichpolygonsarevisible in whichviews or gatheringpolygonscorrespondingto different

views in separatepasses.We infer a texturemapperobjectat eachpre-renderedimagesampleand

useapyramidalregularizationtermin our textureinference(Chapter3) thatprovidessmooth“hole-

filling” for occludedregionswithout a specializedpost-processingpass. In addition,our texture

inferenceapproachsupportssolvingsimultaneouslyacrossmultiple viewpointsto eliminatedisoc-

clusionholes(Chapter6). At runtime,we linearly interpolatebetweenthetexture(or environment)

mapsthatcorrespondto thenearestviews,andthesamesetof texturemapsareaccessedacrossthe

entiresurfaceof eachobjectasmentionedpreviously.

Buehleret al. [Bue01] describeanunstructuredlumigraphrendering(ULR) approachthatpro-

videsageneralizedframework for view-basedIBR approaches,having view-dependenttexturesand

thelumigraph/lightfield methodsasextremes.ULR takesasinput anunstructuredcollectionof in-

put imagesandany geometricinformationknown aboutthescene.Renderinginvolvescomputing

a “camerablendingfield” over thewhole imagewhich specifiestheweightsgiven to eachsource

imageat eachdestinationimagepixel. Theseweights,computedat a sparsesetof verticesin the

imageplane,considerfactorssuchastheangulardifferencebetweenthedesiredrayandthoseavail-

ablein thesourceimages,estimatesof undersamplingandfield-of-view. Typically, only afew input

imageshave non-zeroweightsin any given region of the image,andprojective texture-mapping

graphicshardwarecanbeusedfor efficient rendering.However, determiningthesetof imagesthat

are relevant at eachblendingvertex requirescomputingthe blendingweightswith respectto all

sourceimages,a computationallyintensive taskthat tendsto betheperformancebottleneckof the

approach.Moreover, althoughonly a few input imagescontribute to a local region, many source

imagesmaybeaccessedin theprocessof renderinganentireimage(in theworstcasetheentireset

of sourceimages),which reducesmemorycoherenceandcomplicatesdecodingfrom compressed

representations.

In summary, image-basedmethodsareparticularlyuseful in applicationswherethe geometry

of the environmentis not known, suchasreal-world imagerycapturedusinga real camera.Our

work insteadfocuseson syntheticimagerywherewe have completeknowledgeof the geometry

andmaterialpropertiesof theobjectsbeingrendered.We seekto exploit this informationto more

efficiently encodetheimagespace.Anotherdifferenceis thatwe generalizeto imagesspaceswith

arbitraryparameters,not just viewpoint.
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2.2 Hardware ShadingModels

Anotherapproachto interactivephotorealismseeksto improvehardwareshadingmodelsratherthan

fully tabulatingincidentor emittedradiance.

Diefenbach[Dief96] usedshadow volumesandrecursive hardwarerenderingto computeap-

proximationsto globalrendering.Accuratereflectionsonplanarsurfacesareachievedby mirroring

theviewpointaboutthereflectionplane.OfekandRappoport[Ofek98] extendedthiswork to curved

reflectorsby transformingeachvertex in thereflectedimagewith respectto thereflector’s geome-

try. This schemehandlessmoothreflectingobjectsthatareeitherconcave or convex; objectswith

mixedconvexity or saddleregionsrequirecarefuldecomposition.

KautzandMcCool [Kau99] andMcCool et al. [McC01] assumedpoint light sourcesandfac-

toredtheBRDFto computetexturemapsthatcanbeusedfor hardwarerenderingatper-pixel reso-

lution. RamamoorthiandHanrahan[Ram01a] showedthat theirradiancefor diffuseobjectsunder

distantillumination is well approximatedby ananalyticexpressionwith just ninecoefficients,and

demonstratedrenderingat real-timerateswith programmablevertex shading.

Miller et al. [Mil98b] describedrenderingoptimizationsusing graphicshardware, suchas

cachingdatafor fasterevaluationof bump-mappedsurfacesandlighting, andshowedhow animated

bumpmapson planarsurfacescanbeusedto simulatereflective ripplesin awatersimulation.Hei-

drichandSeidel[Hei99b] encodedanisotropiclighting andspecularreflectionswith Fresneleffects

usinghardwaretexturing. Heidrichet al. [Hei00] simulatedself-shadowing andindirectscattering

effectsin heightfieldsandbumpmapsusingprecomputedvisibility informationandmulti-texturing

in hardware.

Nimeroff et al. [Nim94] andTeo et al. [Teo97] efficiently renderedimageswith novel light-

ing conditionsby summinga linear combinationof pre-renderedbasisimages.Malzbenderet al.

[Mal01] fit polynomialswith six coefficientsto imagesof an objecttaken from a fixed viewpoint

with varying illumination. The polynomialscanbe evaluatedin real-timeon graphicshardware

using programmabletexture operations. They effectively captureview-independenteffects like

self-shadowing anddiffuseshadingthatdependon theillumination directionrelative to theobject,

but excludeview-dependenteffectssuchasspecularity.

UdeshiandHansen[Ude99] exploitedgeneral-purposeCPUandgraphicshardwareparallelism

to interactively renderindoor sceneswith photorealisticeffectssuchassoft shadows andindirect

illumination. Lengyelet al. [Len00, Len01] showedhow texturing hardwarecanbeusedfor real-

time renderingof furry models.

Evenusingmany parallelgraphicspipelines(8 for [Ude99]) theseapproachescanonly handle

simplescenes,and,becauseof limitations on the numberof passes,do not captureall the effects

of a full offline photorealisticrendering,includingmultiple bouncereflectionsandrefractionsand
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accurateshadows.

2.3 TextureRecovery/Model Matching

The recovery of texture mapsfrom imagesis closely relatedto surfacereflectanceestimationin

computervision [Sat97, Mar98, Yu99, Ram01b]. Yu et al. [Yu99] recover diffusealbedomapsand

a spatially invariantcharacterizationof specularityin the presenceof unknown, indirect lighting.

We greatly simplify the problemby using known geometryand separatingdiffuse and specular

lighting layersduring theoffline rendering.We focusinsteadon theproblemof inferring textures

for a particulargraphicshardwarethat “undo” its undesirableproperties,like poor-quality texture

filtering. A relatedideais to computethebesthardwarelighting to matchagold standard[Wal97].

2.4 Compression

Variousstrategiesfor compressingthedual-planelumigraphparameterizationhave beenproposed.

Levoy [Lev96] usedvectorquantizationandentropy codingto getcompressionratiosof upto 118:1

while LalondeandFournier[Lal99] useda waveletbasiswith compressionratiosof 20:1. Magnor

[Mag00] studiedcompressionalgorithmswith variouslevels of reconstructedgeometricinforma-

tion, andachieved 200:1compressionat goodquality usinga hierarchicaldisparity-compensated

coder. Similar resultswerealsoreportedby TongandGray [Ton00, Ton01] with an emphasison

fastdecoding.

Miller et al. [Mil98a] compressedthe4D surfacelight field usinga block-basedDCT encoder

with compressionratios of 20:1. Nishino et al. [Nis99] usedan eigenbasis(K-L transform)to

encodesurfacetexturesachieving compressionratiosof 20:1with eigenbaseshaving 8-18 texture

vectors. Sucha representationrequiresan excessive numberof “eigentextures” to faithfully en-

codehighly specularobjects.This prohibitsreal-timedecoding,which involvescomputinga linear

combinationof the eigentextures. Wood et al. [Woo00] compressedthe surfacelight field using

techniquessimilar to vectorquantizationandprincipalcomponentanalysisandachieved70:1com-

pression.

Concentricmosaicshave beencompressedat compressionratiosup to 120:1[Zha00, Wu00].

Otherwork on texturecompressionin computergraphicsincludesBeerset al. [Bee96], who used

vectorquantizationon2D texturesfor compressionratiosof up to 35:1.

We usea Laplacianpyramidon blocksof theparameterspace.This speedsrun-timedecoding

(for �:�;� blocksof a2D parameterspace,only 4 imagesmustbedecompressedandaddedto decode

a texture)andachievesgoodqualityat compressionratiosup to 800:1in ourexperiments.
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Anotherrelevantareaof work is animationcompression.Standardvideocompressionusessim-

ple block-basedtransformsandimage-basedmotion prediction[Leg91]. Guenteret al. [Gue93]

observedthatcompressionis greatlyimprovedby exploiting informationavailablein synthetican-

imations. In effect, the animationscript providesperfectmotion prediction,an ideaalsousedin

[Wal94, Agr95]. Levoy [Lev95] showed how simplegraphicshardware could be usedto match

a syntheticimagestreamproducedby a simultaneously-executing, high-quality server renderer

by exploiting polygonrenderingand transmittinga residualsignal to the client. Cohen-Oret al.

[Coh99] usedview-dependenttexture mapsto progressively transmit diffusely-shaded,texture-

intensivewalkthroughs,findingfactorsof roughly10improvementoverMPEGfor scenesof simple

geometriccomplexity. We extendthis work to thematchingof multidimensionalanimationscon-

tainingnon-diffuse,offline-renderedimageryby texture-mappinggraphicshardware.



Chapter 3

Texture Infer enceby InverseRendering

TextureMapping,illustratedin Figure3(a),refersto theprocessof mappinga2-dimensionaltexture

imageto a 3-dimensionalmodelof anobject. In our illustration,a texturecomposedof a checker-

boardpatternis mappedontothegeometricmodelof a cup. A critical taskperformedby graphics

hardwarewhentexturemappingis filtering thetextureimageto preventaliasingon thescreen.

Textureinference,illustratedin Figure3(b), invertsthetexturemappingprocess,in thatwestart

with a 3-dimensionalgeometricmodelanda 2-dimensionaloffline renderedimagethatwe would

like to match,andsolve for a texture.To infer a texturemapmeansto find onewhichwhenapplied

to a hardware-renderedgeometricobjectmatchestheoffline-renderedimage.Thekey observation

to obtainanaccuratematchis to take thehardwarefilter modelinto account.

In this chapter, we considerthe input imagesin theparameterizedimagespaceseparately, and

infer texture mapsfor individual objectsin the scenefrom eachimage. We begin by segmenting

the input images(Section3.1), andchoosean appropriatetexture domainandresolutionfor each

object(Section3.2). We thenbriefly describethreepossibleapproachesto computetexture maps

(Section3.3). To bestmatchtheinput renderedimages,we modelthegraphicshardwareasa large

sparselinearsystem(Section3.4),andperforma least-squaresoptimizationon theresultingsystem

(Section3.5).Weconcludethischapterby comparingtheaccuracy of matchingto theinput images

acrosstextureinferencealgorithmsandhardwarefilter models(Section3.6).

3.1 SegmentingRay-Traced Images

Eachgeometricobjecthasaparameterizedtexturethatmustbeinferredfrom theray-tracedimages.

Theseimagesarefirst segmentedinto per-objectpiecesto prevent bleedingof information from

differentobjectsacrosssilhouettes.Bleedingdecreasescoherenceandleadstomisplacedsilhouettes

whentheviewpointmovesawayfrom theoriginalsamples.Toperformper-objectsegmentation,the

23
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Figure3.1: Texture Mapping and Texture Inference.

ray tracergeneratesaper-objectmaskaswell asacombinedimage,all at supersampledresolution.

For eachobject,we filter theportionof thecombinedimageindicatedby themaskanddivide by

thefractionalcoveragecomputedby applyingthesamefilter to theobject’s mask.A gaussianfilter

kernelis usedto avoid problemswith negative coverages.

A secondform of segmentationseparatesthe view-dependentspecularinformation from the

view-independentdiffuse information for the commoncasethat the parameterspaceincludesat

leastoneview dimension.This reducesthe dimensionalityof theparameterspacefor the diffuse

layer, improving compression.As theimageis rendered,theray-tracerplacesinformationfrom the

first diffuseintersectionin a view-independentlayerandall otherinformationin a view-dependent

one.Figure3.1illustratessegmentationfor anexampleray-tracedimage.Weuseamodifiedversion

of Eon,aMonteCarlodistribution ray-tracer[Coo84a, Shi92, Shi96].



CHAPTER3. TEXTURE INFERENCEBY INVERSERENDERING 25

(a) Complete Image

>

(b) Diffuse Layer

>

(c) Specular Layer

>

(d) Diffuse Vase Layer

>

(e) Diffuse Table Layer

>

(f) Diffuse Wall Layer

>

(g) Specular Vase Layer

>

(h) Specular Table Layer

>

(i) Specular Cup Layer

>

Figure3.2: Segmentationof Ray-Traced Images.
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3.2 Optimizing TextureCoordinatesand Resolutions

Sincepartsof anobjectmaybeoccludedor off-screen,only partof its texturedomainis accessed.

In this section,we aregiven as input the geometricmeshfor an object togetherwith parameter-

independent� �"!$#&% texturecoordinatespervertex. Theoverall problemthatwe aretrying to solve

is to find theminimumtextureresolutionneededfor aparticularregionof theparameterspace.The

original texture coordinatesof thegeometryareusedasa startingpoint andthenoptimizedso as

to: 1) to ensureadequatesamplingof thevisible textureimagewith asfew samplesaspossible,2)

to allow efficient computationof texture coordinatesat run-time,and3) to minimize encodingof

theoptimizedtexturecoordinates.To satisfythelasttwo goals,wechooseandencodeaparameter-

dependentaffine transformationon the original texture coordinatesratherthanre-specifythemat

eachvertex. Oneaffinetransformationis chosenperobjectperblockof parameterspace(seeChap-

ter 4). Justsix valuesarerequiredfor eachobject’s parameterspaceblock andtexturecoordinates

canbecomputedwith asimple,hardware-supportedtransformation.Thealgorithmfollows:

1 Reposition branch cut in texture dimensions that have wrapping enabled
2 Find least-squares most isometric affine transformation
3 Compute maximum singular value of Jacobian of texture to screen space

mapping and scale transformation along direction of maximal stretch
4 Repeat 3 until maximum singular value is below a given threshold
5 Identify bounding rectangle with minimum area
6 Determine texture resolution

Wefirst attemptto repositionthe � �,!$#9% texturecoordinateorigin in any texturedimensionsthat

areperiodic(i.e.,have wrappingenabled).A separate“branchcut” is performedin eachdimension

in which theorigin is repositioned.Thisadjustmentrealignspartsof thevisible texturedomainthat

have wrappedaroundto becomediscontiguous,for example,whentheperiodicseamof a cylinder

becomesvisible. A smallerportionof texture areacanthenbeencoded.We considereachof the

u andv dimensionsindependently, andcomputethe texture coordinateextentsof visible triangle

edgesafterclipping with theviewing frustum. If a gapin thevisible extentsexists,a branchcut is

performedandtexturewrappingdisabledfor thatdimension.A branchcut is computedasfollows.

Assuminga branchcut is performedin texture dimension? (referringto either � or # ), the new

positionof theorigin in the ? dimensionis ?A@CB8D , andthe ? -coordinateataparticularvertex E is ?GF ,
let ?IHFKJ ? FML ? @CB8D . Thenew ? -coordinatefor vertex E is computedas ?IHF LON ?PHFRQ .

We thenfind the linear transformation,ST� �"!$#&% , minimizing the following objective function,
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inspiredby [Mai93]ST� �"!$#&% J UWVYXZ\[^] U � # ]_ � `a% J b
edgesFc F:d ' F-Lfe ST� � Fhg !$# Fhg % L ST� � Fji !$# F i % ekmlon �C' F ! e ST� � Fhg !$# Fhg % L ST� � F i !$# Fji % e %qpsr (3.1)

wheret F representsthelengthonthescreenof aparticulartriangleedge,uwv andu+x representtheedge

vertices,and
czy

is aweightingtermwhichsumsscreenareasof triangleson eachsideof theedge.

Thesumin
_

is takenover visible triangleedgesat eachpoint in theparameterblock, determined

by rasterizingtriangleidentifiersinto azbuffer to selectvisible triangles.Visible triangleedgesare

alsoclippedto theview frustum.

Note thatwhena branchcut is not possiblein theprevious stepover a “wrapped” or periodic

dimension,we reducethe affine transformationto a scaletransformationby fixing the valuesof

b and c to zero. This ensuresthat the texture’s periodic boundaryconditionsarenot disturbed.

Note alsothat the translationalcomponentsof theaffine transformationcancelfrom theobjective

function.

This minimizationchosesa mappingthat is ascloseto an isometryaspossibleby minimizing

lengthdifferencebetweentriangleedgesin texturespaceandprojectedto theimage.Wedivide by

theminimumedgelengthsoasto equallypenalizeedgesthatareanequalfactorlongerandshorter.{ _:| `K} is calculatedanalyticallyfor usein conjugategradientminimization.Notethata rotational

degreeof freedomremainsin thisoptimizationwhich is fixedin step5.

In the third step,we ensurethat the object’s texture mapcontainsenoughsamplesby scaling

the ~ foundpreviously. We checkthegreatestlocal stretch(singularvalue)acrossall screenpix-

els in which theobjectis visible, usingtheJacobianof themappingfrom texture to screenspace.

SincetheJacobianfor theperspective mappingis spatiallyvarying even within a singlepolygon,

this computationis performedseparatelyat eachscreenpixel. If themaximumsingularvalueex-

ceedsa user-specifiedthreshold(suchas1.25),we scale~ by themaximumsingularvaluein the

correspondingdirectionof maximalstretch,anditerateuntil themaximumsingularvalueis reduced

below thethreshold.This essentiallyaddsmoresamplesto counteracttheworst-casestretchingof

theprojectedtexture.

Thenext stepidentifiestheminimum-areaboundingrectangleon theaffinely transformedtex-

turecoordinatesby searchingover a setof discretedirections.Thesizeof theboundingrectangle

alsodeterminestheoptimaltextureresolution.

We cannow pick theactualtexture resolution.Sincepresent-daygraphicshardwaretypically

constrainsthetextureresolutionto powersof two, we conservatively pick thenearestpower of two



CHAPTER3. TEXTURE INFERENCEBY INVERSERENDERING 28

that is larger thantheoptimaltextureresolution,but only usethepartof thetexturethatis actually

needed.We keepa recordof theoptimal texture resolutionso thatonly theportion of the texture

which is usedis compressed.

Becausetheoptimaltextureresolutionis arbitrary(i.e. notnecessarilyapowerof 2),andregions

of the texture that areoutsidethe optimal texture resolutionareundefined,we must take carein

computingMip Maps. Specifically, we must supportcomputingMip Maps for arbitrarily sized

texturesboth in the texture inferencesolver andin theruntimesystemto avoid filtering undefined

valuesinto the Mip Map. Assuminga bilinear ����� filter is usedto computethe filtered Mip

Map levels, this canbe achieved by extendingthe texture by onetexel, essentiallyreplicatingthe

boundarytexels,for eachlevel in theMip Mapwherethetextureresolutionis oddprior to filtering.

Finally, sincetexture resolutionsubstantiallyimpactsperformancedueto texture decompres-

sionandtransferbetweensystemandvideomemory, ourcompileracceptsuser-specifiedresolution

reductionfactorsthatscaletheoptimaltextureresolutionon aper-objectbasis.

3.3 Approachesfor Computing TextureMaps

Threedifferentapproachesfor computingtexturemapsarediscussedbelow. Wepresentquantitative

comparisonsin thequalityof renderedimagesbetweentheseapproachesin Section3.6.� Forward Mapping Method for Texture Inference

A simpletextureinferencealgorithmmapseachtexel to theimageandthenfilters theneigh-

boringregionto reconstructthetexel’svalue[Mar98]. Thismethodis illustratedin Figure3.3.

One problemwith this approachis reconstructionof texels neararbitrarily-shapedobject

boundariesandoccludedregions(Figure3.1d-i). Suchoccludedregionsproduceundefined

texturesampleswhichcomplicatesbuilding of MIPMAPs. Finally, thesimplealgorithmdoes

not take into accounthow texturefiltering is performedon thetargetgraphicshardware.� Least-SquaresMethod for Texture Inference

A moreprincipledapproach,discussedin moredetail in the next two sections,is basedon

the observation that a texture pixel contributesto zeroor moredisplaypixels. Neglecting

quantizationeffects,a texturepixel that is twice asbright contributestwice asmuch. Thus,

wecanmodelthehardwaretexturemappingoperationin theform of alinearsystem,�P`�� X
,

wherematrix � representsthehardwarefilter coefficientsmappingtexels to displaypixels,

vector ` representsthetextureto besolved for, andvector
X

representstheray-tracedimage

to bematched.We determineelementsof thematrix � by performingtestrenderingson the



CHAPTER3. TEXTURE INFERENCEBY INVERSERENDERING 29

........
........


........
........
........
........
........
........


Inferred Texture

�

Ray-Traced Image Layer

�

Figure3.3: Forward Mapping. Eachtexture sampleis mappedto thescreen,andits valuecom-
putedby performinghigh-qualityfiltering on theneighboringregion in theray-tracedimage.

hardwarethat isolatethecontribution of eachtexel. Consideringthat thematrix � is sparse,

we cansolve for ` usingconjugategradientmethod.

This least-squaresapproachconsidersthetexturemappingfilter modelusedby hardwareto

bestmatchthehardwarerenderingto theinput images.Moreover, we introducea pyramidal

regularizationterm in the optimizationthat ensuresthe entireMIPMAP texture is defined,

with occludedregionsfilled smoothly.� Ray-Tracing Dir ectly into TextureMaps

A third approachsidestepstheproblemof inferring texturemapsfrom imagesby ray-tracing

directly into texturemaps.Ratherthancastingraysfrom theeye-pointthrougha uniformly

sampledplanein 3D, we insteadmaptexel centersto the imageandcastraystowardsthese

locations,writing theeventualvaluesfor theraysdirectly into thetexel locationsin thetexture

maps.To avoid aliasingartifactsin thetexture,we supersamplethe texture image,shooting

independentraysfor eachsub-texel, andusea high-qualityfilter to down-sampleto thefinal

textureresolution.

Oneproblemwith this approachis that texture samplescanmaponto back-facing regions

of the object. As with the forward mappingmethod,suchundefinedtexture samplescan

complicatebuilding of MIPMAPs. Anotherdrawbackof thisapproachis thatray-tracinginto
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texturesis generallymorecostly thanray-tracinginto an image. This is becausewhenray-

tracinginto a texture, thesamplingdensityin the imageplaneis a functionof themapping

from the texture to the screen. To ensureadequatesamplingin regions of the object that

areseenhead-on,the texture resolutionmustbe sufficiently high. This resultsin an overly

densesamplingin regionsof theobjectthatareseenat an angle,suchasat thesilhouettes.

In contrast,whenrenderinginto an image,thesamplingdensityis determinedby thescreen

resolutionandthe samplesareuniformly distributed. Finally, aswith the forward mapping

method,this algorithmdoesnot take into accounthow texture filtering is performedon the

targetgraphicshardware.

3.4 Modeling HardwareRenderingasa Linear System

As mentionedearlier, a moreprincipledapproachis to modelthehardwaretexturemappingopera-

tion in theform of a linearsystem:�� �$� ����������������������������

t�v�� v filter coefficientst�v���x filter coefficientst v�� r filter coefficients

...

t8�I� x$� � � x filter coefficients

����������������������������

�� �+� ����������������������������

` vv�� v
...` v� � x$� � � x

� ��� ���¡ level¢` xv�� v
...` x £ ¤ � x$�¦¥ ¤ � x

� ��� ���¡ level§
...`-¨ � xv�� v

...` ¨ � x£¤R©«ª i � x$�m¥¤R©«ª i � x
� ��� ���¡ level¬M­ §

����������������������������
�

®� �$� ����������������������������

t1v�� vt1v���xt v�� r
...

t1�A� x$� � � x

����������������������������
(3.2)

wherevector
X

containstheray-tracedimageto bematched,matrix � containsthefilter coefficients

appliedto individual texelsby thehardware,andvector ` representsthetexelsfrom all
¬-­ §

levels

of theMIPMAP to be inferred. Superscriptsin ` entriesrepresentMIPMAP level andsubscripts

representspatiallocation.This modelignoreshardwarenonlinearitiesin theform of roundingand

quantization.All threecolorcomponentsof thetexturesharethesamematrix � .

Eachrow in matrix � correspondsto a particularscreenpixel, while eachcolumncorresponds

to aparticulartexel in thetexture’sMIPMAP pyramid.Theentriesin agivenrow of � representthe

hardwarefilter coefficientsthatblendtexelsto producethecolor at a givenscreenpixel. Hardware
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(a) Single Texel Response
 (b) Multiple Separated

Texel Responses


(c) Color-Coded Texel

Responses


Figure3.4: Obtaining Matrix A. (a) Screenimagewith single texel in an 8x8 texture is set to
full intensityvalue(b) Screenimagewhenmultiple texels in a 64x64texture imagearesetto full
intensity values,suchthat alternate8x8 blocks do not overlap. (c) Screenimagewith 256x256
texturewheretwo of thecolor componentsareusedfor encodingtexel identifiers.

filtering requiresonly a small numberof texel accessesper screenpixel, so the matrix � is very

sparse.We usehardwarez-buffering to determineobjectvisibility on the screen,andneedonly

considerrows (screenpixels)wheretheobjectis visible. Otherrows arelogically filled with zeroes

but areactuallydeletedfrom thematrix,by usingatableof visiblepixel locations.Filter coefficients

shouldsumto onein any row.

In practice,row sumsof inferredcoefficientsareoften lessthanonedueto truncationerrors.

A simplecorrectionis to addan appropriateconstantto all nonzeroentriesin the row. A more

accuratemethodrecognizesthateachcoefficient representstheslopeof a straightline in a plot of

screenpixel versustexel intensity. We can thereforetesta variety of valuesandreturn the least

squaresline. Weusethefirst methodbecauseit is muchfaster.

3.4.1 Obtaining Matrix A

A simplebut impracticalalgorithmfor obtaining � examinesthe screenoutput from a seriesof

renderings,eachsettingonly asingletexel of interestto anonzerovalue,asfollows
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Initialize z-buffer with visibility information by rendering entire scene
For each texel in MIPMAP pyramid,

Clear texture, and set individual texel to maximum intensity
Clear framebuffer, and render all triangles that compose object
For each non-zero pixel in framebuffer,

Divide screen pixel value by maximum framebuffer intensity
Place fractional value in � [screen pixel row][texel column]

Accuracy of inferredfilter coefficientsis limited by thecolorcomponentresolutionof theframe-

buffer, typically 8 bits.

3.4.2 Parallel Matrix Inferencewith Non-overlapping Bounding Boxes

To acceleratethesimplealgorithm,we observe thatmultiple columnsin thematrix � canbefilled

in parallelaslong astexel projectionsdo not overlapon the screenandwe candeterminewhich

pixelsderive from which texels.An algorithmthatsubdividestexturespaceinto blocksandchecks

thatalternatetextureblock projectionsdo not overlapcanbedevisedbasedon this observation as

follows

Initialize z-buffer with visibility information by rendering entire scene

Part 1: Find screenspaceboundingboxesfor visibleblocks
Pick texture block size that minimizes overall cost
Perform quadtree recursion down to chosen block size
For each visible texture block,

Clear texture, and set all texels in block to maximum intensity
Clear framebuffer, and render all triangles that compose object
Compute bounding box on screen of nonzero pixels

Part 2: Infer Matrix Coefficientsin Parallel
Repeat until all texture blocks have been processed,

Pick blocks with non-overlapping bounding boxes on screen
For each texel position in block,

Clear texture, and set exactly one texel in each block to maximum intensity
Clear framebuffer, and render all triangles that compose object
For each non-zero pixel in framebuffer,

Divide screen pixel value by maximum framebuffer intensity
Place fractional value in � [screen pixel row][texel column]

where texel column is determined from bounding box data

Wepick theblock sizeto minimizetheoverall costof finding thescreenspaceboundingboxes
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andinferring theindividual columnsof matrix coefficients.Thisblock sizeis computedasX t¯� closestpowerof 2 of °± ² t r³ (3.3)

where
X t representsblock size,and

² t representstexturesize. Oneoptimizationin thefirst partof

thealgorithmis to performquadtreerecursionon theentiretextureto quickly eliminateregionsof

thetexturethatarenotusedby any visiblepixels.

3.4.3 Parallel Matrix Inferencewith TexelIdentifiers

A betteralgorithmrecognizesthatsincejustasinglecolorcomponentis requiredto infer thematrix

coefficients,theothercolorcomponents(typically 16or 24bits) canbeusedto storeauniquetexel

identifier that indicatesthedestinationcolumnfor storingthefiltering coefficient. Theoutline for

thisalgorithmfollows

Initialize z-buffer with visibility information by rendering entire scene
Loop over three MIPMAP levels,

Loop over 6x6 renderings (6x8, 8x6, or 8x8 with periodic dimensions),
Initialize all texels with appropriate texel identifiers
Clear texture, and set texels considered in parallel to maximum intensity
Clear framebuffer, and render all triangles that compose object
For each nonzero pixel in framebuffer,

Divide screen pixel value by maximum framebuffer intensity
Place fractional value in � [screen pixel row][texel column]

where texel column is determined using texel identifier value
found in screen pixel

Thedetailsfor initializing thetexelswith theappropriatetexel identifiersarediscussedbelow.

With thisalgorithm,thematrix � canbeinferredin 108renderingsfor trilinear MIPMAP filtering,

independentof texture resolution. The essentialconstrainton the algorithmis that no two texels

solvedin parallelcancontributeto thesamescreenpixel. Thisconstrainthappensbecauseotherwise

it wouldnotbepossibleto discerntheindividual contribution of eachtexel to thescreenoutput.We

enforcethis constraintby “adequate”skippingof texelsbetweenthosethataresolvedin parallelin

eachrendering,andcombineresultsacrossmultiple renderingsto infer thecompletematrix � . The

numberof 108renderingsis obtainedby solvingin parallelevery sixth samplein bothdimensions

of the sameMIPMAP level, andevery third MIPMAP level, thusensuringthat possiblefiltering

neighborhoodsof samplessolved in paralleldo not interfere.For hardwarewith thepower of two

constrainton textureresolution,thereis anadditionaltechnicaldifficulty whenthetexturemaphas

oneor two periodic(wrapping)dimensions.In thatcase,since6 doesnot evenly divide any power
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Figure3.5: Trlinear Filtering Neighborhoodfor Parallel Matrix Inference.Reddotsrepresent
texel samples;bluedotsaresamplesin thenext higherlevel of theMIPMAP. Seetext for explana-
tion.

of 2, the last groupof samplesmay wrap aroundto interferewith the first group. Onesolution

simplysolvesin parallelonly every eighthsample.

For trilinearMIPMAP filtering, agivenscreenpixel accessesfour texelsin oneMIPMAP level,

as well as four texels eitherone level above or below having the sametexture coordinates.By

leaving sufficient spacingbetweentexelscomputedin parallel, � canbeinferredin a fixednumber

of renderings,µ , where µ =6x6x3=108.This assumesthat theextra color componentscontainat

least
¬R¶1· r | ¸"¹ µº} bitswherȩ is thenumberof texels.

In Figure3.4.3,reddotsrepresenttexel samples;bluedotsaresamplesin thenext higherlevel

of theMIPMAP. To infer thefilter coefficientsat a sample
²
, we mustensurethatall samplesthat

couldpossiblybefilteredwith it to produceascreenpixel outputhaveidenticaltexel identifiers.The

region »Kv | ² } representstheregion of texturespacein thesameMIPMAP level thatcouldpossibly

accesssample
²

with bilinear filtering, called its level 0 neighborhood. This region canpossibly

accesssamplesfrom thenext higherlevel of theMIPMAP shown in blueandlabeled» x | » v | ² }$} , the

level 1 neighborhoodof
²
’s level 0 neighborhood.We mustnot solve in parallela texel thatshares

any of thesesamplesin its filtering neighborhoodso only texels whoselevel 0 neighborhoodare

completelyto the right of thedashedline arecandidates.For example,thesamplelabeled
²½¼

can
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not be solved in parallelwith
²

since
² ¼

’s level 1 neighborhoodsharestwo sampleswith
²
, shown

outlinedin yellow. Eventhesampleto its right mustbeskippedsinceits level 0 neighborhoodstill

includessharedsamplesat thenext higherMIPMAP level. Sample
²¿¾

is theclosestto
²

thatcanbe

solved in parallel. Thusin eachdimension,at least5 samplesmustbeskippedbetweentexels that

aresolvedin parallel.

Toavoid corruptingtheidentifierfor eachtexel thatis beingsolved,wemuststorethesametexel

identifierin thepossiblefiltering neighborhoodof atexel. Thefiltering neighborhoodof atexel con-

sistsof thelevel 0 andlevel 1 neighborhoodsthatarelabeledas »av | ² } and »Àx | »Kv | ² }$} , respectively,

in Figure3.4.3,aswell asthe texels that canpossiblybe accessedin the samefilter operationat

thenext lower level of theMIPMAP (not shown in thefigure).Thefiltering neighborhoodsfor two

texels solved in parallelareguaranteednot to overlapbecauseof the adequateskippingof texels

discussedabove. Thus,we caneasilydeterminewhat identifierto assignto eachtexel in theentire

texturemap.

3.4.4 Inferencewith Antialiasing

To antialiasimages,we canperformsupersamplingandfiltering in thegraphicshardware. Unfor-

tunately, thisdecreasestheprecisionwith whichwecaninfer thematrix coefficients,sincethefinal

result is still an 8-bit quantityin the framebuffer. Higher precisionis obtainedby inferring based

on thesupersampledresolution(i.e. withoutantialiasing),andfiltering thematrixA usingahigher-

precisionsoftwaremodelof thehardwaresantialiasingfilter. Sub-pixels(rows in thesupersampled

matrix) thatarenot coveredby theobjectshouldnot contribute to thesolution. As in thesegmen-

tationtechniqueof Section3.1,we filter thematrix A andthendivide by thefractionalcoverageat

eachpixel asdeterminedby thehardwarerendering.Smallerrorsarisebecauseof minordifferences

in pixel coveragebetweentheray-tracedandhardware-generatedimages.

3.5 Least-SquaresSolution

Removing irrelevant imagepixels from Equation(3.2), � becomesan
¸,Á � ¸KÂ

matrix, where
¸,Á

is thenumberof screenpixels in which theobjectis visible, and
¸ Â

is thenumberof texels in the

object’s textureMIPMAP pyramid. Oncewe have obtainedthematrix � , we solve for thetexture

representedby thevector Ã by minimizinga function Ä | ÃK} definedviaÄ | ÃK}Å� e �PÃ ­ X e r (3.4){ Ä | ÃK}Å� �Æ�IÇ | �IÃ ­ X }
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subjectto theconstraint
¢ÉÈ ÃMÊy � Ë ÈÌ§

. Giventhegradient,
{ Ä | Ãa} , theconjugategradientmethod

canbeusedto minimize Ä | Ãa} . Themaincomputationof thesolution’s innerloopmultiplies � with

a vector Ã representingthecurrentsolutionestimateand,for thegradient,� Ç with �PÃ ­ X
. Since� is a sparsematrix with eachrow containinga smallnumberof nonzeroelements(exactly 8 with

trilinearfiltering), thecostof multiplying � or � Ç with avectoris proportionalto
¸ Á

. Anotherway

to expressÄ | ÃK} and
{ Ä | ÃK} is:Ä | Ãa}Í� Ã-�IÇ,�IÃ ­ �qÃÏÎ8�AÇ XÑÐÒX Î X (3.5){ Ä | Ãa}Í� �Æ� Ç �PÃ ­ �Æ� Ç X

In this formulation,the inner loop’s maincomputationmultiplies � Ç � , an
¸KÂ � ¸KÂ

matrix, with a

vector. Since� Ç � is alsosparse,thoughlesssothan � , thecostof multiplying � Ç � with avector

is proportionalto
¸ Â

. Weusethefollowing heuristicto decidewhichsetof equationsto use:

if ( � ¸ ÁAÓÕÔ ¸ Â
)

Use �IÇ"� method:Equation(3.5)

else

Use � method:Equation(3.4)

where
Ô

is a measureof relative sparsityof � Ç � comparedto � . We use
Ô � ³

. The factor2

in thetestarisesbecauseEquation(3.4) requirestwo matrix-vectormultiplieswhile Equation(3.5)

only requiresone.

Thesolver canbe spedup by usingan initial guessvector Ã that interpolatesthesolutionob-

tainedat lower resolution. The problemsizecanthenbe graduallyscaledup until it reachesthe

desiredtexture resolution[Lue94]. This multiresolutionsolver ideacanalsobe extendedto the

otherdimensionsof theparameterspace.Alternatively, oncea solutionis foundat onepoint in the

parameterspace,it canbe usedasan initial guessfor neighboringpoints,which areimmediately

solvedat thedesiredtextureresolution.Wefind thesecondmethodto bemoreefficient.

3.5.1 Solvingwith ÖØ×
Ratherthanmodelingthehardwarerenderingwith thematrix � , onecanconsidersubstitutingthe

term �PÃ in Ä | Ãa} and
{ Ä | Ãa} with anactualhardwarerenderingwith texture Ã , denotedas Ù�Ã . In

this formulation,we minimizea function Ä | Ãa} definedvia



CHAPTER3. TEXTURE INFERENCEBY INVERSERENDERING 37

Ä | Ãa}Í� e Ù�Ã ­ X e r (3.6){ Ä | Ãa}Í� �Æ� Ç | Ù�Ã ­ X }
Sincegraphicshardwarecanonly handleintegertexel values,thevector Ã mustbequantizedprior

to hardwarerendering.Theadvantageof this schemeis thatit canleadto amoreaccuratesolution,Ã , by reducingthedependenceon theaccuracy of thematrix � . Notethatwe still needto infer the

matrix � to computethe gradient,
{ Ä | Ãa} , which is usedby the conjugategradientmethod;per-

formingthe � Ç multiplicationefficiently in hardwarewouldrequiresupportfor imageconvolution,

a featurethat is not presentlyavailable. The main disadvantageof this schemeis that it requires

performinghardwarerenderingin theinner loop of theoptimizationprocedure,andthis cancause

thesolver to beslower by anorderof magnitudecomparedwith solvingwith �IÃ .

3.5.2 Solving for View-IndependentTextures

Segmentingthe ray-tracedimagesinto view-dependentandview-independentlayersallows us to

collapsethe view-independenttexturesacrossmultiple viewpoints. To computea single diffuse

texture,wesolve thefollowing problem:�-Ú� �$� ����������� �P� g� � i�P� ¤
...� �$Û ª i

�����������
��������� Ã

���������� �
® Ú� �$� �����������

X � gX � iX � ¤
...X �$Û ª i

����������� (3.7)

wherematrix � ¾
coalescesthe � matricesfor theindividual viewpoints Ü v through Ü � � x , vector

X ¾
coalescestheray-tracedimagesat thecorrespondingviewpoints,andvector Ã representsthediffuse

texture to be solved. Sincethenumberof rows in � ¾
tendsto bemuchlarger thanthe numberof

columns,we usethe � Ç � methoddescribedearlierin Equation3.5. In additionto speedingup the

solver, thismethodalsoreducesmemoryrequirements.

3.5.3 Regularization

Samplesin thetexturesolutionshouldlie in theinterval [0,1]. To ensurethis we adda regularizing

termto theobjective function Ä | Ãa} , a commontechniquefor inverseproblemsin computervision
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[Ter86, Lue94, Eng96]. Theterm,calledtherange regularization, is definedasfollows:· | Ã Êy Ë }Í� §| Ã Êy Ë ÐÞÝ } | § Ð�Ý ­ Ã Êy Ë }
Äqß½àwá � v�x | Ãa}â� Ä | Ãa} ÐÒã ® calibrationconstant� �+� �d ¸ Á¸ Â p d §· | ¢ } ­W· | § ¹ �/} p b y Ë Ê · | Ã Êy Ë } (3.8)

where
Ý � § ¹Æä § � . The function

·
approachesinfinity at

­ Ý
and

§ ÐåÝ
andthuspenalizestexels

outsidetherange.Theregularizingtermconsistsof threeparts:asummationover all texelsin Ã of

thefunction
·
, a calibrationconstantgiving theregularizingtermroughlyequalmagnitudewith Ä ,

anda user-definedconstant,
ã ® , thatadjuststhe importanceof constraintsatisfaction. We compute{ Äqß$àwá � v�x analyticallyfor theconjugategradientmethod.

One of the consequencesof settingup the texture inferenceproblemin the form of Equa-

tion (3.2)is thatonly texelsactuallyusedby thegraphicshardwarearesolved,leaving theremaining

texelsundefined.To supportmovementaway from theoriginal viewpoint samplesandto make the

texture easierto compress,all texels shouldbedefined.This canbeachieved by addinga second

term,calledthepyramidalregularization, of theform:Ä ß$àwá �)æèç ß$é � yhê | Ãa}Ñ�ëÄqß½àwá � v�x | Ãa} Ð�ã�ì d ¸ Á¸ Â pîí | ÃK} (3.9)

where í | Ãa} takesthedifferencebetweentexelsat eachlevel of theMIPMAP with an interpolated

versionof thenext coarserlevel asillustratedin Figure3.5.3. The factor
¸,Á.¹�¸KÂ

givesthe regular-

izationtermmagnituderoughlyequalwith Ä . Theobjective function Ä sumserrorsin screenspace,

while the two regularizationtermssumerrorsin texture space,hencea scaleof the regularization

termsby
¸ Á ¹�¸ Â

. Again,we compute
{ Ä ß½àwá �)æèç ß$é � yhê

analytically. This regularizingtermessentially

imposesa filter constraintbetweenlevelsof theMIPMAP, with user-definedstrength
ã�ì

. We cur-

rently define í usingsimplebilinear interpolation. We find that the first regularizingterm is not

neededwhenthisMIPMAP constraintis used.

3.6 Texture Infer enceResults

Figures3.7-3.11show resultsof textureinferenceonaglasscupobject.In Figure3.7,we show the

texture mapsthat have beeninferredwith our least-squarestexture inferenceapproachaswell as

with theforwardmappingandray-tracingapproaches.Thetopthreetexturemapsareinferredusing

the least-squaresinferencemethodwith threedifferent texture filtering modes:bilinear, trilinear
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Figure3.6: Pyramidal regularization. Computedby taking the sumof squareddifferencesbe-
tweentexelsateachlevel of theMIPMAP with theinterpolatedimageof thenext higherlevel.

and anisotropic. Thesethreetextureswere solved with
ã ® � § ¹Æñ � and did not usepyramidal

regularization,resultingin many undefinedtexels, coloredin pink. We alsosolved for a texture,

shown in the far left of thebottomrow, usinga pyramidalregularizationconstraintwith
ãqì � ¢&òo§

ratherthana rangeregularizationterm.

Figure3.8comparestheoriginal imageto bematched,in theupperleft, with hardware-rendered

imagesusinginferredtexturemaps.Figure3.9presentsclose-upresultsfor thestemregion of the

cup.All hardware-renderedimagesweregeneratedwith theNvidia GeForce3chip,whichsupports

ananisotropy factorup to 4.

In general,bilinearfiltering providesthesharpestandmostaccurateresultbecauseit usesonly

thefinestlevel MIPMAP andthushasthehighestfrequency domainwith which to matchtheorig-

inal. Trilinear MIPMAP filtering producesa somewhatworseresult,andanisotropicfiltering with

anisotropicfactorsup to 2 andup to 4 arein between.It canbeseenin Figure3.7thatmoretexture

areais filled from thefinestpyramidlevel for anisotropicfiltering comparedto trilinear, especially

nearthe cup’s stem,while bilinear filtering altogetherignoresthe higherMIPMAP levels. Note

thoughthatbilinearfiltering producesthishighly accurateresultonlyat theexactparametervalues

(e.g., viewpointlocations)andimage resolutionswhere thetexturewasinferred. Theotherschemes

aresuperiorif viewpoint or imageresolutionarechangedfrom thosesamples.

Thelasttwo columnsin themiddlerow of Figure3.8comparetheeffectof solvingwith pyrami-

dal regularization.Both imagesweregeneratedwith up to a factorof 4 anisotropicfiltering. It can

beseenthattheimagesarealmostidenticalwith
ã�ì � ¢&òo§

for pyramidalregularization.Pyramidal

regularizationfills all occlusionholesallowing movementaway from theoriginal viewpoint sam-

ples. Smoothhole filling alsomakesthe texture easierto compressby removing hardboundaries

betweendefinedandundefinedsamples.RegularizationmakesMIPMAP levelstendtowardfiltered



CHAPTER3. TEXTURE INFERENCEBY INVERSERENDERING 40

versionsof eachother;we exploit this by compressingonly thefinestlevel andre-creatinghigher

levelsby on-the-flydecimationin thedecoder.

The top row of Figure3.8 shows resultsfor the “forward mapping”methodin which texture

samplesaremappedto theobject’s imagelayerandinterpolatedusingahigh-qualityfilter. Weused

a separableLanczos-windowed sincfunctionwith a halfwidth of 4. To handleocclusions,we first

filled undefinedsamplesin thesegmentedlayerusingasimpleboundary-reflectionalgorithm.For-

wardmappingproducesablurry andinaccurateresultbecauseit doesnotaccountfor how graphics

hardwarefilters the textures. In addition,reflectionhole-filling producesartificial, high-frequency

informationin occludedregionsthatis expensive to encode.

Finally, thebottomrow of Figure3.8 shows resultsfor themethodof ray-tracingdirectly into

texture maps. We generatedtexture mapsfor this methodby renderingdirectly into texturesthat

aresupersampledby a factor3, andthendown-sampledthe texturesto theactualresolutionusing

a separableLanczos-windowed sincdecimationfilter with a halfwidth of 6. As shown, ray-tracing

directly into texturemapsalsoproducesa blurry andinaccurateresultbecauseit doesnot account

for how graphicshardwarefilters the textures. This effect is moreeasilyseenin Figure3.10and

Figure3.11. Again, thereis theproblemof filling in occludedregions,andtheassociatedproblem

of how to build MIPMAPs. In our solution,we ignorewhethera surfacehappensto be front or

back-facingwhichsimplifiesbuilding of MIPMAPsby mimickingreflectionhole-filling, but places

artificial, high-frequency informationin occludedregionsthatis expensive to encode.

Figure3.10andFigure3.11compareinferencemethodsfor abilinearandanisotropichardware

filter, respectively. It is moresignificantto comparethe resultsfor the anisotropicfilter because

this filter morerobustly handleschangesin viewpoint andresolution. In termsof peaksignal to

noiseratio, thereis a 2.4dB differencebetweentheleast-squaresmethodandtheforwardmapping

method,anda3.4dB differencebetweenleast-squaresmethodandthemethodof ray-tracedtexture

maps.Weconcludethatby consideringthehardwarefilter modelthatis usedwhentexturemapping

geometryin graphicshardware,andby usinga least-squaresoptimizationapproach,we canpro-

duceimageson graphicshardwarethatmoreaccuratelymatchtheoriginal ray-tracedimagesthan

alternative approaches.
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Figure3.8: Imagecomparisonacrosstexture filtering modesand inferencemethods.Thepyra-
midal imageis generatedwith ananisotropy factorof 4.
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Figure 3.9: Close-up image comparison. The highlight within the red box is a good placeto
observe differences.
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Figure3.9: Close-upimagecomparison(continued).
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Figure3.10: Imagecomparisonacrossinferencemethodswith bilinear texture filtering .
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wererenderedwith hardwarethatsupportsananisotropy factorup to 4.



Chapter 4

ParameterizedTextureCompression

For syntheticscenes,thetimeandviewpointparametersof theplenopticfunction[Ade91, McM95]

canbegeneralized.We arefreeto parameterizetheradiancefield basedon time,positionof lights

or viewpoint, surfacereflectanceproperties,objectpositions,or any otherdegreesof freedomin

the scene,resultingin an arbitrary-dimensionalparameterizedanimation. Our goal is maximum

compressionof theparameterizedanimationthatmaintainssatisfactoryquality anddecodesin real

time. Oncetheencodingis downloadedover a network, thedecodercantake advantageof special-

izedhardwareandhigh bandwidthto thegraphicssystemallowing a userto exploretheparameter

space. High compressionreducesdownloadingtime over the network andconserves server and

client storage.

Figure4.1 illustratesour system.Ray-tracedimagesat eachpoint in the parameterspaceare

fed to the compiler togetherwith the scenegeometry, lighting models,andviewing parameters.

The compiler targetsany desiredtype of graphicshardwareandinfers texture resolution,texture

domainmapping,andtexturesamplesfor eachobjectovertheparameterspaceto produceasgooda

matchaspossibleon thathardwareto the“gold-standard”images(asdiscussedin Chapter3). Per-

object texture mapsare thencompressedusing a novel, multi-dimensionalcompressionscheme.

The interactive runtimeconsistsof two partsoperatingsimultaneously:a texture decompression

engineanda traditionalhardware-acceleratedrenderingengine.

Thecontributionsof this chapterareasfollows:

� We introducethe problemof compressingmultidimensionalanimations,not just radiance

fieldsparameterizedby viewpoint or animationsthrough1D time.

� We fully exploit cheapandubiquitousgraphicshardwareby renderingtexture mapson ge-

ometricobjectsratherthanview-basedimages.We employ anautomaticmethodto allocate

storageover objectstexture mapsandselecttexture mapresolutionsanddomainsbasedon

47
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Figure4.1: SystemOverview.

the gold-standardimages.We alsoseparatediffuseandspecularlighting layersto increase

compression,usingautomaticstorageallocationover theselighting layers.(Section4.5)

� Wepresentnovel methodsfor general,multidimensionalcompressionusinganadaptiveLapla-

cianpyramidthatallows real-timedecodingandhighcompressionratios.(Section4.3)

� Wedescribeanovel run-timesystemthatcachesto speedtexturedecodingandstaggersblock

originsto distributedecompressionload. (Section4.7)

� We presentrealistic, highly specularexampleswith multiple objectscontainingthousands

of polygons,usinga PC equippedwith a consumergraphicscard. The quality andgener-

ality of our examplesexceedprevious work in image-basedrendering.We demonstratethe

superiorityof our encodingover alternatives like MPEG4andshow high-quality resultsat

compressionratiosof 200-800with nearreal-time(˜ 5Hz) decoderscapableof hardwareim-

plementation.Fasterdecoding(˜ 31Hz)is alsopossibleat reducedquality. Sincethesystems

main bottleneckis texture decompression,our findingsprovide incentive for incorporating

moresophisticatedtexture decompressionfunctionality in future graphicspipelines. (Sec-

tion 4.8)

Thelimitationsof ourapproachareasfollows:

� We assumethata list of thegeometricobjectsandtheir textureparameterizationsaregiven

asinput.
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Figure4.2: Parameter Block Compression. An 8x8 block of parameterizedtexturesfor a glass
cupobjectis shown. In this example,dimensionp1 representsa 1D viewpoint trajectorywhile p2
representstheswingingof a light source.Note thehigh degreeof coherencein the texture maps.
Oneof thetexturesis shown enlarged,parameterizedby theusualspatialparameters,denotedu and
v. We usea Laplacianpyramid to encodetheparameterspaceandstandard2D compressionsuch
asblock-basedDCT to furtherexploit spatialcoherencewithin eachtexture(i.e., in u andv).

� Efficient encodingrelieson parameter-independent geometry;that is, geometrythatremains

staticor rigidly moving andthusrepresentsa small fraction of thestoragecomparedto the

parameter-dependent textures. For eachobject,polygonalmesheswith texture coordinates

areencodedonceasheaderinformation.

� Thecompilermusthave accessto animageat eachpoint in parameterspace,socompilation

is exponentialin dimension.Webelieveourcompilationapproachis goodfor spacesin which

all but oneor two dimensionsaresecondary;i.e., having relatively few samples.Examples

includeviewpointmovementalonga1D trajectorywith limited side-to-sidemovement,view-

pointchangeswith limited, periodicmotionof somescenecomponents,or timeor viewpoint

changescoupledwith limited changesto thelighting environment.
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4.1 Parameter SpaceBlocks

Themultidimensionalfield of texturesfor eachobjectis compressedby subdividing into parameter

spaceblocksasshown in Figure4.2.Largerblocksizesbetterexploit coherencebut aremorecostly

to decodeduringplayback;we used�! "� blocksin our2D examples.

4.2 Why compressparameterized textures instead of parameterized

images?

Ourapproachinfersandcompressesparameter-dependenttexturemapsfor individualobjectsrather

thancombinedviewsof theentirescene.Encodingaseparatetexturemapfor eachobjecthasseveral

advantages:

� Texturesbettercapturecoherenceacrosstheparameterspaceindependentlyof wherein the

imageanobjectappears.This is particularlythecasefor diffuselyshadedobjects.

� Objectsilhouettesarecorrectlyrenderedfrom actualgeometryandsuffer fewercompression

artifacts.

� The viewpoint canmove from the original parametersampleswithout revealinggeometric

disocclusions.

4.3 AdaptiveLaplacian Pyramid

We encodeparameterizedtexture blocksusing a Laplacianpyramid [Bur83]. Considera single#%$'&)(+*
texturesample,parameterizedby a d-dimensionalspace,)-/. & -10 &3232324& -6587 with 9 samplesin

eachdimensionof theblock. Startingfrom thefinest(bottom)level with 9 5 samples,theparameter

samplesarefilteredusinga Gaussiankernelandsubsampledto producecoarserversions,until the

topof thepyramidis reachedcontainingasinglesamplethataveragesacrossall of parameterspace.

Eachlevel of thepyramidrepresentsthedetailthatmustbeaddedto thesumof thehigherlevelsin

orderto reconstructthesignal.Coherentsignalshaverelatively little informationat thelower levels

of thepyramid,sothisstructuresupportsefficientencoding.

ThoughtheLaplacianpyramidis notacritically sampledrepresentation,it requiresjust :<;>= 0 # 9 *
simpleimageadditionsin orderto reconstructaleaf image.In comparison,amultidimensionalHaar

wavelettransformrequires
#@? 51ACB * :<;>= 0 # 9 * imageadditionsandsubtractions.Anotheradvantageof

theLaplacianPyramidis thatgraphicshardwarecanperformthenecessaryimageadditionsusing

multipletexturestages,thusenablingon-the-flydecompression.Fordecodingspeed,wereconstruct
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Figure4.3: AdaptiveLaplacian Pyramid.

usingthenearest-neighborparametersample;higher-orderinterpolationtemporallysmoothsresults

but is muchmoreexpensive.

The“samples”ateachpyramidlevel areentire2D imagesratherthansamplesatasingle
#%$'&)(+*

location. We usestandard2D compression(e.g., JPEG[Pen92, Xio96] and SPIHT [Sai96] en-

codings)to exploit spatialcoherenceover
#%$'&)(+*

space.Eachlevel of theLaplacianpyramid thus

consistsof a seriesof encoded2D images.Parameterandtexturedimensionsaretreatedasymmet-

rically becauseparametersareaccessedalongan unpredictable1D subspaceselectedby the user

at run-time. We cannot afford to processlarge fractionsof the representationto decodea given

parametersample,aproblemsolvedby usingtheLaplacianpyramidwith fairly smallblocksize.

In contrast,texturemapsareatomicallydecodedandloadedinto thehardwarememoryandso

provide moreopportunityfor a softwarecodecthat seeksmaximumcompressionwithout regard

for randomaccess.We anticipatethat texture mapdecodingfunctionality will soonbe absorbed

into graphicshardware [Bee96]. In that case,whatever compressedrepresentationthe hardware

consumesis agoodchoicefor theleafnodetexturemaps.

It is typically assumedin imagecodingthatbothimagedimensionsareequallycoherent.This

assumptionis lesstrue of parameterizedanimationswhere,for example,the informationcontent

in a viewpoint changecangreatlydiffer from thatof a light sourcemotion. To take advantageof

differencesin coherenceacrossdifferentdimensions,we usean adaptiveLaplacianpyramid that
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Figure4.4: Example Imagesfrom eachLevel of an Adaptive Laplacian Pyramid.

subdividesmorein dimensionswith lesscoherence.Figure4.3 illustratesall thepossiblepermu-

tationsof a 2D adaptive pyramidwith four levels, in which coarserlevels still have 4 timesfewer

samplesasin thestandardLaplacianpyramid.Thoughnotshown in thefigure,it is alsopossibleto

constructpyramidswith differentnumbersof levels,for exampleto “jump” directly from an �! J�
level to an �K B . Wepick thepermutationthatleadsto thebestcompressionusingagreedysearch.

Figure4.4 illustratestextureimagesateachlevel of anadaptive Laplacianpyramid.

4.4 MPEG Encodingof ParameterizedTextures

As mentionedabove,themainreasonsfor pickingtheLaplacianpyramidapproachis thatit provides

high compressionby exploiting multi-dimensionalcoherence,andat the sametime supportsfast

decodingby limiting processingto just oneimagefrom eachlevel of thepyramid. Onealternative

approachis MPEGencodingof parameterizedtextures.

Theideais to performMPEGencodingin a2D or higher-dimensionalspaceby takingazig-zag

paththroughthespacevaryingthedimensionof mostcoherencemostrapidly. Oneof theparame-

tersof MPEGencodingis thespacingbetweenI-frames,or numberof I-framesperblock. Having

a single I-frame/blockmaximizescompression,but increasesdecodingtime. In the worst case,

accessinga parameterizedtexture requires23 inverseDCT operations,22 forward predictions,1

backward predictionand1 interpolationpredictionfor the singleI/block case.We do not believe

the1I/blockencodingis practicalfor real-timedecoding.Thisanalysisis alsotruefor whenMPEG
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is usedto encodeparameterizedimagesinsteadof textures.Note thatdecreasingthenumberof I-

framesperblock in MPEGis somewhatanalogousto increasingtheblocksize,andthusthenumber

of levels, in our pyramid schemes– both trade-off decodingspeedfor bettercompression.At 10

I-frames/block,4 inverseDCT’s,2 forwardpredictions,1 backwardprediction,and1 interpolative

predictionarerequiredin theworstcase.This is roughlycomparableto ourDCT Laplacianpyramid

decoding,which alsorequires4 inverseDCT operations,thoughpyramid reconstructioninvolves

only 3 imageadditionsratherthanmorecomplicatedmotionpredictions.Resultsfor MPEGencod-

ing of texturesarepresentedin Section4.8andcomparedagainstourLaplacianpyramidapproach.

4.5 Automatic StorageAllocation

To encodetheLaplacianpyramid,storagemustbeassignedto its variouslevels.Weapplystandard

bit allocationtechniquesfrom signal compression[Ger92, p.606-610]. Curves of meansquared

errorversusstorage,calledrate/distortioncurves, areplottedfor eachpyramid level andpointsof

equalslopeon eachcurve selectedsubjectto a total storageconstraint.More precisely, let LKM #%N M *
bethemeansquarederror(MSE) in theencodingof level O whenusing

N M bits. It canbeshown that

theminimumsumof MSE overall levelssubjectto a total storageconstraintof P ; i.e.,

QSRUTWV
M L M

#%N M *YX V
M
N M'Z P

occurswhen the L!. ’ Z L[0 ’ Z]\3\3\^Z L`_ ’ , where a is the total numberof levels and LKM ’ Zb L`Mdc b N M . We minimize the sumof MSEsbecausea texture imageat a given point in parameter

spaceis reconstructedas a sum of imagesfrom eachlevel, so an error in any level contributes

equallyto theresultingerror. A simple1D root findersufficesto find LKM ’ from which the
N M canbe

derivedby invertingtherate/distortioncurve at level O .
Thereis alsoa needto performstorageallocationacrossobjects;that is, to decidehow much

to spendin the encodingof objectA’s texture vs. objectB’s. This kind of storageallocationis

neededfor both the Laplacianpyramid andMPEG approachesof encodingtextures. We usethe

samemethodasfor allocatingbetweenpyramidlevels,exceptthattheerrormeasureis L^M/egfhM L[M ,
where f M is thescreenareaand L M theMSE of object O . This minimizesthesumof squarederrors

on thescreenno matterhow thescreenareais decomposedinto objects.To speedprocessing,we

computeerrorsin texturespaceratherthanrenderingthetexturesandcomputingimageerrors.We

find thisprovidesanacceptableapproximation.

A complicationthatarisesis thattherecanbelargevariationsin MSE amongdifferentobjects,
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Figure4.5: Compensationfor Gamma Correction.

someof which canbeperceptuallyimportantforegroundelements.We thereforeintroducea con-

straintthatany objectsMSEsatisfy L[Mkjml L whereL is theaverageMSEof all objectsand lon B
is a user-specifiedconstant.A two-passalgorithmis usedin which we first minimize p M L M over

objectssubjectto an overall storageconstraint.Using the resulting L , we theneliminatethe part

of the ratedistortioncurvesof any object that incursmoreMSE than l L andsolve again. This

reallocatesstoragefrom objectswith low MSEsto objectswith above-thresholdMSEsin sucha

wayasto minimizesumof squarederrorin thebelow-thresholdobjects.

Theabovealgorithmscanalsobeusedasastartingpoint for manualallocationof storageacross

objects,sothatmoreimportantobjectscanbemorefaithfully encoded.

For objectswith both specularanddiffusereflectance,we encodeseparatelighting layersfor

which storagemustbe allocated.We usethe methoddescribedabove on the entirecollectionof

texturesacrossobjectsandlighting layers.

4.6 Compensationfor GammaCorr ection

Splitting an object’s lighting layersinto the sum of two termsconflictswith gammacorrection,

since q #sr .ht r 0 *vuZ q #sr . * twq #sr 0 * where
r M are the lighting layersand q #%xy* Z x .{z}| is the

(nonlinear)gammacorrectionfunction.Typically, ~!� ?�2�?
. Without splitting,wecansimplymatch

texturemapsto agamma-correctedversionof thegoldstandard,althoughthis is notentirelycorrect

becausehardwarewould belinearfiltering thegamma-correctedtexture. With splitting,we instead

infer texturesfrom theoriginal,uncorrectedlayerssothatsumsarecorrectlyperformedin a linear

space,andgammacorrectasa final stepin the hardwarerendering.The problemarisesbecause

gammacorrectionmagnifiescompressionerrorsin thedarkregions.

To compensate,we insteadencodebasedon the gammacorrectedsignals, q #sr M * , effectively

scalingup thepenaltyfor compressionerrorsin thedarkregions.At run-time,weapplytheinverse

gammacorrectionfunction q�� . #%xy* Z x | to the decodedresult before loading the texture into
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Figure4.6: Staggeringof block origins. Weusedifferentblock originsfor differentobjects.

hardwarememory, and,asbefore,sumusingtextureoperationsin a linearspaceandgammacorrect

thefinal result. This processis illustratedin Figure4.5. We notethat the inversegammafunction

employed, aswell asgammacorrectionat higherprecisionthanthe 8-bit framebuffer result, is a

usefulcompanionto hardwaredecompression.

4.7 Runtime System

Theruntimesystemdecompressesandcachestextureimages,appliesaffine transformationsto ver-

tex texture coordinates,andgeneratesrenderingcalls to the graphicssystem. Movementoff (or

between)theoriginal viewpoint samplesis allowedsimply by renderingfrom thatviewpoint using

theclosesttexturesample.

The texturecachingsystemdecideswhich texturesto keepin memoryin decompressedform.

Becausetheuser’s paththroughparameterspaceis unpredictable,weuseanadaptive cachingstrat-

egy basedon the notion of lifetimes. Whenever a texture imageis accessed,we reseta countof

the numberof framessincethe imagewaslast used. Whenthe counterexceedsa given lifetime,r
, thememoryfor thedecompressedimageis reclaimed.Differentlevelsof theLaplacianpyramid

have differentlevels of priority sinceimagesnearthe top aremorelikely to be reused.Lifetimes

arethereforecomputedas
r Z������ where � is a constantthatrepresentsthelifetime for leaf nodes

(typically 20), � is the factorof lifetime increasefor higherpyramid levels (typically 4) and � rep-

resentspyramidlevel. Notethatthenumberof imagescachedat eachpyramidlevel andparameter

spaceblockchangesdynamicallyin responseto userbehavior.

If blocksof all objectsarealigned,thenmany simultaneouscachemissesoccurwhenever the

usercrossesa block boundary, creatinga computationalspike asmultiple levelsin thenew blocks’
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Laplacianpyramidsaredecoded.We mitigatethis problemby staggering theblocks,asillustrated

in Figure4.6, usingdifferentblock origins for differentobjects,to moreevenly distribute decom-

pressionload.

4.8 Compressionand PerformanceResults

4.8.1 Demo1: Light � View

4.8.1.1 CompressionResults

The first examplescene(Figure4.9, top left) consistsof 6 staticobjects: a reflective vase,glass

cup, reflective tabletop, tablestand,walls, andfloor. It contains4384trianglesandwasrendered

in about5 hours/frameon a groupof 400MhzPentiumII PCs,producinggold standardimagesat

640 480 resolution.The2D parameterspacehas64 viewpoint samplescircling aroundthe table

at 1.8� /sampleand8 different positionsof a swinging,sphericallight source1. The imagefield

wasencodedusingeight8  8 parameterspaceblocks,eachrequiringstorage640 480 3  8  8=

56.25MB/block.

Our least-squarestexture inferencemethodcreatedparameterizedtexturesfor eachobject,as-

sumingtrilinear texture filtering. The resultingtexture fields werecompressedusinga variety of

methods,includingadaptive2D Laplacianpyramidsof bothDCT- andSPIHT-encodedlevels.Stor-

ageallocationover objectswascomputedusingthemethodof Section4.5,with a maxMSE vari-

ationconstraintof l Z B 2�?>� . Thedecodedtextureswerethenappliedin a hardwarerenderingon

a graphicscardwith theNvidia Geforce256chip,32MB local videomemory, and16MB nonlocal

AGPmemoryrunningon a PentiumIII 733MhzPC.To testthebenefitsof theLaplacianpyramid,

we alsotried encodingeachblock usingMPEGon a 1D zig-zagpaththroughtheparameterspace

varyingmostrapidlyalongthedimensionof mostcoherence(Figure4.7).A state-of-the-artMPEG4

encoder[MIC99] wasused. Finally, we comparedagainstdirect compressionof the original im-

ages(ratherthanrenderingsusingcompressedtextures),againusingMPEG4 with oneI-frameper

block. ThisgivesMPEGthegreatestopportunityto exploit coherencewith motionprediction.

Figures4.9and4.10show theresultsat a targetedcompressionrateof 384:1andFigures4.11

and4.12shows the resultsat a targetedcompressionrateof 768:1,representingtarget storageof

150 KB/block and75 KB/block respectively. Due to encodingconstraints,somecompressionra-

tios undershotthe target andarehighlightedin yellow. All texture-basedimagesweregenerated

on graphicshardwareusing
?  ? antialiasing;their MSEswerecomputedfrom the framebuffer

contents.MSEswereaveragedoveranentireblockof parameterspace.

1Thespecificparameterswerelight sourceradiusof 8, pendulumlengthof 5, distanceof pendulumcenterfrom table
centerof 71,andangularpendulumsweepof 22� /sample.
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Figure4.7: MPEG 1D zig-zagpath thr ough a single �� �� block of parameter space.Thezig-
zagpath is chosenso that the dimensionof mostcoherencevariesmost rapidly, in this example
dimension-'. .

BothLaplacianpyramidtextureencodings(right two columns,bottomrow) achieve reasonable

qualityat768:1,andquitegoodqualityat384:1.Theview-basedMPEGencoding,labeled“MPEG-

view”, is inferior with obvious block artifactson objectsilhouettes,even thoughMPEGencoding

constraintsdid not allow asmuchcompressionastheotherexamples.TheSPIHT-encodedLapla-

cianpyramid is slightly betterthanDCT, exhibiting blurrinessratherthanblock artifacts(observe

the left handsideof thevasefor the768:1rate). Thedifferencesin thepyramidschemesbetween

the384:1and768:1targetsarefairly subtle,but canbeseenmostclearly in thetransmittedimage

of thetabletop throughtheglasscup.Of course,artifactsvisible in astill imagearetypically much

moreobvioustemporally.

For MPEG encodingof textures we tried two schemes: one using a single I-frame per

block (IBBPBBP
23232

BBP) labeled“MPEG-texture1I-frame/block”,andanotherusing10 I-frames

(IBBPBBIBBPBBI
23232

IBBP) labeled“MPEG-texture10I-frames/block”.Thezig-zagpathwascho-

senso that the dimensionof most coherencevariesmost rapidly, in this casethe light position

dimension(Figure4.7).As mentionedin Section4.4,thoughsingleI-frame/blockmaximizescom-

pression,it doessoat thecostof decodingtime. We do not believe the1 I-frame/blockencoding

is practicalfor real-timedecoding,but includetheresultfor quality comparison.MPEGencoding

with 10 I-framesperblock is roughlycomparableto ourDCT Laplacianpyramiddecoding.

The10 I-frame/blockMPEG-textureresultshave obviousblock artifactsat bothquality levels

especiallyon the vaseandgreenwallpaperin the background.They are inferior to the pyramid

encodings.This is trueeventhoughwe wereunableto encodethescenewith highercompression

than418:1,significantly lessthanthe otherexamplesat the 768:1 target rate. This result is not

surprisinggiven that MPEG canonly exploit coherencein onedimension. The 1 I-frame/block
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resultsarebetter, but still inferior to thepyramidschemesatthe384:1target,wherethevaseexhibits

noticeableblock artifacts. For the768:1target, thequality of MPEG-texture1 I-frame/blockfalls

betweentheSPIHTandDCT pyramids.Unlike theMPEG-view case,theMPEG-textureschemes

still usemany of thenovel featuresof ourapproach:hardware-targetedtextureinference,separation

of lighting layers,andoptimalstorageallocationacrossobjects.

Figure 4.13 isolatesthe benefitsof lighting separationand adaptive Laplaciansubdivision.

Theseresultswereachieved with the LaplacianSPIHT encodingat the 384:1 target. With com-

binedlighting layers,adaptive subdivision increasesfidelity especiallynoticeablein thetableseen

throughtheglasscup(Figures4.13aandb); MSE acrosstheblock is reduced20%.This is because

textures,especiallytheglasscup’s, changemuchlessover the light positiondimensionthanover

theview dimension.In response,thefirst level of pyramidsubdivisionoccursentirelyover theview

dimension.We thenseparatelyencodethediffuseandspecularlighting layers,still usingadaptive

subdivision (Figure 4.13c). While this increasesMSE slightly becauseadditionaltexture layers

mustbeencoded2, theresultis perceptuallybetter, producingsharperhighlightson thevase.

4.8.1.2 SystemPerformance

Averagecompilationandpreprocessingtime per point in parameterspaceis shown in Table4.1.

It canbe seenthat total compilationtime is a small fraction of the time to producethe ray-traced

images.

texturecoordinateoptimization 1 sec
obtainingmatrix A 2.15min
solvingfor textures 2.68min
storageallocationacrosspyramidlevels 0.5min
storageallocationacrossobjects 1 sec
compression 5 sec

total compilation 5.43min

ray tracing 5 hours

Table4.1: ParameterizedTextureMapCompilationTimeperImagein ParameterSpace

To determineplaybackperformance,we measuredaverageandworst-caseframerates(fps) for

a diagonaltrajectorythat visits a separateparametersampleat every frame. The resultsfor both

2Only the table-topandvaseobjectshadseparatelyencodeddiffuseandspecularlayers;they weretheonly objects
with diffuseandreflective termsin their shadingmodel. Thusa total of 8 parameterizedtextureswereencodedfor this
scene.
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DCT- andSPIHT-Laplacianpyramidencodingsaresummarizedin Table4.2andusedcompression

at the384:1target.

Encoding Texture Worst fps Averagefps
Laplacian undecimated 2.46 4.76
DCT decimated 18.4 30.7

Laplacian undecimated 0.27 0.67
SPIHT decimated 2.50 5.48

Table4.2: ParameterizedTextureMap RuntimePerformance

The performancebottleneckis currentlysoftwaredecodingspeed.To improve performance,

we tried encodingtexturesat reducedresolution.Reducingtextureresolutionby anaveragefactor

of 11 (91%) usinga manuallyspecifiedreductionfactorper objectprovidesacceptablequality at

about31 fps with DCT. Decodingspeedupis not commensuratewith resolutionreductionbecause

it partially dependsonsignalcoherenceanddecimatedsignalsarelesscoherent.

4.8.2 Demo2: View � Object Rotation

In thesecondexample,we addeda rotating,reflective gewgaw on the table. Theparameterspace

consistsof a 1D circular viewpoint path,containing24 samplesat 1.5� /sample,and the rotation

angleof thegewgaw, containing48 samplesat 7.5� /sample.Resultsareshown in Figure4.14for

encodingsusingMPEG-view andLaplacianSPIHT.

This is achallengingexamplefor ourmethod.Therearemany specularobjectsin thescene,re-

ducingtheeffectivenessof lightingseparation(thegewgaw andglasscuphavenodiffuselayer).The

parameterspaceis muchmorecoherentin the rotationdimensionthanin theview dimension,be-

causegewgaw rotationonly changestherelatively smallreflectedor refractedimageof thegewgaw

in theotherobjects.On theotherhand,thegewgaw itself is morecoherentin theview dimension

becauseit rotatesfasterthantheview changes.MPEGcanexploit this coherencevery effectively

usingmotioncompensationalongtherotationdimension.Thoughourmethodis designedto exploit

multidimensionalcoherenceandlacksmotioncompensation,ouradaptivepyramidalsorespondsto

theunbalancedcoherence,producingaslightly betterMSE andaperceptuallybetterimage.

To producetheseresults,we manuallyadjustedthestorageallocationover objects.Shadingon

thebackgroundobjects(walls,floor, andtablestand)is staticsincethey arediffuseandthegewgaw

castsno shadows on them.Their storagecanthusbeamortizedover all 18 blocksof theparameter

space.Becausethey project to a significantfraction of the imageandcanbe so efficiently com-

pressed,our automaticmethodgivesthemmorestoragethantheir perceptualimportancewarrants.
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Diffuse Texture


Albedo Texture
 Lighting Texture


Figure4.8: Separationof Diffuse Texture into Albedo and Lighting Textures.

We reducedtheir allocationby 72%anddevotedtheremainderto anautomaticallocationover the

foregroundobjects.Evenwith this reduction,thetexture-basedencodingproduceslesserroron the

backgroundobjects,ascanbeseenin Figure4.14.

Real-timeperformancefor thisdemois approximatelythesameasfor demo1.

4.9 Discussion

Our simple sum of diffuse and speculartexture mapsis but a first steptoward more predictive

graphicsmodelssupportedby hardwareto aid compression.Oneexampleoptimizationis to take

advantageof texturemultiplicationin graphicshardwareandfurthersegmentthediffuselayer into

separatealbedoandlighting layers.This segmentation,illustratedin Figure4.8, is usefulfor sep-

aratinga high-frequency but parameter-independent albedomapfrom a low-frequency, parameter-

dependentincidentirradiancefield. Thealbedomapneedonly becompressedoncewith thestorage

costamortizedover all blocksin thespace.Otherexamplesof graphicsmodelsthatmay improve

compressioninclude parameterizedenvironmentmapsto encodereflections(as discussedin the

next Chapter),hardwareshadowing algorithms,bump-mappinghardwaresupport,andper-vertex
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shadingmodels.

With respectto run-timeperformance,our presentsystemdecompressesandloadsinto hard-

warememoryentiretexturesratherthansimplyloadingregionsof texturesthatareactuallyaccessed

during rendering.The consequenceof this simpleapproachis that somefractionof the decoding

computationandmemorybandwidtharewasted.This inefficiency canbereducedby takingadvan-

tageof informationavailableabouttextureaccessesduringcompilationto keepa recordof which

regionsof thetextureto decodeandloadat run-time,albeitat a slight increasein storagecost.Al-

ternatively, a moreelegantsolutionis for graphicshardwareto adopta “virtual memory” system

for texturemaps,whereonly regionsof thetexture thatareactuallyaccessedduringrenderingare

decodedandpaged into memory.
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Figure4.9: Demo1CompressionResultsat 384:1Target compression.(150KBytes/block)
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Figure 4.10: Close-up Demo1 Compression Results at 384:1 Target compression. (150
KBytes/block)
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Figure4.11:Demo1CompressionResultsat 768:1Target compression.(75KBytes/block)
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Figure 4.12: Close-up Demo1 Compression Results at 768:1 Target compression. (75
KBytes/block)
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Figure4.13:Benefitsof Adaptive Subdivision and Lighting Separation.
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Figure4.14:Demo2CompressionResultsat 361:1Target compression.(160KBytes/block)



Chapter 5

ParameterizedEnvir onmentMaps

In Chapter4, we capturerealistic,pre-renderedshadingeffectsincludingreflectionsasparameter-

ized texture maps(PTMs) on surfaces.This methodof capturingview-dependentshadingmakes

it hardto move “off the manifold” or away from the sampledviews – the shadinglooks (andin-

deedis) pastedon dueto theuseof statictexturecoordinates.Traditionalenvironmentmapshave

beendevelopedin graphicsfor handlingreflective objects,but as we show in Section5.1, such

environmentmapsfail to capturelocal reflectionsincludingeffectslike self-reflectionsandparal-

lax in the reflectedimagery. We insteadproposeparameterizedenvironmentmaps(PEMs),a set

of per-view environmentmapswhich accuratelyreproducelocal reflectionsat eachviewpoint as

computedby an offline ray tracer. Even with a small set of viewpoint samples,PEMs support

plausiblemovementawayfrom andbetweenthepre-renderedviewpointsampleswhile maintaining

local reflections.They alsomake useof environmentmapssupportedin graphicshardwareto pro-

vide real-timeexplorationof thepre-renderedspace.In additionto parameterizationby viewpoint,

our notionof PEM extendsto general,multidimensionalparameterizationsof thescene,including

relative motionsof objectsandlighting changes.

Our contributionsincludea techniquefor inferring environmentmapsproviding a closematch

to ray-tracedimagery(Section5.8). We alsoexplicitly infer and encodeall MIPMAP levels of

the PEMsto achieve higheraccuracy. We proposelayeredenvironmentmapsthat separatelocal

anddistantreflectedgeometry(Section5.7). We explore several typesof environmentmapsin-

cluding finite spheres,ellipsoids,andboxes that betterapproximatethe environmentalgeometry

(Section5.4). We demonstrateresultsshowing faithful local reflectionsin an interactive viewer

(Section5.10).

68
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Figure5.1: Traditional, or static, environment maps. Traditionalenvironmentmapsachieve a
reasonableapproximationof reflectionsandareeasilysupportedin hardware. (a) They arecon-
structedusing standardtechniques,suchas by taking a photographof a reflective spherein an
environment,or renderingsix facesof cubefrom anobjectcenter. (b) Texturecoordinatesarecom-
putedfor staticenvironmentmapsby reflectingtherayfrom theeyeoff thelocalgeometryandusing
thedirectionof the reflectionray to index into themap,like theoneshown on the left. This is in
contrastto texturemapswherethetexturecoordinatesarefixed. Notethatwe usetheabbreviation
EM for environmentmaps.

5.1 Traditional/Static Envir onmentMaps

Accurate,real-timerenderingof shiny objectshaslong beenagoalof computergraphics.Environ-

mentmaps(EMs) [Bli76, Gre86, Hae93, Mil84, Voo94], which storea sphereof radianceincident

at a point, achieve a reasonableapproximationof reflectionsandareeasilysupportedin hardware.

Unfortunately, becauseEMs, illustratedin Figure5.1,areconstructedfrom a singlepoint like the

reflective object’s center, they fail to accuratelyreproducelocal reflections(Figure 5.2c). Self-

reflectionsarelostsincetheobjectitself is omittedduringEM constructionandgeometricaccuracy

sufferswhenthesurfacepoint is notexactlyat theobjectcenteror if thereflectedobjectis not very

distant.

5.2 ParameterizedEnvir onmentMaps

Oursolutionto theproblemof accuratelyreproducinglocal reflectionsis to recordmultipleEMsat

asetof viewpointsin apre-renderedspace.TheseEMsarenotsphericalimagesof theenvironment

at a point. Instead,they areinferredasa least-squaresbestmatchto a ray-tracedimagetaken at

eachviewpoint, whenappliedasan EM in a renderingby thetarget graphicssystem. Theresultis
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(a) Ray-Traced
 (b) PEM
 (c) Static EM


Figure5.2: Simulating Reflections.Notethemissingself-reflectionsof theknobandspoutin (c)
andthefidelity of thePEM (b) matchedto theray-tracedimage(a).

a sequenceof EMs, which we call a parameterizedenvironmentmap,or PEM (Figure5.3). More

generally, PEMscanbeparameterizedwith any numberof dimensions,whichcancontrolpositions

of objectsandlights aswell asview, andany numberof samplesperdimension.

UsingPEMs,weareableto closelymatchlocal reflectioneffectslikeself-reflectionsevidentin

eachray-tracedsample(compareFigure5.2aand5.2b). Furthermore,we canmove theviewpoint

away from the ray-tracedsamples,plausiblymaintainingtheselocal reflectioneffects. In fact,by

inferring PEMsfrom ray tracedimagesalongonly a 1D subspaceof views,we achieve convincing

local reflectionsfrom anentire3D viewspacequite far from theoriginal samples.Capturinga 2D

viewspaceprovidesevenbetteraccuracy but usesmany moremaps.PEMsalsocapturemuchof the

coherencein view-dependentshading,andthuscompressvery well.

With simpleEM models,thisapproachdoesnotnecessarilymatchtheraytracedimagesexactly,

sincethemappingfrom thesurfaceof thereflectorto theEM is notnecessarilyone-to-one.In other

words,two or morereflectedpositionsin theworld canmapto thesameEM point. 1 We reduce

theseconflictsby usinglayeredEMswhichseparatelocalanddistantpartsof theenvironment.The

final resultis superiorto imagesgeneratedusingastaticEM.

1Anotherdifficulty is thatthesamepoint in theworld canbemultiply imagedby thereflectorwith differentshading
if its surfaceis non-Lambertian.
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Figure5.3: ParameterizedEnvironmentMap. A PEMis asequenceof environmentmaps(EMs)
recordedover a setof viewpoints(or otherparameters).Theseenvironmentmapsarecomputedby
inversefitting to ray-tracedimagesof the reflective objectpre-renderedat samplelocationsin the
parameterspace.Thediagramsuggestsacubemapparameterizationfor eachEM, but otherchoices
arepossible.

5.3 SystemOverview

We begin with a ray-tracedimageat eachviewpoint asin Figure5.3,or moregenerally, eachpoint

in the parameterspacewhich is to be interactively explored later. The ray tracersegmentsthe

imageryby separatingtheimagesof individual objects(Figure5.8). It alsosegmentsvariousshad-

ing termson eachobject, including a diffuse layer, Fresnelreflectionmodulationlayer, and an

incidentspecularlayer. We usea modifiedversionof Eon, a Monte Carlo distribution ray tracer

[Coo84a, Shi92, Shi96].

Given the parameterized,segmentedimagelayersfor eachobject,we compute,or infer, pa-

rameterizedtexture andenvironmentmapsthat accuratelyreproducethe ray-tracedimageswhen

appliedto theoriginal geometryby graphicshardware. PTMsareinferredfor thediffuselayerus-

ing thetechniquedescribedin Chapter3. PEMsareinferredfor theincidentspecularlayerandare

handledby applyingthethattechniqueto hardwarerenderingwith environmentmaps,asdiscussed
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Figure5.4: Environment Map Geometry. Weshow how environmentmaptexturecoordinatesare
generatedfor an individual vertex. This is doneby intersectingthe reflectionray with the simple
geometrythatapproximatestheenvironment,in thiscaseanellipsoid.Wethenmapthisintersection
point usingtheenvironmenttexturemappingto find its ¦%§'¨)©«ª texturecoordinates.

in detail in thenext section.Becauseof thesegmentation,thePTMs andPEMsexhibit muchco-

herenceandcanbegreatlycompressed,usingschemeslike MPEGfor 1D parameterspaces,or the

multidimensionalLaplacianpyramiddescribedin Chapter4.

At run-time,as a userexploresthe space,the systemdecodesa per-object texture andenvi-

ronmentmapsampleclosestto theuser’s currentparameterlocation(e.g.,viewpoint). Theresult-

ing mapsarethenloadedinto the graphicshardware. Using appropriatetexture blendingmodes,

we recombinethe diffuse layer, if present,with the productof the Fresnel-modulationlayer and

environment-mappedresult. This producesa renderingthataccuratelymatchesthe ray tracedim-

ageryat the sampledparameterlocations,andsuccessfullyinterpolatesimagesaway from those

samples.Wealsoblendbetweenneighboringparametersamplesratherthanchoosingtheclosestto

provide asmootherresult.

5.4 Envir onmentMap Representations

It is importanttodistinguishthegeometryof anEM from its parameterization(Figure5.4).An EM’s

geometryrefersto how it approximatesthe reflectingenvironment. For example,theenvironment

canbeapproximatedby a sphereat infinity, by a finite cube,or by a finite hemispherewith planar

bottom. By picking an EM geometrythat closely matchesthe actualenvironment’s, we obtain

betterpredictionsof how reflectionsmove asthe view changes.Of course,aswe move to even
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betterapproximationsof theenvironment,suchaslight fields,LDIs, or eventheprecisegeometry

indexedby ray-tracing,thecostof computingsamplesbecomesimpracticallyhigh.

Theparameterizationof anEM refersto how thegeometryis representedin a2D map.For ex-

ample,theinfinite spherecanberepresentedusinga latitude/longitudeparameterization,thegazing

ball (or OpenGL)parameterization,or by six facesof acube.Thechoiceof EM parameterizationis

lesscrucial thanthechoiceof geometryin determiningfinal accuracy, but doesimpacthow much

resolutionthemapswill require.Notethatconfusionarisesbecauseparameterizationstendto have

namesrelatedto shape;for example,a finite spheregeometrycanbe parameterizedusinga cube

parameterizationandviceversa.

We have tried several typesof EM geometryachieving bestresultswith finite rectangularpar-

allelepipeds,called box maps, and finite spheresand ellipsoids. Box mapsare useful for room

environments.For objectsrestingon flat surfaces,it is effective to align thebox bottomwith this

flat surfaceandextendthe othersidesto matchthe averagedistanceto environmentalgeometry.

Finite ellipsoidmapshave provedusefulfor local reflectedgeometry(seeSection5.7).

To index suchmaps,we resortto a combinationof softwareandhardwaretexture coordinate

generation.Graphicssystems,suchastheNvidia GeForcerunningunderDirectX, currentlysup-

port only the infinite spheregeometrywith cubeor gazingball parameterization.In software,for

eachpolygonalmeshvertex, we bouncetheview ray off thevertex usingits associatednormalto

determinea reflectingray. The resultingray is intersectedwith theEM geometry, suchasa finite

box, sphere,or ellipsoid. The simplicity of thesemodelsmakes the ray intersectioncalculation

practicalfor real-timeapplications.Taking this point of intersectionandsubtractingthe object’s

EM origin pointyieldsavectorthatis usedasthehardwareEM index (normalizationisn’t required

for thecubeparameterization).TheEM origin is chosenasanarea-weightedaverageof theobject’s

trianglecentroids.

The hardware-supportedcubemapparameterizationcanthusbe usedfor any of thesesimple

geometries.2 Alternatively, direct useof the 6 cubefacetexture mapsby treatingeachfaceas

an independenttexture would requireexpensive texture stateswitching and explicit handlingof

triangleswhosevertex indicesstraddlethecubeedgesor corners.Thecubemapparameterization

is usefulsincethehardwaretreatsthe6 cubefaceslike asingletexture,thehardwareautomatically

handlestrianglesthat straddlecubeedgesor corners,and the parameterizationdoesnot have a

singularity. Thesingularityin thegazingball parameterizationmakesit inappropriatefor generating

views off theray-tracedsamples,asobservedin [Hei99b].

2Note that the cubemapparameterization(6 equal-sizedsquarefaces)usestexture areainefficiently for ellipsoids,
but is a limitation of currenthardware.
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Figure5.5: Why ParameterizeEnvironment Maps? Seediscussionbelow for explanation.

5.5 Why ParameterizeEnvir onment Maps?

Our approachis to fit anenvironmentalimpostorsoasto matcha ray tracedimageat a particular

view. Thealternative is to usesomea priori projectionmethodsuchasprojectingtheenvironment

onto a spherecenteredat somepoint in the reflective object. Therearetwo benefitsto our fitting

approach.It cancompensatefor thegeometricerrorcausedby approximatingtheenvironmentwith

simplergeometrythatactsasanenvironmentalimpostor. In thediagramin Figure5.5,anoutgoing

ray, drawn in solid red, exits the teapotandstrikesa cup object in the environment. Using fitted

impostors,the color of this cup is correctlystoredat the blue point on the impostor, so it canbe

accessedwhenthesameoutgoingray is generatedat run-time. If we insteadsimply projectedthe

cup onto the sphere,thentheorangeintersectionpoint would be incorrectlymappedto the green

point on the impostor. This is thepoint wherethe line betweenthis intersectionandthe impostor

centerof projectionhits theimpostor.

A secondbenefit is that our approachcapturesview-dependentshadingin the environment.

Theoutgoingray that intersectsthe cupobjectis generatedfrom thedesiredviewpoint. So if the

cupobjectis itself reflective or refractive thenthecolor valuestoredwill resultfrom the incoming

ray with the correctdirection. Sphericalprojectionjust usesrays emanatingfrom the centerof

projection,which areview-independentandthusdontaccountfor view-dependentshadingon the

cup.

By inferringaseparateenvironmentmapateachviewpoint,wecaptureview-dependentshading
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in the environmentandcompensatefor geometricerror, andthusobtainbetterfidelity at the ray-

tracedsamples.

5.6 Comparisonwith Alter nativeApproaches

Accuratereflectionsbetweenarbitraryobjectscanbeproducedby ray-tracing[Whi80], but at sig-

nificantlyhighercostthantraditionaltexture-mappedpolygonrendering.Thishasledto efforts that

exploit fastgraphicshardwareto producerealisticreflections.Reflectionson planarsurfaces,ex-

ploredby Diefenbach[Dief96], canbeachievedusinga renderingthatmirrorstheviewpoint about

the reflectionplane. Reflectionson curved objects,studiedby Ofek andRappoport[Ofek98], can

beperformedby transformingeachvertex in thereflectedimagewith respectto thereflector’s ge-

ometry. This schemehandlessmoothreflectingobjectsthatareeitherconcave or convex; objects

with mixedconvexity or saddleregionsrequirecarefuldecomposition.

Image-basedrendering(IBR) methodssuchastheLight Field [Lev96] andLumigraph[Gor96]

reducetheplenopticfunctionto a tabulated4D field. Theseview-basedIBR methodsperformlin-

ear interpolationfor eachray in the planeof cameraviewpointswhenrenderingnovel views not

capturedin the sourceimages,andthusdo not modelhow reflectionsmove asthe view changes

betweensamplepositions. Otherview-basedmethodsthat projectively mapsourceimagesonto

approximategeometry, suchasview-dependenttextures[Deb98a] andunstructuredlumigraphren-

dering [Bue01], also linearly interpolatebetweencameraviewpoints either by distancebetween

thedesiredray andcamerapositionsor by anglebetweenthedesiredray andraysemanatingfrom

cameracentersthat converge to the samepoint on the approximategeometry. Theseview-based

methodslikewise ignoreparallaxin thereflectedimagery. Thenet resultis thata densersampling

of views is requiredthanwith our layeredPEMsapproachto avoid blurrinessandghostingartifacts.

Surfacelight fields [Mil98a, Woo00] parameterizethe radiancefield over surfacesratherthan

views to bettercapturespatialcoherence,especiallywhensurfacesaremostlydiffuse. For mirror-

like reflectors,thesurfacelight field is essentiallyidenticalto a sphere-at-infinityEM persurface

point. We obtain a betterpredictionof how reflectionschangewith view by using more accu-

rategeometricapproximationsof the environment(Section5.4) including simplefinite ellipsoids

andboxes,andby separatingreflectionsinto multiple layeredmapsfor local anddistantelements.

We alsoassociatea singleEM per object,but parameterizedby view, ratherthanmultiple, view-

independentonesover adensesetof its surfacepoints.

WhenapplyingexistingIBR methodsto highly reflectivesurfaces,it is notclearwhetherthere-

quiredsamplingdensityof views (for view-basedIBR) or of emittedradiancepersurfacepoint (for

surface-basedIBR) is practical.Currentresultsdemonstrateonly fairly blurry highlightsfrom light
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sources.In Woodet al. [Woo00] for example,this is not surprisinggiventhat the258 lumisphere

samplesusedperpoint represent2-3 ordersof magnitudefewer samplesthantypical EMs contain.

Furthermore,to reconstructanimagefrom aparticularview requiresvisiting anirregularscattering

of samplesover the entire4D light field. With PEMs,all the informationneededto reconstructa

particularview is spatiallycoherentin theform of asingleEM image(two areneededfor smoother

interpolationin a1D viewspace)whoseaccessis alreadysupportedby hardware.PEMsalsohandle

arbitraryview subspaces(e.g.,1D ones)andothersceneparameterizations.

Heidrich et al. [Hei99a] decouplegeometryfrom illumination by using a light field to map

incomingview raysinto outgoingreflectedor refractedrays,thushandlingself-reflections.These

outgoingraysthenindex eithera staticenvironmentmap,which ignoreslocal effectsfurther from

the reflector, or anotherlight field representingthe environment,which is moreaccuratebut also

morecostly. Theresultallows independentchangeto thereflectingobjectgeometryandtheenvi-

ronmentalradiance,but suffersfrom thelimitationsof otherIBR methodsmentionedabove.

Cabralet al. [Cab99] alsodecouplethe reflectingobject from the illumination. They storea

collectionof view-dependentEMs whereeachEM pre-integratesa specificBRDF with a lighting

environment. The lighting environmentsfor theseEMs aregeneratedusingstandardtechniques,

suchastakingphotographsof aphysicalspherein adesiredenvironmentor renderingthesix faces

of a cubefrom thereflectingobjectcenterusinga ray-tracer. As a resulttheseEMs suffer from the

sameproblemsastraditionalEMs in handlinglocal reflections.

Bastoset al. [Bas99] reprojectLDIs into a reflectedview for renderingprimarily planarglossy

surfacesin architecturalwalkthroughs.LischinskiandRappoport[Lis98] proposetwo ideas:lay-

eredlight fields,which area collectionof view-dependentLDIs for glossyobjectswith fuzzy re-

flections,and image-basedray-tracingfor sharpreflections,whererays are tracedthroughthree

view-independentLDIs thataccuratelyrepresentthescenegeometry. Our approachsucceedswith

muchsimplerandhardware-supportedEMs ratherthanreprojectingLDIs or ray-tracingthrough

LDIs.

As mentionedin the introductionto this chapter, our techniqueof Chapter4 capturesrealistic,

pre-renderedshadingeffects including reflectionsasparameterizedtexture maps(PTMs) on sur-

faces.This methodof capturingview-dependentshadingmakesit hardto move “off themanifold”

or away from the sampledviews – the shadinglooks (andindeedis) pasted. In this chapter, we

applythesamemethodof textureinference,but insteadof texturemapswe computeEMs in which

a reflectionray is actuallybouncedoff thesurfaceandintersectedwith a simpleapproximationof

theenvironment.This resultsin muchbetterqualityoff themanifold.
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Figure5.6: LayeredEnvironmentMap. Hereaboxgeometryis usedfor thedistantEM, modeling
moredistantreflectedpartsof theenvironment,while anellipsoidalgeometryis usedfor thelocal
EM, modelingpartsof thereflectoritself presentin self-reflections.

5.7 LayeredEnvir onmentMaps

Segmentingtheenvironmentinto separatemapsfor local anddistantelementsbetterapproximates

how eachelements’reflectionsbehave (Figure5.6).TheseparationallowsdifferentEM geometries

to be usedto approximatethe environmentalgeometryin eachlayer. It also supportsparallax

betweenimageryin eachlayer.

To performthis separation,the ray tracerrecordsseparatelayersfor rayswhich bounceoff a

reflectiveobjectandimmediatelyreachthedistantenvironmentandrayswhichbounceoneor more

additionaltimesoff theobject(Figures5.7and5.8).EMsaretheninferredfor eachlayerseparately.

We have foundthata finite ellipsoidalEM geometryworkswell for thelocal layer. An ellipsoidis

selectedto tightly boundthereflectingobject.We useanaxis-alignedboundingellipsoidcentered

at theobjectcentroidwith axisscalesthatminimizeresultingvolume,determinedusingbruteforce

optimization.

To handleocclusioneffects,the local EM is computedasa 4 channelimagewith transparency

representingfractionof coveragein the local layer from anantialiasedrendering.To computethe

distantlayerwithout localocclusions,theray tracerpropagatesraysthroughthereflectingobjectif

they intersectafterthefirst bounce,thusdefiningall distantlayersampleswithoutneedfor analpha

channel.At run-time,weusetheoverblendingmodeto compositethelocal layer(subscript² ) over

thedistant(subscript³ ) beforemodulatingby theFresnelterm, ´ , via

¦sµ·¶1¸º¹«»¼¶!½g¦¿¾ÁÀYµ·¶Âª{¸º¹«»ÄÃÁª}´
Notethatthismethodeasilygeneralizesto morethantwo environmentalshells.

BecausethelocalEM geometryonlyapproximatesthelocalgeometrybeingreflected,erroneous
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Figure5.7: Constructing theDistant EnvironmentMap Layer. Thedistantlayeris constructedin
theray-tracerfrom raysthatimmediatelyreachthedistantenvironment(a). However, it is possible
for raysthatbounceoff theobject,to hit theobjectagainaftertheir first bounce(b). For thedistant
layer, we ignoresecondarybouncesoff the reflective objectby allowing raysto passthroughthe
objectaftertheir first bounce(c).

local reflectionscan be generated.We minimize suchproblemsby separatingpolygonson the

reflectorthat lie on its convex hull from thoselying inside it asa view-independentpre-process.

At run-time,polygonslying on theconvex hull arerenderedonly with thedistantEM, sincethey

cannever exhibit self-reflections.Therestof thepolygonsaretexturedusingthelocal/distantEM

combination.

Theincidentspecularlayersfor ashiny objectrepresenttheincidentlight thatis thenattenuated

by the surfacereflectanceand reflectedtowardsthe viewer. Separatingout the view-dependent

Fresnelmodulationby recordingincidentratherthanemittedradiancemakesthelayersmoreview

independentandthusmorecoherent.After generationby theray tracer, the layersarecapturedas

EMs. Our factorizationof theFresnelmodulationlayerfrom theincidentspecularradianceanduse

of graphicshardwarefor its evaluationis basedon thework of HeidrichandSeidel[Hei99b]. The

next subsectionspresentour approachfor inferring EMs. By runningtheinferencemethodat each

point in parameterspace,weobtainPEMswhichcanthenbecompressed.
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Local Color Layer
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Figure5.8: SegmentedLayersProducedby theRayTracer for oneViewpoint and Correspond-
ing Inferr ed EMs. Theenvironmentmapshave a cubemapparameterization(6 faces)andconsist
of MIPMAPs for eachface(not shown). The ray-tracerkeepsthe highly view-dependentfresnel
modulationseparatefrom the incomingradiance.We generatethe fresnelmodulationat run-time
usingasimpleformula.
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5.8 Inferring LayeredEnvir onmentMap TextureMaps

We usethe least-squaresinferenceapproachdescribedin Chapter3. Theonly differencein com-

putinganEM insteadof a texture is that therenderingmatrix is createdusingtestrenderingswith

environmentmappinginsteadof texturemapping.

5.8.1 Envir onment Map MIPMAPs

Our inferencemethodsolvesfor all MIPMAP levels of theEM simultaneously. Interestingly, we

find thattheselevelsarenot simplefilteredversionsof eachother, evenwhenperformingweighted

filtering thataccountsfor thevariationof solidangleover theEM parameterization,asin [Hei99b].

This is becausein computingthebestmatchingEM ataparticularviewpoint,our inferencemethod

implicitly accountsfor the reflectorgeometry, which can magnify anddistort the reflectionin a

spatiallyvarying way. Therefore,unlike in Chapter4, we explicitly encodeall levels of the EM

MIPMAP ratherthancreatingthemon-the-flyasdecimatedversionsof thefinestlevel. Theresult

is improved sharpnessin the reflections. To increasecompression,encodedlevels are storedas

residualsfrom correspondingdecimatedversionsof thefinestlevel.

5.8.2 Envir onment Map Resolution

ChoosingtheproperEM resolutionis importantto preserve frequency contentin thereflections.A

very conservative approachis to usetestrenderingsto determinethemostdetailedEM MIPMAP

level actuallyaccessedby thegraphicssystem.Texturememorybandwidthandcapacitylimitations

maydictatetheuseof somewhatlower resolutions.

5.9 Runtime System

TheFresnelmodulationlayeris generatedon-the-flyusingaper-vertex softwareshaderthatcopies

the ray tracer’s computationof the Schlick model[Sch93]. We make useof a 1D texture mapto

betterinterpolatethe fifth orderpolynomial involved in that model. Suchper-vertex computation

requiresadequatetessellationof thereflectingobject’s geometry.

We usemulti-passrenderingto assembletheshadinglayers. Purelyreflective objectsin a 1D

viewspacerequire5 texturemapaccesses:2 EMs for thelocal/distantdualat eachof 2 viewpoints

for smoothinterpolationsandthe1D Fresnelmap. Addition of a diffuselayer requiresonemore

texture access. CurrentPC graphicshardware, suchas the Nvidia GeForce 256 and GeForce2

graphicsaccelerators,performs2 textureaccessesperpass,so3 passesareneeded.
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Factoringsurfacereflectancefrom incidentradianceis problematicon currenthardwarewith

fixed point 8-bit texture arithmetic; it is difficult to fit the dynamicrangeneededby the incident

specularlayer [Deb98b]. We clip samplesthat are too bright, sometimesresultingin artificially

dimmedhighlights. Solving this problemwill requiremoredynamicrangein texture processing,

perhapsusingafloatingpoint representation.

5.10 Results

We testedour approachon a simplesceneof a reflective teapotin a roomenvironment.Theteapot

contains̃ 40k trianglesandwasray tracedfrom a 1D viewspacepartially circling theteapotat ¾ËÊ
perview sampleto generatea PEM containing100EMs. We usedthe local/distantdualEM with

finite ellipsoidfor thelocalmapandboxmapfor thedistantat Ì>Í>ÎÐÏKÌ>Í>ÎÐÏKÎ resolution.To improve

accuracy, we decomposedtheteapotinto two parts: thelid in oneandthespout,body, andhandle

in theother. Eachpartuseda separatelayeredEM model. A moreefficient approachwould beto

decomposetheteapotonly for thelocalEM layerwhile usingasingledistantEM for thecombined

teapot.

Our viewer performsat about17.5 framesper secondwith blendingbetweenadjacentview-

pointson 733MHzPC with Nvidia GeForce256 graphicsaccelerator. Downloadingtexturesinto

hardwarememoryis a performancebottleneck;this will be alleviatedby higherbandwidthmem-

ory andhardware-supporteddecodingof compressedtextures.Thefollowing tabledetailsrun-time

performance,assumingthe EM texturesarealreadyresidentin system(but not video) memory.

“Texgentime” below is thetime to computeEM coordinatesusingray intersectionwith simplebox

andellipsoidprimitives,performedon theCPU.Useof programmablevertex shaderssupportedin

thegraphicssystem,suchasthoseavailablein DirectX DX8, mayspeedup thiscomputation.

On the Manif old (unblended) Off the Manif old (blended)
#geometrypasses 2 3

texgentime 35ms 35ms
frametime 45ms 57ms

FPS 22 17.5

Table5.1: ParameterizedEnvironmentMap RuntimePerformance

For eachviewpoint sample,ray tracingrequiredabout15minuteswhile EM inferencetook5.5

minutes.

Figure5.2comparesresults“on themanifold”; i.e.,attheraytracedsamples.OurPEMsachieve

goodfidelity to theray tracedimagesmatched,while staticEMseliminatelocal effects.
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To testoff themanifoldquality, we tried severalalternatives,includingPTMsandnon-layered

PEMsusinga singlesphere-at-infinityEM geometry. Figure5.9 comparesthesechoicesfor EM

geometryat a viewpoint betweenthe original samples. A ray tracing at the exact viewpoint is

includedfor comparison. It can be seenthat the layeredEM model producesgreateraccuracy

thanthesphere-at-infinityEM (noticeespeciallythereflectionof theknobon the lid). Theresults

are even more obvious interactively than in a static image,wherethe dual layeredPEM model

eliminates“wobble” exhibitedby thesimplermodelastheusermovesoff themanifold.

Figure5.10comparesresultsbetweenPEMsandPTMsabove theplaneof viewpoint samples.

Note especiallythe lack of fidelity of the PTM imagein the teapotlid reflections.Theseimages

and, more dramatically, the interactive results,show the pasted-oneffect obtainedby PTMs off

themanifold, resultingin a poppingartifact whenswitchingbetweentexturesinferredat adjacent

viewpoint samples.PTMs alsosuffer from disocclusionswherenon-contributing texture areais

revealedin a different view. While disocclusionscan also occur with PEMs sincethey too are

solvedat a givenview, they arelessfrequentandlessvisible aslong astheobjectreflectsmostof

its environment.

Thus far, we have presentedresultsfor a mirror-like specularteapot. Glossyobjectscanbe

handledin our approachsimply by inferring environmentmapsin thesameway, but with respect

to ray-tracingwith glossymaterials.At run-time,we computethe reflectionray at eachvertex as

the principle directionof the glossyreflection,andfind its intersectionwith the simplegeometry

thatapproximatestheenvironmentto computetexturecoordinates.Figures5.11and5.12compare

resultsbetweenray-tracing,layeredPEMsandsinglesphere-at-infinityPEMsfor a glossyteapot.

LayeredPEMsachievegoodfidelity to theray-tracedimagesatthesampleviewpointsandplausible

resultsbetweenandaway from thesampleviewpoints. This is in contrastto thesphere-at-infinity

PEM resultswhich arenoticeablylessaccurateat the sampleviewpoints(noticethe reflectionof

theknobon the lid), andespeciallyaway from thesampleviewpoints,wherethe reflectionof the

knobon thelid is absent,andthereflectionof thespouton theteapotbodyis exaggerated.Like the

mirror-like teapot,theresultsareevenmoreobviousinteractively thanin a staticimage,wherethe

duallayeredPEMmodeleliminates“wobble”exhibitedby thesimplermodelastheusermovesoff

themanifold.

5.11 Discussion

PEMsprovideafaithful approximationto ray-tracedimagesatpre-renderedviewpointsamplesand

theability to plausiblymoveaway from thosesamplesusingreal-timegraphicshardware.

To achieve our results,we decomposedthe teapotinto two parts,the lid in oneandthespout,
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body, andhandlein theother, andusedseparatelayeredenvironmentmapsfor eachpart. In par-

ticular, separateellipsoidsweretightly fitted to thegeometryfor eachpart to act asimpostorsfor

the local layers.Decomposinganobjecthastwo benefits.First, by usingseparateEM impostors,

we canbetterapproximatethe actualgeometryin eachpart. Second,we reducethe likelihoodof

conflicts that canoccurwhentwo or morereflectedpositionsin the world mapto the sameEM

point. By decomposingtheobject,andusingseparateEMsfor eachpart,weeliminateEM conflicts

betweenthereflectedimagesseenin eachpart.Ratherthansimplydecomposingtheteapotinto two

parts,onemight considerdecomposingthe teapotfurther into smallerpiecesto achieve higherfi-

delity to theray-tracedimages.If wetake this ideato its logicalextreme,thenweessentiallyendup

with asurfacelight field approachwhereeachpointon thereflective teapothasits own environment

map,or lumisphere.It is interestingto notethat our resultsarequite goodwith a decomposition

of the teapotinto just two parts,obviating the needfor further decomposition.However, for an

arbitraryreflectiveobjectit maybenecessaryto performahigherlevel of decompositionto achieve

a faithful approximationto ray-tracedimages.Oneareafor future work is automaticmethodsof

finding theminimal amountof decompositionnecessaryto achieve perceptuallyacceptableresults.

Anotherareawhichwehavenotaddressedis handlingcaseswherethereflectordoesnot image

partsof its environment that can neverthelessbe seenin nearbyviews “off the manifold”. For

example,a reflectorcanbepartially occludedor occludeitself (like the teapotspoutobscuringits

body),thuspotentiallyeliminatingfrom its EM thepartof theenvironmentreflectedin thisoccluded

portion.Thisproblemcanbesolvedby inferringEMsfor all front-facingpartsof thereflector, even

if they areoccludedin the particularview sample. Incompleteimagingof the environmentalso

occurswhenthe reflector’s setof normalsincompletelycover the spheresuchaswith non-closed

objects(like a small portionof a sphere)or objectswith zerocurvature(like a planeor cylinder).

We addressthe generalproblemof filling in the missingportionsof the environmentin the next

chapteron hybrid rendering.
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Figure5.10:ResultsAboveViewpoint Samples.
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Figure5.11:ResultsAt Viewpoint Samplesfor a GlossyTeapot.
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Figure5.12:ResultsAboveViewpoint Samplesfor a GlossyTeapot.



Chapter 6

Hybrid Rendering

In additionto beingableto handlereflective objectsaway from thepre-renderedviews, aswe did

in Chapter5, we would like to beableto handlerefractive objects.Unfortunately, with refractive

objectsit is difficult to predicttheeventualoutgoingray directionbasedon whathappenswhena

ray from theviewpoint first hits the refractive object. At thevery least,the ray mustinteractwith

two surfaceinterfaces,theinterfacefrom air to glassandglassto air beforeit leavestheobject.For

realobjects,theraymaypassthroughseverallayersof glassbeforeleaving theobject.Oursolution

to this problemis hybrid rendering.

RecallthatZ-buffer hardwareis well-suitedfor renderingtexture-mapped3D geometrybut in-

adequatefor renderingreflective and refractive objects. It rasterizesgeometrywith respectto a

constrainedray set– raysemanatingfrom a point andpassingthrougha uniformly parameterized

rectanglein 3D. Reflective andrefractive objectscreatea moregenerallenssystemmappingeach

incomingray into anumberof outgoingrays,accordingto acomplex, spatially-varyingsetof mul-

tiple ray“bounces”.Environmentmaps(EMs)[Bli76] extendhardwareto simulatereflectionsfrom

aninfinitely distantenvironment,but ignoreall but thefirst bounceandsoomit self-reflectionsand

refractions.On theotherhand,ray tracing[Whi80] generatestheseeffectsbut is unacceleratedand

incoherentlyaccessesa large scenedatabase.Nevertheless,modernCPUsarebecomingpowerful

enoughto performlimited ray tracingduringreal-timerendering.

In hybrid rendering,we combinethe benefitsof both systemsby tracing ray pathsthrough

reflective/refractive objectsto computehow thelocalgeometrymapsincomingraysto outgoing.To

encapsulatemoredistantgeometry, we usetheoutgoingraysasindicesinto a previously-inferred

EM perobject,allowing efficient accessandresamplingby graphicshardware.

86
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(a) Ray-Tracing
 (b) Hybrid Rendering


Figure6.1: Comparison betweenRay-Tracing and Hybrid Rendering. In ray-tracing,rayspass
throughsampleson theimageplaneandareintersectedwith anobject,a glassteapotin this exam-
ple. A singleray bouncesaroundthroughtheteapot,eventuallyexiting. It is thenintersectedwith
environmentalgeometry, in thiscasearing of columns.Therenderingis unacceleratedby hardware
andincoherentlyaccessesa largescenedatabase.In hybridrendering,theideais to leveragegraph-
ics hardwareasmuchaspossible.Raysarestill traced,but only at verticesof thepolygonalmesh
for theglassteapot,which we call thelocal lensobject.Whentheray exits thelocal lensobject,it
is intersectedwith asimpleimpostorfor theenvironment,a texture-mappedcylindrical shellin this
example. A triangleon the local lensobjectthusmapsto sometrianglein the impostor’s texture
mapso we canusetexture mappingto interpolatewithin the triangle interior. Vertex ray-tracing
takesplaceon thehostprocessor, but now accessesonly thelocal lensobject.This providesbetter
memorycoherencethantraditionalray-tracing.
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We begin by segmentingreflective/refractive scenegeometryinto a setof local lensobjects.

Typically eachglassor shiny object forms a single local lensobject,but multiple objectscanbe

combinedif they arecloseor onecontainsor surroundsanother. Becauseraysaretracedthrougha

systemof only oneor a few objects,theworking setis smallerandmemoryaccessmorecoherent

thanwith traditionalray tracing.To make theapproachpractical,we alsoinitially limit thenumber

of ray caststo polygon vertices,adaptively shootingadditionalrays only wherenecessary. We

alsoprunethe ray tree(binary for refractive objectswherean incomingray striking an interface

generateschild reflectionandrefractionrays)ignoringall but a few ray pathsthatstill approximate

thefull ray tracedrenderingwell (seeFigure6.4).

Eachlocal lensobject’sEM is differentfrom traditionalones:it is inferred, layered, andparam-

eterized. Inferredmeansour EMs arecomputedasa least-squaresbestmatchto a pre-computed,

ray tracedimageat a viewpoint whenappliedasan EM in a renderingby thetarget graphicssys-

tem. The alternative of samplinga sphericalimageof incident radianceat a point (typically the

lensobject’s center)ignoresview-dependentshadingin the environmentandproducesa lessac-

curatematchat theviewpoint. Layeredmeansthatwe usemultiple environmentalshellsto better

approximatethe environmentas introducedin Chapter5. Parameterizedmeanswe computean

EM perviewpoint over a setof viewpoints(Figure6.2) to provide view-dependentshadingon im-

agedobjectsandreducethe numberof layersneededfor accurateparallax. Our examplesusea

1D viewpoint subspacethatobtainsaccurateresultsover thatsubspaceandplausibleresultsfor any

viewpoint.

Ourcontributionsincludethehybridrenderingshadingmodel(Section6.2)andits combination

of dynamicray tracingwith hardware-supportedEMs (Section6.4). We improve on the parame-

terizedEMs (PEMs)describedin thepreviouschapterby generalizingto morethantwo layersand

providing toolsfor determiningtheirplacement(Section6.3). In addition,wehandleself-reflections

by ray tracingthelocal geometryratherthanrepresentingit asanEM, andsoachieve goodresults

with asmuchastentimessparsersamplingof EMs. Themethodof Chapter5 alsohastheproblem

thatits inferredEMs representonly thepartof theenvironmentimagedat oneviewpoint, resulting

in disocclusionsfrom nearbyviewpoints.Weensurecompletenessin thelayeredEMsby matching

to a layeredimagethat includesoccludedsurfaces,aswell assimultaneouslyover multiple nearby

viewpointsor direct imagesof the environment. Resultsshow our methodsupportsrenderingof

realisticreflective andrefractive objectsoncurrentgraphicshardware(Section6.5).
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Figure6.2: Layered, ParameterizedEnvironment Maps recordedover a setof viewpoints for
eachlocal lensobject. EachEM Ú consistsof layeredshellsat variousdistancesfrom thelocal lens
object’s center.

6.1 Comparisonwith Alter nativeApproachesfor Refractions

Heidrichet al. [Hei99a] attemptto handlerefractive aswell asreflective objectsusinga light field

to mapincomingview raysinto outgoingreflectedor refractedrays.Theseoutgoingraysthenindex

eitherastaticenvironmentmap,which ignoreslocaleffectsfurtherfrom theobject,or anotherlight

field, which is moreaccuratebut alsomorecostly. Thoughourhybridrenderingsimilarly partitions

local anddistantgeometry, we obtainsharper, moreaccuratereflectionsandrefractionsusinglocal

ray tracing ratherthan light field remapping. We also exploit the texture-mappingcapability of

graphicshardwareusinglayeredEMs for themoredistantenvironmentratherthanlight fields.

Chuanget. al. [Chu00] andZongker et. al. [Zon99] capturethe remappingof incidentrays

for real andsyntheticreflective/refractive objects,but only for a fixed view. Kay andGreenberg

[Kay79] simulaterefractive objectswith a simple, local model restrictedto surfacesof uniform
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Figure6.3: GreedyRay Path Shading Model. Whena ray from the viewpoint first strikes the
lensobject,we considertwo paths:onebeginning with an initial reflectionandthe otherwith an
initial refraction.Thesepathsarethenpropagateduntil they exit the local lensobjectby selecting
thechild rayhaving thegreatestFresnelcoefficient. Thedashedgreenraypathsrepresentpathsthat
areignoredbecausethebranchingchild ray hada smallerFresnelcoefficient thanthesolid green
path.

thickness.

Adaptivesamplinghasbeenusedin raytracingsinceit wasfirst described[Whi80]. Todecouple

local anddistantgeometry, our adaptationis basedon ray path,not color or radiance,differences.

Kajiya’s ideaof ray pathsratherthantrees[Kaj86] formsthebasisof our local model.Finally, the

cachingandray intersectionreorderingof Pharret. al. [Pha97] is another, completelysoftware-

basedapproachfor memory-coherentaccessto thescenedatabase.

6.2 ShadingModel

Raytracingsimulatesrefractiveobjectsby generatingchild reflectiveandrefractiverayswhenevera

raystrikesasurfaceinterface.Therelativecontribution of thesechildrenis governedby theFresnel

coefficients[Hec87], denoted ÝÞkß and ÝÞ'à for reflectedandtransmitted(refracted)rays,respectively.

Thesecoefficientsdependon the ray’s angleof incidencewith respectto the surfacenormaland

the indicesof refractionof the two mediaat the interface. Purely reflective objectsaresimpler,

generatinga singlechild reflectedray modulatedby ÝÞkß but canbeconsidereda specialcasewith

ÝÞ'àJágâ
.

Ratherthangeneratinga full binarytreefor refractive objectswhich caneasilyextendto thou-

sandsof ray queries,we usea two-term model with greedyray path propagation,illustratedin

Figure6.3. Whenaray from theviewpoint first strikestherefractive object,weconsidertwo paths:
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(a) Full ray tree
 (b) Two-term greedy ray path


Figure6.4: Comparisonof ShadingModels. Thefull raytree(a)requires5 timesmorerayqueries
thanourgreedyray pathmodel(b).

onebeginning with an initial reflectionand the otherwith an initial refraction. Thesepathsare

thenpropagateduntil they exit thelocalobjectby selectingthechild rayhaving thegreatestFresnel

coefficient.

Theresultis two termswhosesumapproximatesthefull binarytree.Reflective objectsrequire

only a singletermbut usethesameray propagationstrategy in casethelocal systemcontainsother

refractive objects.Figure6.4comparesthequalityof thisapproachwith a full ray treesimulation.

Our modelalsoincludesa simpletransparency attenuationfactor, ã , which modulatestheray

color by a constantfor eachcolor channelraisedto a power dependingon the thicknessof glass

traversedbetweeninterfaces[Kay79]. Theresultingmodelis

ä Þ à ã àæåèç Þ ß ã ß

whererespectively for therefractedandreflectedraypaths:
ä

and
ç

areradiancesalongexit ray,
Þ'à

and
Þ ß

multiply theFresnelcoefficientsalongthepath,and ã à and ã ß multiply thetransparency

attenuationalongthepath(seeFigure6.5).

As a preprocess,for eachviewpoint sample,we usea modifiedray tracerto computethe two

termsof this modelasseparateimages.We theninfer anEM thatproducesthebestleast-squares
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Figure6.5: Two-term Modulated Shading.

matchto bothtermssimultaneously. Theresultis aviewpoint-dependentsequenceof inferredEMs.

Eachviewpoint’sEM is layeredby segmentingtheenvironmentalgeometryintoaseriesof spherical

shells.

At run-time,we dynamicallytracerays througheachvertex of the local geometryaccording

to our ray path model to seewherethey exit the local systemand intersectthe EM shells. We

selecttheEM correspondingto theviewpoint closestto thecurrentview or blendbetweenthetwo

closest.A separatepassis usedfor eachterm andthensummedin the framebuffer. The Fresnel

andtransparency attenuationfactorsareaccumulatedon-the-flyasthepathis traced,andproduce

per-vertex termsthat are interpolatedover eachtriangleto modulatethe valueretrieved from the

EM. A betterresultcanbeachievedusing1D texturesthattabulatehighly nonlinearfunctionssuch

asexponentiation[Hei99b].

While ourcurrentsystemneglectsit, adiffusecomponentcanbehandledasanadditionalview-

independentdiffusetextureperobjectthat is summedinto theresult.Suchtexturescanbeinferred

to matchray tracedimagery, asdiscussedin Chapter3.

6.3 LayeredEnvir onmentMaps

In Chapter5, we introducedthe ideaof segmentingtheenvironmentinto local anddistantlayers,

andrepresentingeachlayerin aseparateenvironmentmap.In thissection,wegeneralizeto multiple

environmentalshells,asillustratedin Figure6.6. A local lensobject is associatedwith a layered

EM perviewpoint in whicheachlayerconsistsof asimple,texturedsurface.Weuseanestedseries

of sphericalshellssharingacommonorigin for thegeometrybecausespheresareeasyto index and

visibility sort. Otherkindsof simplegeometry, suchasfinite cubes,cylinders,andellipsoids,may

besubstitutedin caseswherethey moreaccuratelymatchtheactualgeometryof theenvironment.

A layer’s texture is a 4-channelimagewith transparency, so that we canseethroughinner shells
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Figure6.6: Layered Environment Maps. We usea seriesof multiple layersto approximatethe
environment.Thenestedspheresshown hereareoneexample.Thisprovidesabetterapproximation
thana singlelayerandstill supportsefficient hardwareaccess.Layeringtheenvironmentreduces
conflictswheremultiple pointsin theenvironmentmapto an identicalpoint on the impostor. The
resultof suchconflicts is blurrinessor ghostingin the reflectionsandrefractions. Layeringalso
tendsto increasethecoherencein eachof thelayers,whichis usefulwhencompressingtheresulting
texturedimpostors.Finally, layeringcanrepresentpartsof theenvironmentthatareoccludedin a
particularview. Eachlayer’s imageincludestransparency sothatwe canseethroughit whereit is
partially occupiedto moredistantlayers.

to outer oneswherethe inner geometryis absent. At run-time,we performhybrid renderingto

computeoutgoingraysandwherethey intersectthelayeredEMs. Weusethe“over” blendingmode

to compositethe layers ð Ú in orderof increasingdistancebeforemodulatingby the Fresneland

transparency attenuationterms,
Þ

and ã , via

ñ ðÁò over ðôó over õ3õ3õ over ð�ö«÷ Þ ã
for eachtermin thetwo-termshadingmodel.

6.3.1 Compiling the Outgoing Rays

To build layeredEMs, theray tracercompilesa list of intersectionswhich recordtheeventualout-

going raysexiting the local lensobjectandwherethey hit the moredistantenvironment. These

intersectionsaregeneratedfrom incomingraysoriginatingfrom a supersampledimageat a partic-

ular viewpoint includingbothtermsof theshadingmodel(reflectionandrefraction),eachof which

generatesdifferentoutgoingrays(Figure6.7a).Betweenincomingandoutgoingrays,theraypaths
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arepropagatedusingthemodelof Section6.2.Theintersectionrecordalsostorestheimageposition

of theincomingray andcolor of theenvironmentat theoutgoingray’s intersection.

To avoid disocclusionsin the environmentas the view changes,we modified the ray tracer

to continueraysthroughobjectsto reachoccludedgeometry. For eachoutgoingray, we recordall

front-facingintersectionswith environmentalgeometryalongtheray, not just thefirst (Figure6.7c).

Oncethelayerpartitionsarecomputed(Section6.3.2),we thendiscardall but thefirst intersection

of eachoutgoingray with that layer. This allows reconstructionof partsof the environment in

a distant layer that are occludedby a closerone. We also continueincoming rays in a similar

fashion(Figure6.7b)sothatoccludedpartsof thelensobjectstill generateintersectionrecords.For

example,we continueincomingraysthroughacupto reachaglassteapotit occludes.

6.3.2 Building Layered EM Geometry

To speedrun-timeperformance,we seeka minimum numberof layers. But to approximatethe

environmentalgeometrywell, we mustuseenoughshellsandput themin theright place.

We usethe LBG algorithm [Lin80] developedfor compressionto build vector quantization

codebooks.Thedesirednumberof layersis givenasinputandtheclusterorigin is computedasthe

centroidof thelocalobject.TheLBG algorithmis runover thelist of intersections,clusteringbased

on distanceto this origin. This algorithmbegins with an initial, randomsetof clusterdistances

andassignseachintersectionto its closestcluster. It thenrecomputestheaveragedistancein each

cluster, anditeratestheassignmentof intersectionto closestcluster. Iterationterminateswhenno

intersectionsarereassigned.

Whenpartitioninggeometryinto layers,partsof coherentobjectsshouldnotbeassignedto dif-

ferentlayers.Thiscancauseincorrecttearsin theobject’s reflectedor refractedimage.Oursolution

assignswholeobjectsonly to thesingleclusterhaving themostintersectionrecordswith thatob-

ject. Theclusteringalgorithmshouldalsobecoherentacrosstheparameterizedviewpoints.This is

accomplishedby clusteringwith respectto all viewpointssimultaneously. Figure6.11shows clus-

teringresultson anexamplescenein which our algorithmautomaticallysegmentsa glassteapot’s

environmentinto threelayers.

Layershellsareplacedat theaveragedistanceof intersectionsin thecluster, where“continued

ray” intersectionsarerepresentedonly by their frontmostclustermember.
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Figure6.7: Incoming/Outgoing Raysand Ray Propagation.
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6.3.2.1 Layer Quads

Oftenasphericalshellis only sparselyoccupied.In thatcase,to conserve texturememoryweusea

simplequadrilateralimpostorfor this geometryratherthana sphericalone.To definetheimpostor

quadrilateral,wecanfind theleast-squaresfit of aplaneto thelayer’s intersectionpoints.A simpler,

but lessoptimal, schemeis to find the centroidof the layer’s intersectionpoints and definethe

normalof theplaneasthedirectionfrom thelensobjectcenterto thecentroid.Theplane’sextentis

determinedfrom a rectangularboundingbox aroundpointscomputedby intersectingtheoutgoing

rays associatedwith the layer’s intersectionrecordswith the impostorplane. Onecomplication

is that during run-time,outgoingraysmay travel away from the quad’s plane,failing to intersect

it. This resultsin an undefinedtexture accesslocation. We enforceintersectionfor suchraysby

subtractingthecomponentof theraydirectionnormalto theimpostorplane,keepingthetangential

componentbut scalingit to bevery far from theimpostorcenter.

Texture mapsfor sphericalshellsor quadsare computedusing the samemethod,described

below.

6.3.3 Inferring Layered EM Texture Maps

Weusetheleast-squaresinferenceapproachdescribedin Chapter3,andapplyit in thesamemanner

as in Chapter5. In particular, whencomputingan EM the renderingmatrix is createdusingtest

renderingswith environmentmappinginsteadof texturemapping.

As discussedin thelastchapter, therearetwo advantagesof this inferencemethodoverasimple

projectionof the environmentonto a seriesof shells. By matchinga view-dependentray traced

image,it reproducesview-dependentshadingon reflectedor refractedobjects,like a reflective cup

seenthroughaglassteapot.It alsoadjuststheEM to accountfor thegeometricerrorof approximat-

ing environmentalobjectsassimplergeometry, suchasasphericalshell.Theresultis betterfidelity

at theray tracedviewpoint samples.

We infer eachlayer of the layeredEM independently, but simultaneouslyover both termsof

the shadingmodel (Figure6.11). After performingthe layer clusteralgorithmon samplesfrom

a supersampledimage,eachlayer’s samplesare recombinedinto a single imageand filtered to

displayresolutionto form two imagesþ ÿ and þ � , correspondingto the two termsof the shading

model.Only asingleimageis neededfor reflective objects.Theseimageshave four channels– the

alphachannelencodesthefractionof supersampledraysthrougha givenpixel whoseoutgoingray

hit environmentalgeometryin that layer, while thergb channelsstorethecolor of theenvironment

intersectedby thoseoutgoingrays.Weinfer thetwo renderingmatrices,
� ÿ and

� � , corresponding

respectively to hybrid rendering(Section6.4) with an initial reflectionor refraction.We thenfind
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theleast-squaressolutionto

� ÿ�� � þ ÿ� � � � þ � (6.1)

to producea singleEM for the layer, � , matchingboth terms. Figure6.11 shows an exampleof

theseþ termsandresultinginferredEM, � , for eachof threelayers.

It is possiblefor theray tracerto generatewidely diverging rayswhensamplingasingleoutput

pixel, causingnoise in the environmentmap solution. We thereforemodified the ray tracer to

generatea confidenceimage. The per-pixel confidencevalue is computedas a function of the

maximumanglebetweenthe directionsof all ray pairscontributing to the particularpixel. More

precisely, weusetheformula � �	��

���������� �������� ����
where� � is themaximumanglebetweenraypairsand � � ����� is anangularthreshold.Wemultiply

theconfidenceimagewith bothsidesof Equation(6.1)prior to solvingfor � .

To conserve texturememory, it is beneficialto sharemoredistantEM layersbetweenlocal lens

objects.To do this,we canaddmoreequationsto thelinearsystem(6.1)correspondingto multiple

lensobjectsandsimultaneouslysolvingfor asingleEM � .

As observedin Chapter5, choosingtheproperEM resolutionis importantto preserve frequency

contentin the imagedenvironment. A very conservative approachgeneratestest renderingsto

determinethemostdetailedEM MIPMAP level actuallyaccessedby thegraphicssystem.Texture

memorybandwidthandcapacitylimitationsmaydictatetheuseof lower resolutions.

6.3.3.1 SimultaneousInferenceOver Multiple Viewpoints

A difficulty with this inferencetechniqueis thatthelensobjectscanfail to imageall of its environ-

ment.For example,aflat mirror doesnot imagegeometrybehindit andaspecularfragmentimages

only asmallpartof its environmentfrom aparticularviewpoint. Thesemissingportionscanappear

in a view nearbut not exactly at the pre-renderedviewpoint. We solve this problemby inferring

EMs thatsimultaneouslymatchray tracedimagesfrom multiple views. Theviews canbeselected

asa uniformsamplingof adesiredviewspacecenteredat theviewpoint sample.

To computesimultaneousviewpoint inference,outgoingraysarecompiledfor eachof these

multiple viewpoints. A singleEM layer, � , is theninferredasa least-squaressimultaneousmatch

atall viewpoints,usingthesystemof equations(6.1) for eachviewpoint. Althoughthisblursview-

dependentshadingin theenvironment,goodresultsareachieved if thesetof viewpointsmatched

aresufficiently close.
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Figure6.8: AdaptiveTessellationVisualization.

An alternative methodto fill in themissingportionsin theenvironmentmapis to infer it using

extra raysin additionto theonesthatexit the lensobject.Theseadditionalrayscanbetakenfrom

theobjectcenterasin traditionalenvironmentmaps.They canalsobetakenfrom theviewpoint,but

looking directly at theenvironment(i.e., without the lensobject),to approximateview-dependent

shadingin the environment. Direct imagesfrom the lens object centertend to work better for

reflectiveobjectswhile directimagesfrom theviewpointarebettersuitedfor refractive (transparent)

objects.

We usethe confidence-weighted,least-squaressolutionmethodin (6.1), but solve simultane-

ouslyacrossimagesof thelensobjectfrom theviewpoint asbefore(lensobjectimages), combined

with direct imagesof theenvironmentwithout the lensobject(direct images). In thesedirect im-

ages,per-pixel confidenceis computedasa function of the likelihood that the pixel representsa

missingportion of theenvironment. We computethis via distanceof thedirect imageray’s inter-

sectionwith its closestpoint in the intersectionrecordsof the lensobjectimages.The advantage

of usingdirect imagesis that it is possibleto fill in themissingportionsof theenvironmentwith a

fixed,smallnumberof extra images(typically 6 whenrenderingfrom theobjectcenter),regardless

of thesizeof theviewspacearoundaviewpoint sample.

6.4 Hybrid Rendering

6.4.1 AdaptiveTessellation

Performingray tracingonly at lensobjectverticescanmissimportantray pathchangesoccurring

betweensamples,producingvery different outgoingrays even at different verticesof the same
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triangle.Oursolutionis to performadaptive tessellationonthelensobjectbasedontwo criteria: the

ray path“topology” anda thresholddistancebetweenoutgoingrays.Usingtopology, ray pathsare

considereddifferent if their pathlengthsaredifferent,or the maximumcoefficient at an interface

changesbetweenreflectionandrefraction. Using outgoingray distance,they aredifferent if the

anglebetweentheir directionsis morethan  �� . Figure6.8 illustratesadaptive tessellationusingan

exampleimageshadeddarkerwith increasingsubdivision level. Placeswhereraysgothroughmore

interfacesor wherethesurfaceis highly curvedrequiremoresampling.

Whenthe ray pathsat a triangle’s verticesare too different, the triangle is subdivided at the

midpointsof eachof its edgesin a 1-to-4 subdivision, andthe metric is recursively applied. The

processiscontinueduntil thethreeraypathsarenolongerdifferentor thetriangle’sscreen-projected

edgelengthsarelessthanathreshold,! . Wealsoallow 1-to-3and1-to-2subdivision in caseswhere

someof the triangleedgesarealreadysmall enough(seeFigure6.9). We adaptthe tessellation

simultaneouslyfor both termsof the shadingmodel, subdividing a triangle if either ray path is

considereddifferent.Weignoredifferencesin subdivisionbetweenneighboringtriangles,fixing the

resulting“t-junction” tessellationasa postprocess.A hashtableon edges(vertex pairs)returnsthe

edgemidpointif it hasalreadybeencomputedfrom amorehighly subdividedneighboringtriangle.

Recursive queryingyieldsall verticesalongtheedge.

Given all theboundaryvertices,it is simpleto computea triangulartessellationthatavoids t-

junctions.Thehashtableis alsousedto quickly determinewhetheratrianglevertex rayhasalready

beencomputed,thusavoiding redundantray queries.

To avoid unnecessaryraytracingandtessellationin occludedregions,wecomputewhethereach

vertex is directly visible from theviewpoint usinga ray query. If all threeverticesof a triangleare

occluded,we do not subdivide thetrianglefurther, but still computecorrecttexturecoordinatesfor

its verticesvia ray tracing in casesomepart of its interior is visible. Anotheroptimizationis to

avoid ray tracingat verticeswhosetrianglesareall backfacing.Usinga passthroughthefaces,we

markeachtriangle’s verticesas“to beray traced”if thetriangleis front-facing;unmarkedvertices

arenot ray traced.

6.4.2 Multipass Renderingwith Layered EM Indexing

Assumingwehavearefractiveobjectwith " layersin its EM, weperform " passesfor its refractive

term,and " passesfor the its reflective term. We multiply eachtermby the #�$ functioninterpo-

latedby thegraphicshardwareacrosseachtriangle. The texture index for eachterm/layerpassis

generatedby intersectingthe outgoingray with the layer’s geometricimpostor, suchasa sphere.

Takingthis point of intersectionandsubtractingtheEM origin point yieldsa vectorthat formsthe

hardwareEM index, recordedwith thevertex. As in Chapter5, we usea hardware-supportedcube
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(a) Original mesh
 (b) Adaptive tessellation
 (c) T-junctions removed


Figure6.9: Adaptive Tessellationand T-junction removal. Theoriginal mesh,(a), is adaptively
subdividedwhenraypathsat theverticesaresufficiently different,(b). Theresultingt-junctionsare
removedby additionaltessellationof adjacenttriangles,(c), illustratedwith dottedlines,to form a
triangulartessellation.

mapsphericalparameterizationwhich doesn’t requirenormalizationof this vector. Note that the

textureindiceschangeperlayersincethedistancesto theEM spheresaredifferentandtheoutgoing

raysdo notemanatefrom theEM origin.

Whenrenderingfrom a viewpoint away from a pre-renderedsample,a smootherresult is ob-

tainedby interpolatingbetweenthetwoclosestviewpoints.Thus,weperform%�" passes,&�" for each

viewpoint,blendedby therelativedistanceto eachviewpoint. Raytracing,adaptive tessellation,and

texturecoordinatecomputationareperformedjust onceper frame. Ray tracingis performedwith

respectto theactualviewpoint,not from theadjacentviewpoint samples.

Eachlayer is computedin a separatepassbecauseof texturepipelinelimitations in thecurrent

graphicssystem(Microsoft Direct3D7.0 runningon anNvidia GeForcegraphicsaccelerator).To

begin theseriesof compositingpassesfor thesecondof thetwo summedshadingterms,theframe-

buffer’salphachannelmustbecleared.This is accomplishedby renderingapolygonthatmultiplies

theframebuffer’s rgb valuesby 1 andits alphaby 0. We thenrenderits layersfrom front to back,

whichsumsits contribution to theresultof thefirst term’spasses.With theadventof programmable

shadingin inexpensive PC graphicshardwareandthe ability to do four simultaneoustexture ac-

cessesin eachpass,it will be possibleto reducethose %�" passesto " andavoid the alphaclear

step.
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6.5 Results

We testeda scenecontaininga glassteapot,a reflective cup,a ring of columns,anddistantwalls.

EMs wereparameterizedby viewpointscircling aroundthe teapotin '�� increments.We inferred

EMs from 5 viewpointssimultaneously, uniformly distributed in a ( � rangeabove andbelow the

viewpoint plane. The scenecontainstwo lensobjects,a teapotandcup; we usedour clustering

algorithmto select3 EM layersfor theteapotand2 for thecup.A quadrilateralimpostorwasused

for thesparsely-occupiedcupenvironmentallayerof theteapot(Figure6.11,top),acylindrical shell

for thecolumnsenvironmentallayerof the teapot(Figure6.11,middle),andsphericalshellswere

usedfor all otherlayers.Wealsotriedasolutionthatwasconstrainedto asingleEM layerfor each

lensobject,still usingtheclusteringalgorithmto determineplacementof thesingleshell.

Figure6.12 comparesthe quality of our resultsfor two novel views: one in the planeof the

circle of viewpoints(a), andoneabove this plane(b). Usingmultiple EM layers,we achieve qual-

ity comparableto the ray tracer. Reconstructionusinga singlelayer is noticeablyblurry because

of conflictswheredifferentpointsin the environmentmapto identicalonesin the sphericalshell

approximation.Moreover, the interactive renderingresultsfor thesinglelayer solutionshow sig-

nificant “popping” when switching betweenviewpoint samples. The multi-layer solution better

approximatestheenvironment,providing smoothtransitionsbetweenviewpoints.

Together, wecall themethodof raycontinuationto reachoccludedgeometryfrom Section6.3.1,

andthesimultaneoussolutionacrossmultipleviewpointsfrom Section6.3.3,EM disocclusionpre-

vention. Figure6.10shows theeffectivenessof thesemethodsin eliminatingenvironmentaldisoc-

clusionswhichwouldbeobviousotherwise.

!)�� !)�*� !+�
�-,

Raytracingat vertices 13.48 7.82 4.40
Texturecoordinategeneration 0.71 0.38 0.21
Tessellation 2.11 0.83 0.26
Other(includingrendering) 2.57 1.45 0.87
Total frametime 18.87 10.48 5.74
Time reductionfactor 25.4 45.8 83.6

Raycount 1,023,876 570,481 298,684
Rayreductionfactor 6 10.8 20.6

Triangleintersectiontests 11,878,133 6,543,993 3,603,034
Intersectionreductionfactor 14.2 25.7 46.7

Table6.1: Hybrid RenderingRuntimePerformance

To measureperformance,we tried threedifferent adaptive subdivision thresholdsof !.�/ ,
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(a) Without prevention
 (b) With prevention


Figure6.10:EM Disocclusion.

!0�1� and !0�
�-,

(measuredin subpixels) in a  )23 subsampled4�%
,
20%5'

,
resolutionrendering

(seeTable6.1). Performancewasmeasuredin secondson a 1080MHzAMD Athlon with Nvidia

GeForcegraphicscard;reductionfactorsarewith respectto ray tracingwithout hybrid rendering.

For comparison,theray tracerrequired480secondsto rendereachframe,using6,153,735raysand

168,313,768triangleintersectiontests.Theversionwith !6�7 is shown in Figure6.12; thethree

versionsarecomparedin Figure6.13.Thefaster!)��� achievesgoodqualitybut suffersfrom some

artifactswhenanimated.Thedifferenceis discerniblein thestill imagein Figure6.12asslightly

increasednoisealongedgessuchasthebottomof the teapotandwherethespoutjoins thebody.

At !8�
�-,

with approximatelyanotherfactorof 2 reductionin renderingtime, theedgesbecome

jaggedbecauseof coarsetessellation,resultingin low quality. As werelaxtheadaptive subdivision

threshold,theartifactsarefirst seenalongedgesbecausethat is whereray pathchangesarelikely

to occur.

Hybrid renderingwas25-84timesfasterthanauniformly-sampledraytracing,thoughbothused

identicalray castingcodeandthegreedyray pathshadingmodel.(Usinga full treeshadingmodel

would incuranadditionalfactorof 5.) This is notentirelyaccountedfor by thereductionof roughly

a factorof 6-21 in ray queriesor 14-47in triangleintersectiontestsobtainedby hybrid rendering.
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Thereasonfor our increasedperformanceis the increasedlocality we achieve by ray tracingonly

throughthelensobject’s geometry, andthehardwareaccelerationof texturemapaccess.Although

adaptive samplingreducestriangle intersectiontestsandray queriesby roughly the samefactor,

triangleintersectiontests(which includeray missesaswell asactualintersections)arereducedby

anadditionalfactorbecausetheenvironmentis approximatedwith simplesphericalshells.

Thoughour performancefalls shortof real-time,significantopportunityremainsboth to opti-

mizethesoftwareandparameters(like theinitial lensobject’s tessellation),andto tradeoff greater

approximationerrorfor higherspeed.Wenotethatmorecomplicatedenvironmentalgeometrywill

increasethebenefitof our useof approximatingshells.To speedup ray tracing,it maybeadvan-

tageousto exploit spatialandtemporalcoherence,possiblycombinedwith theuseof higher-order

surfacesratherthanmemory-inefficient polygonaltessellations.In any case,we believe that future

improvementto CPUspeedsandespeciallysupportfor ray tracingin graphicshardwarewill make

thisapproachidealfor real-timerenderingof realisticshiny andglassobjects.

6.5.1 Resultsfor Offline RenderingAcceleration

Onepossiblealternative applicationof hybrid renderingis in speedingup theoffline renderingof

realisticanimations.Hybrid renderingcouldbeusedto interpolatebetweenray tracedkey frames

at which view-dependentlayeredenvironmentmapsareinferred. Table6.2 comparesthe costof

standardray-tracingof an example500 frameanimationsequencewith onethat useshybrid ren-

dering. In makingthis comparison,we accountfor all thecostsof hybrid rendering,includingthe

Singleframe Sequencemultiplier 500frames

Standardray-tracing 8 min. 500frames 4000min.

Ray-tracingwith incoming/outgoing 25 min. 7 key frames 2 875min.
ray propagation 5 viewpoints
Inferringenvironmentmaps 60 min. 7 key frames 420min.
simultaneouslyfrom 5 viewpoints
Hybrid renderingruntime 19sec. 500frames 160min.

Total time for hybrid rendering 1455min.
Timereductionfactor 2.7

Table6.2: Costof ray-tracingvs. hybrid renderingfor offline computationof a 500framerealistic
animation.

pre-processingcosts.In particular, thereis theaddedcostof incoming/outgoingray propagationat

theray-tracedkey frames,thecostof performingray-tracingat multiple viewpointsperkey frame
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to handledisocclusions(5 viewpoints/key framein ourexample),andthecostof inferringenviron-

mentmapsat eachkey frame. We assume7 key framesareneededfor hybrid renderingbasedon

our experiencein faithfully reproducingthe entire500 frameanimation. In this comparison,we

find that hybrid renderingis 2.7 timesfasterthanstandardray-tracingusingthe samegreedyray

pathshadingmodel.We concludethatusinghybrid renderingto acceleratetheoffline renderingof

realisticanimationsis apromisingareafor furtherstudy.
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Figure6.11: Layered EMs inferr ed at a viewpoint samplefor a glassteapot (thr eelayers). A
quadrilateralwasusedfor theL A layer, acylindrical shellfor L � , andasphericalshellfor L B . Shells
areparameterizedby a six-facedcubemap. EntireMIPMAPs areinferred;only thefinestlevel is
shown.
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(a) Between viewpoint samples (in plane)


(b) Above viewpoint samples


Ray-Traced
 Hybrid (multi-layer)
 Hybrid (single layer)


Figure6.12: Hybrid rendering results. Theright two columnsweregeneratedby a PCgraphics
card.
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(a) Ray-Traced (480 sec/frame)
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(b) Hybrid 
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(c) Hybrid 
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= 5  (10.5 sec/frame)
 (d) Hybrid 

C

tau
 = 10  (5.7 sec/frame)


Figure6.13:Performance/Quality Tradeoff with Hybrid Rendering.



Chapter 7

Conclusion

7.1 Summary and Conclusions

Applicationslike entertainment,human-computerinterfaces,scientificvisualization,andengineer-

ing have increasinglyrequiredmore accuratesimulationof physicalprocessesthat are visually

perceptible.Physicalsimulationmethodsareby naturecomputationallyintensive,andsuitableonly

for offline rendering.At thesametime, interactive graphicshardwarethat is optimizedfor render-

ing texture-mapped3D geometryhascontinuedto getcheaperandfaster. However, suchhardware,

basedon thestandardrenderingpipeline, is inherentlyinadequatefor simulatingall theeffectsthat

wemightwantin aninteractive rendering,suchasindirectlighting with reflections,refractions,and

shadows. In our work, we have strived to bridgethe gapbetweenrealistic imagesynthesistech-

niquesandinteractive renderingwith the traditionalgraphicspipeline. We proposeda three-step

modelfor achieving this goal. In thefirst step,we parameterizethemulti-dimensionalspace,and

renderthe imagescomposingthe spaceusinga high-qualityoffline renderer. In the secondstep,

we compresstheparameterizedimagespaceefficiently by encodingthe imagesin termsof prim-

itivessupportedby the graphicspipelineandexploiting multi-dimensionalcoherence.Finally, in

thethird step,we treatgraphicshardwareasadecoder, andtake full advantageof its fastrendering

capabilitiesto reconstructtheoriginalhigh-qualityimages.

Texture Inferenceby InverseRendering

The drasticimprovementsin performanceandcostof the graphicspipelinein recentyearshas

enabledinexpensivePCgraphicshardwareto performflexibleandfasttexturemappingof polygons.

We exploit this texturemappingcapabilitythroughoutthis thesisby transformingthehigh-quality

offline renderedimagesinto analternative representationwith textureandenvironmentmaps.When

performingan inverserenderingconversionof this kind, it canbe challengingto preserve fidelity

108
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to theoriginal images.We have developeda novel methodfor texture inferenceto bestmatchthe

graphicshardwarerenderingto theinput ray-tracedimagery.

Our inferenceapproachis basedon the observation that a texture pixel contributesto zeroor

moredisplaypixels. Neglectinghardwarequantizationeffects,a texel that is twice asbright con-

tributestwice asmuch. Hardware renderingcan thusbe modeledas a linear system,called the

renderingmatrix, mappingtexels to displaypixels. To find therenderingmatrix, we performtest

renderingsonthegraphicshardwarethatisolateeachtexel’sdisplaycontribution. Giventherender-

ing matrix,
�

, we thenfind the least-squaresbesttexture, � , which whenappliedmatchesthe ray

tracer’s image,þ . This resultsin thelinearsystem
� ���wþ .

We comparedour texture inferencemethodwith two alternative approaches:a “forwardmap-

ping” methodin which texture samplesaremappedto the object’s imagelayer and interpolated

usinga high-qualityfilter, anda methodthatobviatestheneedfor anintermediateimagerepresen-

tationby renderingdirectly into textures. We find that thesealternative methodsproducea blurry

andinaccurateresultbecausethey do not accountfor how graphicshardwarefilters the textures.

In comparison,our least-squaresoptimizationmethodachievesa 2.4-3.4dB improvementin peak

signalto noiseratio whenrenderingwith an anisotropicfiltering modelin hardware. In addition,

a majorbenefitof our optimizationapproachis thatwe canplaceadditionalconstraintson theso-

lution. In particular, we usea pyramidalregularizationtermto ensuresmoothnessin the resulting

texture image,even in regionsof the texture thatarenot used.Finally, it is worth mentioningthat

our least-squarestextureinferenceapproachgeneralizeseasilyto environmentmaps.Environment

mapsare inherentlymoredifficult to solve for than texture mapsbecausea one-to-onemapping

betweentheobjectsurfaceandthetextureimagecannotbeguaranteedunderall viewing conditions

aswith texture maps. In our solution,we apply thesamemethodfor inferring environmentmaps

aswe do for texturemaps,with theonly differencebeingthattherenderingmatrix is createdusing

testrenderingswith environmentmappinginsteadof texturemapping.

Onemayaskwhat is the“asymptotic”valueof our inverserenderingapproachasgraphicsfil-

teringhardwareimprovesin the future. Beforeansweringthis question,we notethathigh quality

filtering will alwaysbeachallengefor graphicshardwarebecauseof thelargekernelsupportthata

highqualityfilter wouldentail.Currenthardwarereliesonpre-filteredMIPMAP pyramids[Wil83],

andis capableof performingeitherisotropictrilinear filtering or anisotropicfiltering with limited

anisotropy factors.Assuminghigh-qualitytexturefiltering is free,we expectthatasgraphicsfilter-

ing hardwarebecomescloserto ideal, theapproachof renderingdirectly into texturemapswould

becomemorecompetitive with our inversefitting approach.However, from a pre-processingeffi-

ciency standpoint,renderinginto imageswith theaccompanying inverserenderingstepwill in most

casesbe measurablylesscostly thanrenderingdirectly into textures. We areprimarily interested
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in thefinal imagethatappearson thescreen.Renderinginto imageshastheadvantageof placing

sampleswherethey contribute themostto imagequality, andsowe canachieve equivalentimage

quality to renderingdirectly into texturemapswith a fewer totalnumberof samples.

Anotherrelatedquestionis whatis thevalueof highly optimizedinverserenderingif atrun-time

wemoveawayfrom theexactimagesampleswhereinversefitting is performed.Moving awayfrom

pre-renderedviewpointsinherentlyreducestheusefulnessof our inversefitting approachbecause

inversefitting only compensatesfor thehardwarefilter modelat theexactviewpoint sampleswhere

we matchto the input ray-tracedimagery. Still, we can imagineapplicationswherewe always

stayat the pre-renderedsamples.Finally, asan answerto both questionswe have raisedabove,

we believe thatan inversefitting methodwill alwaysbeneededto extract texturesfrom imagesin

situationswherewedo nothave accessto theinnerworkingsof thesystemgeneratingtheimagery.

Note that mosthigh quality renderersin existencetodayproduceimagesasoutput,not textures.

Ideally, we would like our overall systemto beableto robustly work with any high-qualityimage

renderer, without requiringany modificationsto therenderingcode.Inferring texturesfrom images

independentlyof the renderingsystemusedto producethe imagesis thus a significantbenefit.

Although we have focussedon syntheticimagerythroughoutthis thesis,we canalsoimagineour

inverserenderingapproachbeingappliedto real-world imagescapturedusingreal cameraswhen

combinedwith computervision techniquesfor inferringobjectgeometry.

ParameterizedTexture Compression

Inferringaseparatetexturemapfor anobjectateachpoint in theimagespaceresultsin aparam-

eterizedtexture. In ourwork oncompressingparameterizedtextures,weexploit coherencebetween

textureimagesthroughtheuseof anadaptive Laplacianpyramid. Theadaptive natureof this pyra-

mid recognizesthatnot all parametersin animagespaceareequallycoherent,asis oftenassumed

in imagecoders.Wealsoexploit coherencethatis presentwithin asingletextureimagethroughthe

useof standard2D compressionmethodssuchasJPEGandwavelet-basedSPIHTencoding.To en-

hancecompression,weseparatethediffuseandspecularlighting layers.Wealsoemploy automatic

bit allocationmethodsfrom signalcompressionto allocatestorageacrosslevelswithin a Laplacian

pyramid,acrosslighting layers,andacrossobjects.While alternative compressionschemescould

have beenusedto compresstheparameterizedtextures,wepickedtheLaplacianpyramidapproach

becauseit avoids processinglarge fractionsof the representationto decodea given texture image,

thusenablingfastdecodingat run-time.

Image-basedrendering(IBR) andother techniquescompressimagesof views. We compress

texturesinstead.Therearethreebenefitsto compressingparameterizedtexturesinsteadof param-

eterizedimagesproducedby thehigh-qualityrenderer. First, encodinga separatetexture mapfor
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eachobjectbettercapturesits coherenceacrosstheparameterspaceindependentlyof wherein the

imageit appears.This is especiallythecasefor diffuselyshadedobjects.Second,objectsilhouettes

arecorrectlyrenderedfrom actualgeometry. Becausethesilhouettesarenotencodedin imageform,

they suffer fewercompressionartifacts.Finally, wecanmove theviewpoint away from theoriginal

parametersampleswithout revealinggeometricdisocclusions.

Resultsfor parameterizedtexturesshow thatquitegoodquality canbeachievedat a compres-

sion factorof 384:1andreasonablequality at 768:1. Unlike previous work in multi-dimensional

IBR, wealsoshow ourmethodsto besuperiorto astateof theart imagesequencecoderappliedto a

sensiblecollapseof thespaceinto 1D. Specifically, comparingMPEG4encodingof parameterized

imagesat 355:1with adaptive Laplacianencodingof parameterizedtexturesat 379:1,we achieve

betterperceptualquality, especiallyalongobjectsilhouettes.Empirically, we obtaina 1.9 dB im-

provementin peaksignalto noiseratio. Our run-timeachievesnearreal-time(˜ 5Hz) decodingon

graphicshardwarewith full resolutiontextures,andfasterreal-time(˜ 31Hz)decodingat reduced

textureresolution.In summary, wehavedemonstratedacompletesystemthatachieveshighquality

renderingof parameterizedimagespacesatcompressionratiosupto 800:1with interactiveplayback

on currentconsumergraphicscards.

GeneralizedMulti-dimensional ImageSpaces

Onenovel aspectof our work is that we generalizeto imagespaceswith arbitraryparameters,

not just viewpointor time. Wearefreeto parameterizetheradiancefield basedon time,positionof

lightsor viewpoint,surfacereflectanceproperties,objectpositions,or any otherdegreesof freedom

in the scene,resultingin an arbitrary-dimensionalparameterizedimagespace. To compilesuch

spaces,animageateachpoint in theparameterspacemustberendered,socompilationis exponen-

tial in dimension.We believe our compilationapproachis goodfor spacesin which all but oneor

two dimensionsare“secondary”;i.e., having relatively few samples.Examplesincludeviewpoint

movementalonga 1D trajectorywith limited side-to-sidemovement,viewpoint changeswith lim-

ited,periodicmotionof somescenecomponents,or timeor viewpointchangescoupledwith limited

changesto thelighting environment.

ParameterizedEnvironment Maps

Oneof thedrawbacksof capturingshadingeffectsasparameterizedtexturemaps(PTMs)is that

we get a pastedon look for reflective objectswhen we move our viewpoint away from the pre-

renderedviews. Traditionalenvironmentmapshavebeendevelopedin graphicsfor handlingreflec-

tive objects,but fail to capturelocal reflectionsincluding effects like self-reflectionsandparallax

in thereflectedimagery. Image-basedrendering(IBR) methodstabulatethe4D radiancefield, and
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canthusaccountfor all effects. However, for highly reflective surfaces,it is not clearwhetherthe

requiredsamplingdensityof views (for view-basedIBR) or of emittedradiancepersurfacepoint

(for surface-basedIBR) is practicalbecauseof the amountof storagethat would be entailed.We

proposeparameterizingenvironmentmapsinsteadof texturemapsto supportplausiblemovement

away from andbetweenthepre-renderedviewpoint sampleswhile maintaininglocal reflections.

Our parameterizedenvironmentmap(PEM) representationis layered,parameterizedby view-

point,andinferredto matchray-tracedimagery. Wecomputeenvironmentmaptexturecoordinates

by intersectingrayswith simplegeometrythat approximatesthe actualgeometryin the environ-

ment.This is in contrastto PTMswherethetexturecoordinatesarestatic.Layeringallowsdifferent

environmentmapgeometriesto beusedto betterapproximateeachlayer, andalsosupportsparallax

betweenlayers. Parameterizingenvironmentmapsby viewpoint hastwo benefits. First, we can

captureview-dependentshadingin the environment. Second,we canaccountfor geometricerror

causedby approximatingtheenvironmentwith simplergeometry. We computeenvironmentmaps

by inferringthemto matcharaytracedimageratherthanby renderingfrom theobjectcenter. Doing

thisateachviewpoint,weobtainagoodmatchthatcompensatesfor geometricerror.

PEMsprovide a faithful approximationto ray-tracedimagesat pre-renderedviewpoint sam-

ples and the ability to plausibly move away from thosesamplesusing real-timegraphicshard-

ware. Specifically, we have demonstratedresultsfor highly specularmirror-like local reflections

andshowedthat thesamemethodcanbeusedfor glossyobjects.Furthermore,this representation

is easilysupportedin present-daygraphicshardware,andhasthe desirablepropertyof requiring

only spatiallycoherentmemoryaccesses.

Hybrid Rendering

To handlerefractive objectsaway from thepre-renderedviews, we developedhybrid rendering.

Hybrid renderingcombinesray tracing,whichsimulatescomplicatedray bouncingoff local geom-

etry, with environmentmapswhichcapturethemoredistantgeometry. Thisexploits thehardware’s

ability to accessandresampletexture mapsto reducethe numberof ray castsandconsiderthem

in a memory-coherentorder. By inferring layeredEMs parameterizedby viewpoint, we preserve

view-dependentshadingandparallaxeffectsin theenvironmentwithout performingunaccelerated

raycaststhroughits complicatedgeometry. To limit local ray-tracingcomputation,weuseagreedy

ray pathshadingmodelthatprunesthebinary ray treegeneratedby refractive objectsto form just

two ray paths.We alsorestrictray queriesto trianglevertices,but performadaptive tessellationto

shootadditionalrayswhereneighboringraypathsdiffer sufficiently. With thesetechniques,weob-

tainarealisticsimulationof highly specularreflectiveandrefractiveobjects.As for highly reflective

objects,we expect image-basedrenderingmethodsto be impracticalfor highly refractive objects
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becauseof the amountof storagethat would be entailed. Anotherbenefitof hybrid renderingis

that self-reflectionsarehandledby ray tracingthe local geometryratherthanrepresentingit asa

parameterizedenvironmentmap,andsogoodresultsareachievedwith asmuchastentimessparser

samplingof environmentmaps.

Hybrid renderingwas25-84timesfasterthanauniformly-sampledray tracing.Bothusediden-

tical ray castingcodeandthegreedyray pathshadingmodel. Nevertheless,hybrid renderingper-

formancefalls shortof real-time,with resultsdemonstratedat 5-20secondsperframe.We believe

significantopportunityremainsbothto optimizethesoftwareandparameters,andto tradeoff greater

approximationerrorfor higherspeed.Wenotethatmorecomplicatedenvironmentalgeometrywill

increasethebenefitof our useof approximatingshells.To speedup ray tracing,it maybeadvan-

tageousto exploit spatialandtemporalcoherence,possiblycombinedwith theuseof higher-order

surfacesratherthanmemory-inefficient polygonaltessellations.In any case,we believe that future

improvementto CPUspeedsandespeciallysupportfor ray tracingin graphicshardwarewill make

thisapproachidealfor real-timerenderingof realisticshiny andglassobjects.

With hybrid rendering,we have introducedthe ideaof combiningray-tracingwith traditional

graphicshardware. This is typically not donebecausethe cost of ray-tracingcan be high and

unpredictablefrom onescreenpixel to thenext. Themajorbenefitof this work is to make thecost

of ray tracinglow andpredictablewithout sacrificingquality. Lower cost,but probablynot higher

predictability, resultsfrom ouradaptive ray tracingalgorithm.Two of ourothertechniquesenhance

both. We avoid large variationsin the ray treeof refractive objectsfrom onepixel to the next by

substitutingtwo ray paths. We alsosubstitutea fixed setof simpleshellsfor arbitrarily complex

environmentalgeometry.

Futur e Implications

Whengraphicshardwareimproves,perhapsby moving away from traditionalZ-buffer rendering

toward supportfor ray-tracing,it is interestingto askwhat contributions in our work will likely

remainimportant. The texture mappingandprogrammableshadingpartsof the existing graphics

pipelinearelikely to remainimportantprimitivesin any futuregraphicshardware.We believe that

texture mappingis fundamentalbecauseit efficiently encodessignalson surfacesas rectangular

images,andallows differentsamplingratesfor differentsignalswith a common �ED ��FG� parameteri-

zation.In addition,evenwith ray-tracinghardware,therewill beaneedto reducecomplexity sothat

therenderingcanbedonein real-time.Takingadvantageof texturemapping,environmentmapping,

andprogrammableshadingcapabilities,aswe have donein our work, is likely to be instrumental

for improving memorycoherenceandmanagingcomplexity on futuregraphicshardware.



CHAPTER7. CONCLUSION 114

Choiceof Texture Parameterizations

In ourwork,wehavechosentoexploit twospecifickindsof textureparameterizations:viewpoint-

independent�ED ��FG� coordinatesper vertex on eachmesh,and view-dependent�ED ��FG� coordinates

computedby intersectingoutgoingrayswith simplegeometricimpostors.While thesearecertainly

not the only parameterizationsthat onecanimagine,we believe our choicesof parameterizations

havedesirablecompressionandinteractive renderingcharacteristics.For example,onewell-known

parameterizationthatwe did not utilize is a view-dependenttextureparameterizationwhereview-

basedimagesareprojectively mappedonto objectsurfaces.Oneadvantageof projective textures

over traditionalonesis that they reducethenumberof imagesamplingpasses;projective textures

requirejust onesamplingpassfor projection,whereastraditionaltexturesinvolve a samplingpass

for inverserenderingand anotherfor texture filtering. Nevertheless,we believe our “intrinsic”

textureparameterizations(i.e., viewpoint-independent(u,v) coordinatespervertex) aresuperiorto

view-basedonesfor capturingthe view-independentlighting in a single texture mapratherthan

a collectionof views to obtainbettercompression.Additionally, disocclusionsarehandledwith-

out encodingwhich polygonsarevisible in which views or gatheringpolygonscorrespondingto

differentviews in separatepasses.For reflectiveandrefractive objects,it is advantageousto useen-

vironmentmapparameterizationswith simplegeometricimpostorsapproximatingactualgeometry

in the environment. Predictinghow reflectionsandrefractionsmove astheview changesenables

plausiblemovementaway from thepre-renderedviews.

Summary

In summary, weprovidephotorealisticrenderingof multi-dimensionalparameterizedimagespaces.

A distinguishingcharacteristicof our work is that we generalizeto imagespaceswith arbitrary

parameters,not just radiancefields parameterizedby viewpoint as in image-basedrendering,or

animationsthrough1D time asin movies. Wecomputetexturemapsby inverserenderingfrom of-

fline ray-tracedimagery. Theparameterizedtexturesarecompressedexploiting multi-dimensional

coherence,andcanbequickly decodedfor real-timeplaybackon graphicshardware. With param-

eterizedenvironmentmapsandhybrid rendering,we allow for plausiblemovementaway from the

original samplesfor highly specularreflective andrefractive objectsthatwouldbeimpracticalwith

light field basedmethods.

Our overall approachattemptsto bridgethegapbetweenthehigherquality achievableoffline

andwhatcanbedonein real-time.It is reasonableto assumethattherewill alwaysbeadifferencein

qualitybetweenthesetwo modesof rendering.Wethereforeexpectthatinversefitting to primitives

supportedin real-timegraphicshardwarewill remainanimportantproblem.



CHAPTER7. CONCLUSION 115

7.2 Recommendationsfor Graphics Hardware

Oneimpedimentin our systemto real-timeplaybackis themeagersupportfor texturedecodingin

graphicshardware.This bottleneckcanbeovercomeby absorbingsomeof thedecodingfunction-

ality into thehardware.Indeed,we expecttheability to loadhighly compressedtexturesdirectly to

hardwarein thenearfuture.

If we assumethat texturesarestoredin uncompressedform in systemmemory(i.e. no texture

decompressionis needed),downloadingtexturesinto hardwarememorybecomestheperformance

bottleneck.Two waysto alleviate this bottleneckarehighersystembusbandwidthandtransferof

compressedtexturesacrossthe bus ratherthanraw images. A further enhancementwould be to

loadcompressedparameter-dependent textureblock pyramidsdirectly to hardware. By exploiting

coherencebetweentexture imagesin a single block, the bus bandwidthrequirementswould be

reduced.Supportfor parameter-dependenttextureblocksin theapplicationprogramminginterface

(API) wouldmake thisperformanceoptimizationpossible.

When splitting an object’s lighting layersinto specularand diffuse terms, it is necessaryto

compressgammacorrectedtexturesfor the individual terms. This is becausegammacorrection

of thefinal imagemagnifiescompressionerrorsin thedark regions. Oneconsequenceof gamma

correctingthe individual texturesis that they mustbe inversegammacorrectedprior to summing

the two termsin the graphicshardware,whereall imageoperationsmustbe performedin linear

space.We notethat the inversegammafunctionemployed,aswell asgammacorrectionat higher

precisionthanthe8-bit framebuffer result,is ausefulcompanionto hardwaredecompression.

Factoringsurface reflectancefrom incident radiancein our parameterizedenvironmentmap

representationis problematicon currenthardware with fixed point 8-bit texture arithmetic; it is

difficult to fit thedynamicrangeneededby theincidentspecularlayer [Deb98b]. We clip samples

thataretoobright,sometimesresultingin artificially dimmedhighlights.Solvingthisproblemwill

requiremoredynamicrangein textureprocessing,perhapsusingafloatingpoint representation.

Finally, we would like hardwareaccelerationof ray-tracingfor local models,so that we can

performhybrid renderingwith refractive objectsin real-time.At somepoint,we expectthecurrent

graphicsarchitecturewill beaugmentedwith someform of ray tracingcapability. In thatcase,our

ideasof hybrid renderingandfitting accurateimpostorsmayprove very usefulto make ray tracing

morelocalandexploit texture-mapping.
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7.3 Futur e Work

The traditionalgraphicspipeline is becomingincreasinglyprogrammable[Lin01]. Oneareafor

futurework is to exploretheuseof moresophisticatedmodelsfor hardwarerenderingto moreeffi-

cientlyencodeparameterizedimagespaces.For example,wecanimaginesimulatingrealisticlight-

ing by inversefitting to analyticalmodelsfor arealight sourcesthat canberun on programmable

hardware. We canalso imagineevaluatinghigher-order functionson programmablehardware to

tradeoff storagefor computation.For example,onecancomputediffuseshadingeffectsby evaluat-

ing quadraticpolynomialsateachpixel [Mal01, Ram01a]. Webelievethatoursimplesumof diffuse

andspeculartexturemapsis but a first steptowardmorepredictive graphicsmodelssupportedby

hardwareto aid compression.In addition,the disciplineof measuringcompressionratiosvs. er-

ror for encodingsof photorealisticimageryis perhapsa usefulbenchmarkfor proposedhardware

enhancements.

Extendingour work to deforminggeometryshouldbepossibleusingparameter-dependentge-

ometrycompression[Len99]. Anotherextensionis to matchphotorealisticcameramodels(e.g.,

imagerywith depthof field effects) in addition to photorealisticshading. This may be possible

with accumulation-buffer methods[Hae90] or with hardware post-processingon separatelyren-

deredsprites[Sny98]. Useof perceptualmetricsto guidecompressionandstorageallocationis

anotherimportantextension[Lub95]. Furtherwork is alsorequiredto automaticallygeneratecon-

tiguous,sampling-efficient texture parameterizationsover arbitrary meshesusing a minimum of

maps[San01].

Anotherareaof future work is to studythe benefitsof hybrid renderingon compression.We

expectthatPEMsshouldbettercapturethecoherencein imagespacescomparedwith parameterized

texturemapsthatarestaticallymappedonobjects.Thedynamiccomputationof texturecoordinates

by intersectingoutgoingrayswith thesimpleimpostergeometrycanbeconsideredto bea form of

motion prediction. This is yet anotherexampleof taking advantageof moreinformationabouta

syntheticsceneto achieve greatercompression.

In our hybrid renderingapproach,we presentlymatchimpostorsto a two-termgreedyray path

shadingmodel.Ideally, wewouldliketo fit impostorsto matchthefull binarytreeray-tracingrather

thanour ray pathapproximationto achieve greaterrealism.

During preprocessing,we currentlyray-traceeachimagein themulti-dimensionalspaceinde-

pendently. This is very expensive andthemainreasonwe arelimited to just a few dimensions.We

think thereis opportunityto betterexploit coherencein the imagespaceto make the ray-tracing

moreefficient, usingideassimilar to [Hal98]. Note that even if we have ray-tracingthat exploits

coherencein thepre-processing,it will clearlybeimpracticalto storetheimagesin uncompressed

form andthendoblock-basedcompression,sinceeventhisprocessingis exponentialin dimension.
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Somehow, the ray tracingresultswill have to be alreadyrepresentedin compressedform across

blocksof theparameterspace.

Finally, assumingwe caneliminatethe ray-tracingbottleneck,thenwe canbegin to consider

spaceswith higherdimensions.Weareinterestedin measuringstoragerequiredasthedimensionof

theparameterizedspacegrowsandhypothesizethatsuchgrowth is quitesmallin many usefulcases

becauseof greatercoherence.Wealsobelieve thatpre-processedencodingof parameterizedimage

spaceswith higher dimensionswill make our approachapplicableto a wider rangeof graphics

applications.
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