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Abstract

Oneof the centralproblemsin computergraphicsis real-timerenderingof physicallyilluminated,
dynamicernvironments. Thoughthe computatiomneededs beyond currentcapability specialized
graphicshardware that rendergexture-mappedolygonscontinuesto get cheaperandfaster We
exploit this hardware to decompressanimations” computedoffline using a photorealisticimage
renderer The decodedmageryretainsthe full gamutof stochastiaay tracing effects, including
indirectlighting with reflectionsyefractionsandshadas.

Ratherthan1D time, ouranimationsareparameterizetly two or morearbitraryvariablesepre-
sentingviewpoint positions lighting changesandobjectmotions.To bestmatchthe graphicshard-
warerenderingto theinput ray-tracedmagery we describea novel methodto infer parameterized
texturemapsfor eachobjectby modelingthehardwareasalinearsystemandthenperformingleast-
squareoptimization. The parameterizetexturesarecompressedsa multidimensionalaplacian
pyramidon fixedsizeblocksof parametespace This schemecaptureghecoherencén animations
and,unlike previous work, decodedirectly into texture mapsthatload into hardware with a few,
simpleimageoperations.High-quality resultsare demonstrate@t compressiomatiosup to 800:1
with interactive playbackon currentconsumegraphicscards.

To enableplausiblemovementaway from and betweenthe pre-renderedriewpoint samples,
we extendthe ideaof parametridexturesto parametricervironmentmaps. Segmentingthe ervi-
ronmentinto layers,and picking simple environmentalgeometrythat closely matchesthe actual
geometryof the ervironmentbetterapproximatesiow reflectionsmove asthe view changes.Un-
like traditionalenvironmentmaps,we achiese local effectslik e self-reflectionsand parallaxin the
reflectedmagery

Finally, we introducehybrid rendering a schemdhatdynamicallyray traceshelocal geometry
of refractive objects,but approximatesnore distantgeometryby layered,parameterize@rviron-
mentmaps. To limit computationwe usea greedyray pathshadingmodelthat prunesthe binary
ray treegeneratedy refractive objectsto form just two ray paths. We alsorestrictray queriesto
trianglevertices,but performadaptve tessellatiorto shootadditionalrayswhereneighboringray
pathsdiffer sufiiciently. We demonstratdighly speculamglassobjectsat a significantlylower and



morepredictablecostthanray-tracing andanticipatefuture supportfor local ray-tracingin graphics
hardwarewill male this approactidealfor real-timerenderingof realisticreflectve andrefractve
objects.
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Chapter 1

Intr oduction

Computergraphicss aboutgeneratinganimagefrom anabstractdescriptionof aworld which can
be eitherreal or imaginary Perhapsone of the more fascinatingapplicationsof computerss in
renderingimagesthat are sufiiciently realisticso asto be indistinguishablgrom reality. In addi-
tion to beingvisually appealingthe ability to generatesuchrealisticimageshasapplicationsthat
permeateall aspectf our lives. Commonapplicationstoday are computeraideddesign,realis-
tic visualizationof scientificphenomenorphotorealisticomputegamesandcomputergenerated
animatedilms. In the nearfuture,we canimagineaugmentedeality applicationgn medicineand
engineeringtelepresencin virtual meetingsanduserfriendly three-dimensiondiluman-computer
interfacesin ubiquitouscomputing.

The centralproblemin computergraphicsis real-timerenderingof physically-illuminate, dy-
namic ervironments. Over the pastfew decadesresearcherén computergraphicshave made
tremendouprogresgowardsattainingthis goal. Their efforts canbe broadly cateyorizedinto two
areasrealisticimage synthesiandinteractiverendering

In the areaof realisticimagesynthesisthe challengehasbeenhow to accuratelymodelthe
world, modeling andhow to accuratelysimulatethe transportof light to generateanimage,ren-
dering In addition,assumingheworld is not static,thereis the challengeof describingthe motion
of objects,animation The questfor realismhasincreasinglyleadto more accuratesimulationof
physicalprocessethatarevisually perceptible Unfortunately thesemethodsareby their very na-
ture highly computationallyintensie andconsequentjyaresofar only usefulfor offline rendering.
Popularanimatedilms today for exampleToy Story usesuchphotorealisticenderingandrequire
severalhoursperframe.

In contrast,researcheri interactve renderinghave beenprimarily concernedwith produc-
ing the bestpossibleimageswithin a fixed time interval. This interval is governedby the abil-
ity of the humanvisual systemto perceve continuousmotionin discreteframes,the fusionrate,
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which is around20 Hz. The stringenttiming requirement®f interactve graphicsapplicationshas

constrainedhe choiceof renderingalgorithmsto what canbe feasiblyimplementedn hardware.

Thoughthis hardware,generallyreferredto asthe graphicspipeling hasincreasedn performance
andfunctionality over several generationsit is still relatively crudein its ability to renderrealistic

imagescomparedvith softwarealgorithmsusedin offline rendering.

In this work, we attemptto bridge the gap betweenrealisticimage synthesisand interactve
rendering. Thoughthe computatiomeededo performhighly realisticinteractve renderingis be-
yondthe currentcapability traditionalgraphicshardware continuesto get cheaperndfaster We
exploit this hardwareto efficiently compres®ffline renderednulti-dimensionaparameterizetian-
imations”. Theseanimationscanbe decodednteractvely usinggraphicshardware andexhibit the
full gamutof realisticimagesynthesisffects,suchasindirectlighting with reflectionsrefractions,
andshadas.

1.1 Parameterizedimage Spaces

Ratherthan simply being one dimensionalin time, our animationsare parameterizedy two or
morevariablesrepresentingiewpoint positions,lighting changesand objectmotions. Figure 1.1
illustratesan exampleof a 2D parameterize@magespacecombiningviewpoint movementalonga
1D trajectorywith independentD rotationof aring object. Theindividualimagesn thisfigureare
renderedby ray-tracing presentlythe mostpopularmethodof generatingealisticimages. Note
the accuratdighting, realisticlocal reflections,refractionsand soft shadevs in eachimage. This
guality of renderingcannotbe attainedn real-timeusingpresent-dagraphicshardwvare.

The main objective in this work is to give the userthe ability to interactvely navigatethe pa-
rameterizedmagespacesThis meangheusershouldbeableto move throughthe spacean anarbi-
trary directionandsimultaneoushalongmorethanonedimension.This is in contrastto watching
computergeneratednimatedilms wherethereis a singledimensionandwherewe cycle through
theimagesin afixedorder Below, we presenthreeexampleapplicationsof parameterizeémage
spaces.

¢ Visualizing Complex Machinery
Onepossibleapplicationof parameterizednagespacess in visualizingcomplex machinery
In this spacewe would like to be ableto watchthe machineryanimatewith time. In addi-
tion, we would like to be ableto watchthis animationfrom ary point alonga 1D circle that
surroundghe machineryor, perhapsfrom ary point on the 2D hemispherghatenclosest.
The ability to seetheanimationfrom ary pointin the 2 or 3-dimensionaspaceenablesisto
betterunderstandhowv the machineryworks.
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» Object Motion

» View

Figurel.1: Example of a 2D parameterizedimage space.This spacecombinesviewpoint move-
mentalonga 1D trajectorywith independeniD rotationof thering object.

¢ Realistic Cockpit Renderingin a Flight Simulator

Anotherexampleapplicationis in producingarealisticcockpitrenderingn aflight simulator
In this spacethe possibleparameterareheadposition,the discretepositionsof the switches
andknobsin the cockpit,andthetime of day Accountingfor headpositionallows for view
dependeneffectssuchasglossyandspeculareflectionsin the interior of the cockpit. The
switchesandknobsin the cockpitcontrolthedisplaysandLEDs, andthuseffect the lighting
emittedin theinterior. The time of day effectsthe amountof outdoorlighting transported
throughthe cockpit windows. Taken together theseparameterallows for a high level of
imagerealismin theinterior of a cockpit.

¢ Interactive Animated Film
A third exampleapplicationis in makinganinteractve versionof ananimatedilm, like Toy
Storyfrom PixarAnimation Studios.In this example ,oneparametecanbelimited viewpoint
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motion. In avirtual reality setting,the ability to seeparallaxcorrespondindgo headmotion
givesamuchmoreimmersie effect. By trackingheadmotionusinga head-mountedisplay
andallowing for limited headmovementsearthe original trajectory we cangive the person
watchingthefilm the senseof actuallybeing*“in thescene”.

Anothersetof possibleparameterare characteparametersRecently therehasbeenmuch
work in characteranimationto realize somevery rich animationswith a minimal number
of usercontrolled parametergRos98 Gle98 Pop99. We canimaginehaving parameters
that control the emotionalstatesof leadingcharactersn ananimatedilm. For example,by
controllingthe happines®r sadnessf Woodyin Toy Story, we caneffecthow Woodywalks
andhis facialexpressions.

As we have justshowvn, therearemary possiblegparameterdlt is theresponsibilityof thecontent
authorto decidethe dimensionalityof theimagespacewhat parametershe dimensiongepresent,
andhow denselyto samplethe space.

Before describingour systemarchitecturefor interactvely displaying parameterizedmage
spaceswe briefly describethe algorithmsthat have beendevelopedfor realisticimagesynthesis,
andthe graphicspipelineimplementedor interactve renderingn the next two sections.

1.2 Realisticlmage Synthesis

Theemegenceof rastergraphicsn thelate 1960s whereeachpointonadisplayscreenpr pixel, is
representetly a colorvaluemadeit possibleto portraythesurfaceappearancef three-dimensional
objects. The first modelsfor shadingsurfaceswere developedby Bouknight[Bou7(, Gouraud
[Gou7]], andPhong[Pho79. Thesemodelsweread hog in thatthey werenot developedbasedn
physicalprinciples.Themodelswerealsolocal, in thateachsurfacewasshadedvithoutconsidering
ary othersurfacesin the environment. Thus,theimagesgeneratedlid not accountfor reflectionof
light betweersurfacesandshadaevs causedy the obstructionof light sourcesveremissing.

The first algorithm that took global illumination phenomenanto accountwas developedby
Whitted[Whi80]. Thisalgorithm,knowvn asray-tracing workedby recursvely tracingraysthrough
anervironmentstartingwith raysemanatingrom the eye-point. Thus,it couldaccountfor indirect
lighting in the form of reflections refractionsandshadevs. Therehave beenmary improvements
to thebasicraytracingalgorithm[Gla89. Cooketal. introducedstochasticdaytracing[Coo844 to
handleglossyreflectionsandsoft shadas, Ward etal [War8§ introduceda methodfor incorporat-
ing diffuseinterreflectionbetweensurfaces,and Shirley [Arv86] introducedthe useof backwards
ray-tracingto rendercaustics Recentmethoddor increasinghe robustnessaindefficiency of these
techniguesncludethework of Shirley [Shi95, JenserJen96, andVeach[Vea9]T.
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While ray-tracingsimulatedthe transportof light in an ervironment,modelswere neededo
describaheinteractionof light with thesurfaceghattheraysintersectedinspiredby work from the
fields of radiative heattransferandillumination engineeringBlinn [Bli77] andCookandTorrance
[Co087 introducedthe first local reflectionmodelsthat were physically based. Kajiya [Kaj85]
generalizedhe Cook-Torrancemodelto handleanisotropicsurfacessuchasbrushedmetals,cloth
andhair Modelsto handlefurry materialswere alsointroduced[Kaj89, Mil88]. More recently
modelsthat accountfor subsurdce scatteringin translucentmaterials,suchas marble,skin, and
milk, have beendevelopedHan93 Sta95 Dor99, Pha0Q Jen0l.

In themid 1980s radiositymethodsdrom thefield of radiative heattransferbeganto beapplied
to realisticimagesynthesidGor84. Theseview-independenimethodswvereusedto solve for the
interreflectionof light in anervironmentconsistingof ideal (Lambertian)diffusesurfaces.As with
ray-tracing,therehave beenmary improvementsto the basicalgorithm[Coh93. While radiosity
methodswerelater extendedfor glossyandspeculaisurfaces[Imma86), they aretypically notused
to simulatedirectionallighting effects,andareinsteadcombinedwith ray-tracingsolutions[Wal87,
Sil89, Shi9q Che9l.

Theearlyrenderingalgorithmsmodeledight aspoint sourcesor asdistantdirectionalsources.
VerbeckandGreenbay [Ver84 obsered thataccuratdighting requiresmodelingthe geometryof
thelight sourceandtheintensitydistribution asa functionof wavelengthanddirection. Accounting
for the geometryof alight sourceenabledhemto createthe effect of penumbreon partially shad-
owed geometry Modeling the intensity distribution madepossiblelight patterneffects typically
seenin realervironments.

Kajiya [Kaj86] introducedthe renderingequationin 1986which tied togethertheillumination
models. Kajiya accountedor the transportof light in an ervironmentthroughan integral that
consideredheincominglight distribution, thesurfacebidirectionalreflectancdunction,theemitted
light, andthe scatteringof light throughaninterveningmaterial.

As shadingmodelsandlighting modelsbecamemorecomple, it becamesvidentthatshading
systemghat uniformly evaluateda single parameterizeghadingexpressionfor all surfaceswere
both inadequatandinefficient. Cook[Co0844 introducedshadetreesthat allowed flexible tree-
structuredexpressiondor surfacereflectancenodels light sourcemodels andatmospherieffects.
Perlin[Per89 took theideafurtherby allowing the shadingexpressiongo be specifiedusinga full
programminganguage HanraharandLawson[Ren89 Han9( broughttogetherfeaturesof Cook
and Perlin’s systemsin an abstractshadinglanguagecalled RenderMan presentlythe standard
languagédor writing shadingexpressionsA majorfeatureof this languages thatit is independent
of ary specificillumination models,softwarealgorithmsor hardwareimplementationslt hasbeen
foundthatbecauseurfacereflectancenodelsareoften phenomenologicallpasedmary materials
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aremoreeasilydefinedwith procedurallydefinedshaderghanwith mathematicaformulae.

In conclusionmuch progresshasbeenmadetowardsoffline renderingof realisticimages.In
thiswork, we seekto exploit thesemethodgo interactirely rendemparameterizednagespaceata
comparabldevel of realism.

1.3 Interactive Rendering

In parallelto the developmentof realisticimagesynthesigechniquess the developmentof inter
active renderingsystemsinteractie renderingsystemgenerallystrive to produceimageswith the
highestdegreeof imagecompl«ity andrealismatinteractve rates.In pursuitof this goal, systems
thattake advantageof specializechardwarehave beenbuilt. Architectsof thesesystemshave grap-
pledwith severalchallengingquestionsThesdncludewhatrenderingprimitivesto supportzhow to
effectively exploit parallelism?how to designmemorysystemgo maximizethroughputZandwhere
to draw theline betweerspecializechardware computatiorandgeneraburposecomputation?

The graphicssystemghat have beenbuilt canbe classifiedby generationsAkeley [Ake93,
whereeachgenerations characterizety thetamgetrenderingcapabilitiesfor which performances
maximized.Thefirst generatiorof graphicshardwarein late 1970sandearly 1980swas primarily
goodat draving wireframemodelsof 3D geometry Theimplementatiorof deepframetuffersand
hiddensurfaceeliminationin thesecondyeneratiorof hardwarein thelate 1980smadeit possibleto
efficiently drav Gouraudshadegolygons.In theearly1990s thethird generatiorof machinesvith
fastpolygontexture mappingcapabilitiesandanti-aliasingwvereintroduced We arepresentlyin the
fourth generatiorof graphicshardware,in anextensionof the classificatiorby HanraharfHan97,
wherehardwvareis particularlygoodat flexible lighting, shadingandtexturing of polygons.

One commoncharacteristioof interactve renderingsystemsis that they emplg a standard
graphicspipelinefor renderingjllustratedin Figurel.3. Thedistinguishingfeatureof this pipeline
is thatit projectsgeometricprimitivesto the screen ratherthantracing raysfrom the eye-point
into theimage. We will male this distinctionmoreconcretebelon. Thefunctionality provided by
the graphicspipelineis exposedto the programmetin the form of applicationprogrammingnter
faces(APIs). Two very similar APIs commonlyusedtodayare OpenGL(OpenGraphicsLibrary)
[Seg92 Nei93 andDirect3D[DX8].

Theimagein Figurel.4(b)is representate of what canberenderedn hardwarethatimple-
mentsthe graphicspipeline. To make clear the capabilitiesand limitations of this pipeline, we
briefly explain how thisimagewasgeneratedA morecompletedescriptionof thegraphicspipeline
canbefoundin [Fol9Q].

As illustratedin Figure 1.3, the pipelineconsistsof four stages.n thefirst stage the graphics
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Figurel.2: The graphics pipeline in interactive rendering systems.

applicationperformsrenderingcalls throughthe API to definethe imageto be rendered.In our
example,callsaremadeto definethe surfacegeometryof eachobject,thetexturesthataremapped
ontoeachsurface thematerialpropertiesof the surfaces andthelighting in the environment.

The surfacegeometryof objectsis typically definedin termsof triangles.In the secondstage,
the trianglesare projectedfrom their 3D positionsin spaceto the 2D screenusing a perspectie
mapping. Color valuesare alsocomputedfor eachvertex basedon the specificmaterialparame-
tersandgeneralighting conditions.In the exampleimage,therearetwo lights in the ervironment
which are modeledas point sources.All the vertices,exceptthosefor the cup, arelighted using
a combinationof a simplediffusereflectionmodel,computedor eachlight sourceindependently
andaglobalambientllumination constantThespeculahighlightsonthevaseareaddedseparately
usinga simplified versionof the Phongspeculareflectionmodelsupportedn hardware. For the
cup,whichis modeledasa purelyreflective object,environmentmaptexture coordinatesarecom-
putedpervertex by takingthedirectionof thereflectionray at eachvertex andintersectinghis with
afinite cubewhosebottomrestson thetableandothersidesextendto thewallsin theervironment.

In the third stage the trianglesare scancornvertedto identify the pixels thatarein theinterior
of triangles.Thesepixelsareshadedy interpolatingthe color valuesat the verticesusingGouraud
interpolation. In addition, the shadedpixel colorsare modulatedwith texture valuesby indexing
into texture maps. The pervertex texture coordinatesareinterpolatedo computeper pixel texture
addresseslIn our exampleimage, static 2D texture imagesare mappedonto all objects,except
for the vaseandcup. In the caseof the cup, the ervironmentmaptexture coordinatesat the ver
tices,dynamicallycomputedn the previous stage areinterpolatedandusedto index into a static
ervironmentmap.

The shadws seenin theimagearealsocomputedn the third stageby performinga separate
renderingpassfor eachlight source.The stateof shadav of eachpixel is determinedy indexing
into a precomputedhadev map,specificfor a particularlight source andmodulatingthe shadev
resultwith theoverall shadedndtexturedvalue. Theshada resultdepend®nwhetherthesurface
pointis theclosestpointdirectly visible to thelight source.

In the last stageof the pipeline,a Z-buffer algorithmis usedto eliminatehiddensuriaces,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 are compositedwith the frameluffer. The imageis also anti-
aliasedby supersamplingheimageandfiltering aneighborhooaf pixels. Finally, theimagestored
in theframeluffer is gammacorrectedanddisplayedon the screen.

In recentyears,the graphicspipeline hasseendrasticimprovementsin both absoluteperfor
manceandcost/performancerigurel.3shavs thetrendin texturedpixel fill rateoverthelastfour
yearsfor commodityPC graphicscards.As shavn, therehasbeena twentyfold increasefrom 50
million to 1 billion texturedmappedixelspersecond Othermetricsof graphicsperformancesuch
asthetriangletransformatiorratehave alsobeengoingup correspondinglyTheseémprovementsn
performanceindcostcanbeattributedto bothbetterarchitecturaimplementationssuchastheuse
of texture andvertex cachedo reducememorybandwidthrequirementsandbettersemiconductor
technology enablingthe useof higherclock frequenciesmoretransistorso exploit parallelism,
andfewer componentso build acompletesystem.

Figure 1.4 compareghe graphicspipelineimagewith one producedusinga ray-tracer The
ray-tracedmageis clearly morerealistic. In the ray-tracedmage,we seeaccuratdighting, local
reflections,refractionsand soft shadas. In contrastthe local reflectionsbetweenthe vase,cup
andtable are missingin the image producedby the graphicspipeline, we are unableto simulate
refractionsn the glasscup,andthe shadws have hardboundaries.
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(a) Ray-Traced (b) Graphics Pipeline Hardware

Figurel.4: Comparison betweenray-tracing and graphics pipeline rendering.

The diagramsbelav the correspondingmageshelp us betterunderstandhe fundamentatif-
ferencebetweenthesetwo kinds of rendering. With ray-tracing,reflective andrefractive objects
mapeachincomingray into a numberof outgoingrays,accordingto a comple, spatially-\arying
setof multiple ray “bounces”.In contrastthe graphicspipelinerasterizegieometrywith respecto
aconstraineday set— raysemanatingrom a pointandpassinghrougha uniformly parameterized
rectanglein 3D. Thus,graphicshardware cannotbe expectedio accuratelysimulatenon-localillu-
minationeffects. However, graphicshardwareis well-suitedfor interactve renderingbecausehe
memoryaccesgatternsareregular andthe computationis both low andpredictableat eachstage
of thepipeline.

In termsof renderingspeedthe computatiomeededo performray-tracingin real-timeexceeds
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thecurrentcapabilityof generaburposecomputersy atleastfour to five ordersof magnitudeasit

canpresenthtake from tensof minutesto hoursto renderasingleimage.ln comparisongcommodity
graphicshardwaretodayis capableof renderingrelatively complex scenescontainingmorethan
onemillion triangles atinteractve rates.

1.4 SystemAr chitecture

We have shavn thatinteractve renderingsystemsare optimizedfor graphicspipeline rendering.
While this allows for fastrenderingof texture-mappedjeometryit alsomeanshatgraphicshard-
warealonecannotefficiently produceimageswith accurateglobalillumination effects. We, there-
fore, proposethe following threestepmodel, illustratedin Figure 1.5, for interactvely rendering
parameterizetmagespacewith realisticimagequality.

Thefirst stepof the modelconsistf offline renderingof the multi-dimensionaparameterized
imagespace.Theideais to take advantageof therealisticimagesynthesigechniqueshathave been
developedto produceimageswith high realism. In our work, we renderimagesusinga modified
versionof Eon,a Monte Carlodistribution ray-tracefCoo84a Shi92 Shi9q. Note, however, that
our architecturesupportsary of theimagesynthesigechniquesiescribedearlierin Sectionl.2.

In the secondstep,we compresghe pre-renderedmages. The goalis to achieve high com-
pressionandat the sametime allow for fastdecodingat run-time. This goalis accomplishedy
encodingthe imagesin termsof 3D primitives supportedoy graphicshardware,andin particular
in termsof 3D geometryandtexture maps. This stepis akin to compiling programsto run effi-
ciently on a particularprocessorlIn our case we arecompiling the parameterizeimagespaceo
run efficiently andwith acomparabléevel of imagequality onaparticularpipelinerenderingmodel
facilitatedby graphicshardvare.

Finally, in the third step,we treatthe graphicshardware asa decoderandtake full advantage
of its fastrenderingcapabilitiesto reconstructhe original high qualityimages.In additionto being
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ableto accuratelyreproduceaheoriginalimageswe wouldlike our systento beableto interactvely
rendemlausibleimageshetweerandaway from the pre-renderedamples.

Thefirst two stepsof the modelare performedoffline asa preprocesswhereaghe last stepis
performednteractiely at runtime.

1.5 Reseach Contrib utions
Therearefour majorcontritutionsin this thesis listed below.

¢ Inverserendering method for inferring texture maps. As mentionedin Sectionl.4, we
compilethe pre-renderedmagespacesn the secondstepof our systemarchitectureor effi-
cientcompressiomndfastdecoding.In our systemcompressiomnddecodingarefacilitated
by corvertingtheoriginalimagerepresentatioproducedn the pre-renderingtepinto atex-
ture representatioffior eachobject. Thus,an algorithmfor inferring a texture for an object
from a correspondingay-tracedmageis needed.To bestmatchthe graphicspipelineren-
deringto the input ray-tracedimages,we have developeda novel methodthat modelsthe
pipelineasalinearsystemandthenperformsleast-squaresiinimization. We demonstrata
sharpematchto the original ray-tracedmageswhenrenderingwith texturesinferredusing
this inversefitting methodthanwith texturescomputedusing eitheran alternatve forward
mappingapproactor by ray-tracingdirectly into texture maps.

e Hardware accelerateddecodingof compressedparameterizedimage spaces.nferring a
separatdexture mapfor an objectat eachpoint in the imagespaceresultsin a parameter
ized texture. We compresghe parameterizedexturesfor eachobjecttaking advantageof
multi-dimensionakcoherenceandat the sametime, allowing for fastreal-timedecodingon
graphicshardware. We demonstrate completesystemthat achiazes high quality rendering
of parameterizetmagespacestcompressiomatiosup to 800: 1with interactie playbackon
currentconsumegraphicscards.

e Parameterizedervironmentmap representationfor plausible movementaway from pre-
rendered samples. We introduceparameterize@&rvironmentmapsas an alternatve to pa-
rameterizedexture maps,so thatwe canrenderplausibleimageswhenwe move the view-
pointawayfrom thepre-rendere@magesamplesBy sggmentingtheervironmentinto layers,
andpicking simpleenvironmentalgeometrythatcloselymatchthe actualgeometryof theen-
vironment,we can betterpredicthow reflectionsmove asthe view changes.Unlike with
traditionalervironmentmapswe achieve local effectslik e self-reflectionsaandparallaxin the
reflectedmagery
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e Hybrid rendering for refractive objects. We introducehybrid rendering,a schemethat
dynamicallyray tracesthe local geometryof refractive objects,but approximatesnoredis-
tantgeometryby layered,parameterize@rvironmentmaps.To limit computationwe usea
greedyray pathshadingmodelthatprunesthe binaryray treegeneratedy refractve objects
to form justtwo ray paths.We alsorestrictray queriesto trianglevertices but performadap-
tive tessellatiorto shootadditionalrayswhereneighboringray pathsdiffer suficiently. We
demonstrat@lausiblemovementaway from pre-renderedampledor glassobjects.

1.6 ThesisOrganization

Thenext chapterdiscusseselatedwork.

Chapter 3 describesour inverserenderingmethodfor inferring texture mapswhich we use
throughouthisthesis,andquantitatvely compareshis methodwith analternative forwardmapping
approachandwith ray-tracingdirectly into texture maps.

Chapter 4 describesour multi-dimensionalcompressiorschemefor parameterizedextures,
anddiscussethesystem-lgel issuesn our runtimeervironment.We alsopresentompressioand
playbackperformanceaesultsfor two examplesof parameterize@nagespaces.

Chapter 5 describeparameterizeénvironmentmaps.As partof this descriptionwe compare
with traditional,or static,ervironmentmaps aswell aswith light field methodghatcapturespecular
objectsoveranentireviewspace We alsodiscussssueselatedto layeringof environmentmapsand
ervironmentmapinference. We presentperformanceandimageresultsfor both highly reflectve
objectsandglossyobjects.

Chapter 6 describesur hybrid renderingalgorithm,and presentgperformanceandimagere-
sultsfor highly refractive objects.

Finally, Chapter 7 summarizeshe majorresultsfrom this researchpresentsecommendations
for futuregraphicshardware,anddiscusseslirectionsfor futurework.



Chapter 2

RelatedWork

Therearefour mainareasof relatedwork: image-basedendering hardware shadingmodels tex-

ture recovery/modelmatdiing, andcompession In this chapter we briefly discusseachof these
areasandcomparewith our approactof parameterizingexture andervironmentmapsfor interac-
tive renderingof realisticimages.

2.1 Image-BasedRendering (IBR)

Image-basedendering(IBR) reliesuponphotometricobsenationsof anervironmentto construct
images. Thisis in contrastto traditionalgeometry-basedendering,wherean explicit description
of objectsin the ervironmentis given eitherin the form of boundaryregions betweenelements
or a sampledvolumetricdescription.IBR hassoughtincreasinglyaccurateapproximationof the
plenopticfunction[Ade91, McM95], or sphericaladiancdield parameterizelly 3D position,time,
andwavelength.The“plenoptic function” of AdelsonandBermenis a parameterizeéunctionthat
describegverythingthatis visible from a givenpointin space IBR hasproven particularlyuseful
in situationswherethe geometryin the ervironmentis notknown, suchasimagesof thereal-world
capturedusinga still or moving camera.Our work insteadfocuseson syntheticimagerywherethe
geometryandmaterialpropertiesof objectsin the ervironmentis known. Anotherdifferenceis that
for syntheticscenesthetime andviewpoint parametersf theplenopticfunctioncanbegeneralized.
We arefreeto parameteriz¢heradiancdield basecntime, positionof lights or viewpoint, surface
reflectancepropertiespbjectpositionsor ary otherdegreesof freedomin thesceneresultingin an
arbitrary-dimensiongbarameterizednimation.

Ernvironmentmaps(EMSs) [BIi76, Gre86, which storea sphereof radiancencidentat a point,
were originally developedfor approximatingreflectionsof an environmenton an objectsurface.
It wasrecognizecdearly on thatenvironmentmapsconstructedrom 360-dgreepanoramidmages

13
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may alsobe usedto displayary outward looking directionfrom a fixed viewpoint giving the im-
pressionof standinginside an ervironment. The Apple QuickTime VR system[Che9] usedthis
renderingapproachwith multiple environmentmapsacquiredat key locationswithin ascene.The
useris ableto navigate the ervironmentby discretely“hopping” betweenlocations,and at each
locationcanlook in anarbitrarydirection.

ChenandWilliams [Che93 pioneeredheapproachof interpolatingbetweerimagesrom mul-
tiple viewpoints. Their systemestablishegixel correspondencketweenrary pair of imagesusing
depthinformationat eachpixel. To generaten-betweernviews, they simply interpolatedalongthe
directionof pixel flow. Oneof thechallenge®f thisapproachis filling in “holes”, or disocclusions,
thatcanresultwhenregionsin the environmentthatareoccludedin all the sourceimagesbecome
visible atintermediateviews. This methodalsoimplicitly relieson diffusesurfacereflectancesince
it potentiallycombinesixelsfrom avariety of viewpointsto rendera singleimage.

Levoy and HanrahanLev96] and Gortler et al. [Gor9€ reducedthe plenopticfunctionto a
4D field, allowing view interpolationwith view-dependentighting. The Light Field approachof
Levoy andHanrahariLev96] capturedheervironmentwith a 2D arrayof 2D imagesacquiredon
aregularly sampledplane. In this schemethe plenopticfunctionis parameterizedyy two parallel
planesponelocatedat the camerglaneandanotherata “focal” plane.Theradianceof ary desired
viewing ray can be computedby finding its (u,v) and (s, t) intersectioncoordinateswith each
of the two planes,andperformingquadralineainterpolationin the neighborhoodf (u, v, s,t) to
avoid aliasing. In our terminology the uv planeis the cameraplane,andthe st planeis the focal
plane. The Lumigraph of Gortler et al. [Gor9€ is a similar renderingalgorithm. One of the
contributionsof the Lumigraphis thatit cantake advantageof depthinformationto moreaccurately
reconstructaysfrom a sparsesamplingof sourcecamerasThe depthinformationis usedto adapt
the (s, t) coordinate®n thefocal planesothatthe neighborhooaf raysindexed from the 4D field
intersectghe samegeometridocationasthedesiredviewing ray. Thedepthinformationis givenas
approximategeometriomodelsof objectsin the ervironment.

Reconstructingan image from a particularview with either the light field or lumigraphap-
proachesnayrequirevisiting anirregular scatteringof samplesover the entire4D field. Figure2.1
illustratesthe samplesn anexamplelight field thatareaccesseftom two differentviewpoints. The
accesseareespeciallyscatterecamongmultiple sourceimageswhenthe desiredviewpointis near
thefocal plane,asshavn in Figure2.1(b). Accessingsampledrom multiple sourceimagesreduces
memorycoherenceln addition,to achieve fastdecodingatrun-time,compressiomlgorithmsmust
supportfastrandomaccessnto the 4D field. Typically, supportfor fastrandomaccessomesat
the costof theamountof signalcoherencéhatis exploited, thusreducingthe overall compression
efficiengy.
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Image Rendered 4D Light Field 4D Light Field
from Light Field Ordering(u,v) major, (s,t) minor Ordering(s,t) major, (u,v) minor

1t field accesses for image with viewpoint nearcamera plane

(b) Light field accesses for closeup image with viewpoint netdocal plane

Figure2.1: Visualization of Light Field sampleaccessesTheuwv planeis the camergplane,and
the st planeis thefocal plane. Theimageson thefar left arescreerimagesrenderedrom thelight
field. Theimagesin the middlerepresenthe sourceimagesthatmale up thelight field orderedby
their correspondindu, v) coordinaten the cameraplane. Theimageson the far right represent
the sourceimagesthatmake up the light field with a differentorderingof samplesvherethe major
coordinatesare(s, t) coordinatesandwithin eachblock, the minor coordinatesire (u, v). In both
the middle andright light field images,the samplesthat are accessedluring the constructionof
therenderedmagesshavn on theleft arecoloredin red, andthe regionsof accesseareoutlined
in green. In (a), animagewith viewpoint nearthe uv cameraplaneis rendered.In constructing
this image, the accessesare very regular and are performedon four neighboringsourceimages
in the wv plane. In (b), a closeupimagewith viewpoint nearthe st focal planeis rendered.In
constructingthis image,the accesseare scatterecamong33 neighboringimagesin the uv plane.
Onedifferencebetweerthelight field visualizationson theright shavn in (a) and(b) is thatthered
dotsarescatteredhroughouthe entireimagein (a), whereaghey areconfinedto alocal regionin
theimagein (b). Thisis because limited region of (s, t) spaces visible in the closeupimage.
Visualizationourtesyof Marc Levoy.
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In thetwo-parallel-plandight field parameterizationmagesaretakenfrom cameraviewpoints
thatlie onauniform 2D grid onthewuwv plane,with theopticalaxisof the cameraalwayspointingin
the normaldirectionto the plane.In our work, we cancertainlyparameterizéextures(or erviron-
mentmaps)onthesame2D grid of cameraviewpointsasusedfor thelight field methods However,
we are not constrainedo ary particularparameterizationWe typically parameterizehe desired
spaceof viewpointsby placingsamplesat regularintenals alongeachdimensionof the space For
example for adesired3D spaceof viewpoints,we placesamplenauniform 3D grid. We canalso
constrainthe spaceof viewpointsto anarbitrary2D surface,suchasa hemispheregr anarbitrary
1D line, suchasanarc. We reconstruct novel view using eitherthe nearest-neighboriewpoint
sampleor higherorderinterpolationon the neighborhooaf viewpoint samples.

Apart from thefactthatwe storetexturesinsteadof imageswhich hasadwantagesiescribedn
Chapter4, therearetwo importantdifferencesbetweenlight field methodsandthe parameterized
texture methodsdescribedn this thesis.First, to reconstruct particularimage,we guaranteehat
all samplesaccessedomefrom asingletextureimage,or afew neighboringpneswhenperforming
interpolation. This propertyallows us to obtain bettermemory coherenceand allows for more
efficient compression Bettercompressiomesultsfrom the factthat we canexploit the maximum
amountof coherencewvailablewithin eachtextureimagesincetexture mapsareatomicallydecoded
and loadedinto the hardware memory In contrast,becausehe sampleaccessesor light field
methodscan be scatteredrequiring supportfor fastrandomlookupsinto ary image,it becomes
harderto exploit coherencewithin eachindividual imagein the uv planeof cameraviewpoints
while alsoproviding supportfor fastdecompressioriNotethatin the casethatcomputationis free,
we cancompresghelight field exploiting maximumcoherencesincedecodingcostwould not be
anissue andtherewould be no differencein compressiomfficiengy with our parameterizetexture
methods.

We now describethe secondmportantdifferencebetweerlight field methodsandour parame-
terizedtexture methods.Onepropertyof light field andlumigraphmethodss thatonly a 2D array
of imagesis neededo reconstructan imagearywherewithin a 3D spacefree of occluders(free
space).n contrastour approactrequiresa 3D arrayof texturesto reconstrucenimagearnywhere
within a 3D space.Thus,ourimproved accespatterncomesat the costof anadditionaldimension
whenthedesiredviewing spaces a 3D space However, our parameterizationf environmentmaps
ratherthantexture maps,asin Chapterb, mitigatesthe needfor an additionaldimensionsinceit
allows for plausiblereconstructioraway from sampledviewpoints, suchasviewpointscloserand
fartherfrom a planeof sampleviewpoints.

Wong et al. [Won97 andNishinoetal. [Nis99] have extendedthe 4D light field to a 5D field
thatpermitschangego thelighting ervironment. The challengeof suchmethodss efficientstorage
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of the high-dimensionaimagefields.

ShumandHe [Shu99g simplifiedthe 4D representatiofurtherto a 3D field by constraininghe
cameramotion to planarconcentriccircles, called concentricmosaics. This reductionin dimen-
sionalityis the mainadwantageof concentriomosaicsasit significantlyreducegshe amountof data
storageneeded.

The Layereddepthimage (LDI) [Sha98 Cha99 is anotherrepresentationf the radiancefield
betterableto handledisocclusionsvithout unduly increasingthe numberof viewpoint samples.
A layereddepthimagestoresdepthin additionto color at eachpixel location. It is constructed
by warpingmultiple imageswith perpixel depthinto a commoncameraview. The representation
is layeredin that multiple pixels with distinct depthvaluescanoccupy a single pixel location. A
desiredview is constructedy warpingthe pixelsin the LDI with backto front splatting. Like the
view interpolationmethodof ChenandWilliams [Che93, theLDI doesnothandleview-dependent
variationsin sceneappearance.

For spatially coherentscenesMiller etal. [Mil98a], Nishino et al. [Nis99 andWood et al.
[Woo00(Q obseredthatgeometry-basesurfacefieldsbettercapturecoherencén thelight field and
achieze amoreefficient encodingthanview-basedmagedike the LDI or lumigraph.Surfacdight
fields[Mil98a, Woo0(J parameterizeéhe radiancefield over surfacesratherthanviews. Specifi-
cally, the radiancefield is representeds a densesamplingover surface points of low-resolution
lumispheresRenderingnvolvesfinding the point of intersectiorof a viewing ray with the surface
geometryreflectingtheincomingviewing ray aboutthe normalat thatpoint, andindexing into the
appropriatdumispherewith the reflecteddirection. Surfacelight fields are especiallywell-suited
whensurfacesaremostly diffusedueto practicalresolutionconstraintsn lumispheres.

Lik e view-basedight field methodssurfacelight fieldsmayvisit anirregularscatteringof sam-
plesover the entire4D light field to reconstruct particularview, andlack hardware acceleration.
In fact,samplesaremorelikely to be scatteredor surfacelight field methodsbecausehe accesses
take the normalat eachsurfacepointinto consideratiorwhenindexing into the 4D representation.
Varyingnormalson bumpy surfaces for example,canleadto scatteringof samplesThis scattering
of samplescanoccurevenif the camerais far from the object. Both kinds of light field methods
alsorequirevery highsamplingdensitiego reconstrucspeculaobjects.In comparisonye achieve
mirror-like reflectionswith parameterizedrvironmentmaps,asdescribedn Chapters.

Heidrich et al. [Hei994 decouplegeometryfrom illumination by using a light field to map
incomingview raysinto outgoingreflectedor refractedrays. Theseoutgoingraysthenindex either
a static ervironmentmap, which ignoreslocal effects further from the reflector or anotherlight
field representinghe ervironment,which is moreaccuratebut alsomorecostly Theresultallows
independenthangeto the reflectingobjectgeometryandthe ervironmentalradiance but suffers
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from thelimitations of otherIBR methodsmentionedabore.

Cabralet al. [Cab99 alsodecouplethe reflectingobjectfrom the illumination. They store
a collection of view-dependentenvironmentmapswhere eachernvironmentmap pre-intgratesa
specificBRDF with alighting ervironment.Thelighting environmentsfor theseernvironmentmaps
aregeneratedisingstandardechniquessuchastakingphotographef aphysicalspherean adesired
ervironmentor renderingthesix facesof acubefrom thereflectingobjectcenterusingaray-tracer
As aresulttheseervironmentmapsexhibit the sameproblemsastraditionalenvironmentmapsin
ignoring local reflectionsandrefractions. In contrast,with parameterize@nvironmentmaps,we
areableto capturelocal effects, lik e self-reflectionsaandparallaxin thereflectedmagery

Lischinski and Rappopor{Lis98] ray tracethrougha collection of view-dependent.DlIs for
glossyobjectswith fuzzy reflections,and three view-independent.Dls representinghe diffuse
ervironment. Bastoset al. [Bas99 reprojectLDIs into a reflectedview for renderingprimarily
planarglossysurfacesin architecturawalkthroughs.Agrawala et al. [AgrOQ] useanLDI storing
depthandattenuatiorio simulatesoft shadavs. Ourapproactsucceedsvith simplerandhardware-
supportedextureandervironmentmapsratherthanLDls, resortingto ray tracingonly for thelocal
“lens” geometrywhereit is mostnecessaryasdescribedn Chapter6 on hybrid rendering.

AnotherIBR hybrid usesview-dependentextures (VDT) [Deb96 Deb98a Coh99 in which
geometricobjectsaretexture-mappedising a projective mappingfrom view-basedmages.VDT
methodsdependon viewpoint movementfor properantialiasing— novel views are generatedy
reconstructingisingnearbyiews thatseeeachsurfacesuficiently “head-on”. Suchreconstruction
is incorrectfor highly specularsurfaces. We insteadinfer texture mapsthat produceantialiased
reconstructionsndependentlyat eachparametetocation, even for spaceswith no viewpoint di-
mensions.This is accomplishedy generatingperobjectsegmentedmagesin the ray tracerand
inferring texturesthat matcheachsegmentedayer In additionto our generalizecparameteriza-
tion, a major differencein our approachs that we use"“intrinsic” texture parameterizationé.e.,
viewpoint-independdn(u,v) coordinatepervertex on eachmesh)ratherthanview-basednes.We
canthencapturethe view-independentighting in a singletexture mapratherthana collection of
views to obtainbettercompression.

Onecharacteristiof VDT methodss thatin a particularnovel view, differentvisible surfaces
canhave different“best” sourceimages.This happensfor example whenanareaof a novel image
is not entirelyvisible in ary of the sourceimagesdueto occlusions.Debevecetal. [Deb983 store
aview mapfor eachpolygonwhich identifiesthe mostappropriatesourceimagefor a given view.
Theview mapinformationis recordedover aregularly sampledspaceof viewing directionsto sup-
port all possibleviews. Evenwith mary sourceimages.someportionsof a novel view may not be
visiblein ary of the sourceimages.Holefilling is handledin a post-processingasswhich assigns
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colorsto polygonverticesthatareclosesto onesthatarevisible in the sourceémagesandGouraud
shadingis usedto fill theinterior. In contrastdisocclusionsare handledin our work without en-
codingwhich polygonsarevisible in which views or gatheringpolygonscorrespondingdo different
views in separat@assesWe infer atexture mapperobjectat eachpre-renderedmagesampleand
usea pyramidalregularizationtermin ourtextureinference(Chapter3) thatprovidessmooth‘hole-

filling” for occludedregions without a specializedpost-processingass. In addition, our texture
inferenceapproachsupportssolving simultaneoushacrosanultiple viewpointsto eliminatedisoc-
clusionholes(Chapter6). At runtime,we linearly interpolatebetweerthetexture (or environment)
mapsthatcorrespondo the nearesviews, andthe samesetof texture mapsareaccessedcrosshe
entiresuriaceof eachobjectasmentionedpreviously.

Buehleretal. [Bue0] describeanunstructuredumigraphrendering(ULR) approacthatpro-
videsageneralizedramenork for view-basedBR approachedaving view-dependentexturesand
thelumigraph/lightfield methodsasextremes.ULR takesasinputanunstructureaollectionof in-
putimagesandary geometricinformationknown aboutthe scene.Renderingnvolvescomputing
a “camerablendingfield” over the whole imagewhich specifieshe weightsgivento eachsource
imageat eachdestinationmagepixel. Theseweights,computedat a sparsesetof verticesin the
imageplane considelfactorssuchastheangulardifferencebetweerthedesireday andthoseavail-
ablein thesourcemagesgstimate®f undersamplingndfield-of-view. Typically, only afew input
imageshave non-zeroweightsin ary given region of the image,and projective texture-mapping
graphicshardwarecanbe usedfor efficientrendering.However, determiningthe setof imagesthat
arerelevant at eachblendingvertex requirescomputingthe blendingweightswith respectto all
sourceimages.a computationallyintensve taskthattendsto be the performanceottleneckof the
approach.Moreover, althoughonly a few input imagescontrikute to a local region, mary source
imagesmaybeaccesseth the procesof renderinganentireimage(in theworstcasethe entireset
of sourceimages) which reducesmemorycoherenceind complicatesdecodingfrom compressed
representations.

In summaryimage-basednethodsare particularly usefulin applicationswherethe geometry
of the ervironmentis not known, suchasreal-world imagerycapturedusing a real camera. Our
work insteadfocuseson syntheticimagerywherewe have completeknowledge of the geometry
andmaterialpropertieof the objectsbeingrendered We seekto exploit this informationto more
efficiently encodetheimagespace Anotherdifferenceis thatwe generalizeo imagesspacesvith
arbitraryparametersot just viewpoint.
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2.2 Hardware ShadingModels

Anotherapproacho interactve photorealisnseekgo improve hardwareshadingnodelsratherthan
fully takulatingincidentor emittedradiance.

Diefenbach[Dief96] usedshada volumesandrecursve hardware renderingto computeap-
proximationsto globalrendering Accuratereflectionson planarsurfacesareachiared by mirroring
theviewpointaboutthereflectionplane.OfekandRappoporfOfek9g extendedhiswork to curved
reflectorsby transformingeachvertex in the reflectedmagewith respecto thereflectors geome-
try. This schemehandlessmoothreflectingobjectsthatareeitherconcae or convex; objectswith
mixed cornvexity or saddleregionsrequirecarefuldecomposition.

KautzandMcCool [Kau99 andMcCool etal. [McCO01] assumegoint light sourcesandfac-
toredthe BRDF to computetexture mapsthatcanbe usedfor hardwarerenderingat perpixel reso-
lution. RamamoorthandHanraharfRam014 shavedthattheirradiancefor diffuseobjectsunder
distantillumination is well approximatedy ananalyticexpressionwith just nine coeficients,and
demonstratedenderingat real-timerateswith programmableertex shading.

Miller et al. [Mil98b] describedrenderingoptimizationsusing graphicshardware, such as
cachingdatafor fasterevaluationof bump-mappedurfacesandlighting, andshavedhow animated
bumpmapson planarsurfacescanbe usedto simulatereflective ripplesin awatersimulation.Hei-
drichandSeidel[Hei99 encodedanisotropidighting andspeculareflectionswith Fresnekffects
usinghardwaretexturing. Heidrichetal. [Hei00] simulatedself-shadwing andindirectscattering
effectsin heightfieldsandbumpmapsusingprecomputedisibility informationandmulti-texturing
in hardware.

Nimerof etal. [Nim94] andTeo et al. [Teo97 efficiently renderedmageswith novel light-
ing conditionsby summinga linear combinationof pre-renderedasisimages. Malzbenderet al.
[Mal01] fit polynomialswith six coeficientsto imagesof an objecttaken from a fixed viewpoint
with varying illumination. The polynomialscan be evaluatedin real-timeon graphicshardware
using programmabldexture operations. They effectively captureview-independeneffects like
self-shadwing anddiffuseshadingthatdependon theillumination directionrelative to the object,
but excludeview-dependenéffectssuchasspecularity

UdeshiandHanserfUde99 exploitedgeneral-purpos€PUandgraphicshardwareparallelism
to interactiely renderindoor sceneswith photorealisticeffects suchas soft shadevs andindirect
illumination. Lengyeletal. [Len0Q, Len0] shaved how texturing hardware canbe usedfor real-
time renderingof furry models.

Evenusingmary parallelgraphicspipelines(8 for [Ude99) theseapproachesanonly handle
simple scenesand, becausef limitations on the numberof passesdo not captureall the effects
of afull offline photorealistiacendering,ncluding multiple bouncereflectionsandrefractionsand
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accurateshadws.

2.3 Texture Recovery/Model Matching

The recovery of texture mapsfrom imagesis closely relatedto surfacereflectancesstimationin
computerision[Sat97 Mar98 Yu99 RamO1h. Yu etal. [Yu99 recover diffusealbedomapsand
a spatially invariant characterizatiorf specularityin the presencef unknavn, indirectlighting.
We greatly simplify the problemby using known geometryand separatingdiffuse and specular
lighting layersduring the offline rendering.We focusinsteadon the problemof inferring textures
for a particulargraphicshardwarethat “undo” its undesirableroperties|ike poorquality texture
filtering. A relatedideais to computethe besthardwarelighting to matcha gold standardWal97].

2.4 Compression

Variousstratgiesfor compressinghe dual-plandumigraphparameterizatiohave beenproposed.
Levoy [Lev96] usedvectorquantizatiorandentrofy codingto getcompressiomatiosof upto 118:1
while LalondeandFournier[Lal99] useda waveletbasiswith compressiomatiosof 20:1. Magnor
[Mag0Q studiedcompressioralgorithmswith variouslevels of reconstructedjeometricinforma-

tion, andachiezed 200:1 compressiorat good quality using a hierarchicaldisparity-compensate
coder Similar resultswerealsoreportedby TongandGray [Ton0Q Ton01 with anemphasion

fastdecoding.

Miller etal. [Mil98a] compressethe 4D surfacelight field usinga block-basedCT encoder
with compressiorratios of 20:1. Nishino et al. [Nis99 usedan eigenbasigK-L transform)to
encodesurfacetexturesachiezing compressiomatiosof 20:1 with eigenbasebaving 8-18 texture
vectors. Sucha representatiomequiresan excessive numberof “eigentextures” to faithfully en-
codehighly speculaiobjects.This prohibitsreal-timedecoding which involvescomputinga linear
combinationof the eigentatures. Wood et al. [Woo00(J compressedhe surfacelight field using
techniquesimilarto vectorquantizatiorandprincipalcomponentinalysisandachiered 70:1com-
pression.

Concentricmosaicshave beencompresseet compressiomatiosup to 120:1[Zha0Q Wu0Q.
Otherwork on texture compressiotin computergraphicsincludesBeerset al. [Bee94, who used
vectorquantizatioron 2D texturesfor compressiomatiosof upto 35:1.

We usea Laplacianpyramid on blocksof the parametespace.This speedsun-timedecoding
(for 8 x 8 blocksof a2D parametespacepnly 4 imageanustbedecompresseandaddedo decode
atexture)andachiaresgoodquality at compressiomatiosup to 800:1in our experiments.
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Anotherrelevantareaof work is animationcompressionStandardrideo compressionsessim-
ple block-basedransformsandimage-basednotion prediction[Leg9]]. Guenteret al. [Gue93
obseredthatcompressionis greatlyimproved by exploiting informationavailablein synthetican-
imations. In effect, the animationscript provides perfectmotion prediction,an ideaalso usedin
[Wal94, Agr95]. Levoy [Lev95] shaved how simple graphicshardware could be usedto match
a syntheticimage streamproducedby a simultaneouslysecutirg, high-quality sener renderer
by exploiting polygonrenderingandtransmittinga residualsignalto the client. Cohen-Oret al.
[Coh99 usedview-dependentexture mapsto progressiely transmitdiffusely-shadedtexture-
intensve walkthroughsfinding factorsof roughly10improvementover MPEGfor scene®f simple
geometriccompleity. We extendthis work to the matchingof multidimensionaknimationscon-
tainingnon-difuse,offline-renderedmageryby texture-mappinggraphicshardware.



Chapter 3

Texture Infer enceby InverseRendering

TextureMapping,illustratedin Figure3(a), refersto theproces®f mappinga 2-dimensionatexture
imageto a 3-dimensionamodelof anobject. In our illustration, a texture composedf a checler
boardpatternis mappedontothe geometricmodelof a cup. A critical taskperformedby graphics
hardwarewhentexture mappingis filtering the texture imageto preventaliasingonthe screen.

Textureinferencejllustratedin Figure3(b), invertsthetexture mappingprocessin thatwe start
with a 3-dimensionabeometricmodelanda 2-dimensionabffline renderedmagethat we would
like to match,andsolve for atexture. To infer atexture mapmeando find onewhich whenapplied
to a hardware-renderedeometricobjectmatcheghe offline-renderedmage. The key obseration
to obtainanaccuratematchis to take the hardwarefilter modelinto account.

In this chapterwe considertheinputimagesin the parameterizeémagespaceseparatelyand
infer texture mapsfor individual objectsin the scenefrom eachimage. We begin by segmenting
the input images(Section3.1), and choosean appropriateexture domainandresolutionfor each
object(Section3.2). We thenbriefly describethreepossibleapproacheso computetexture maps
(Section3.3). To bestmatchtheinput renderedmages we modelthe graphicshardwareasa large
sparsdinearsystem(Section3.4),andperformaleast-squaregptimizationon theresultingsystem
(Section3.5). We concludethis chaptetby comparingheaccurag of matchingto theinputimages
acrosdextureinferencealgorithmsandhardwarefilter models(Section3.6).

3.1 SegmentingRay-Traced Images

Eachgeometricobjecthasa parameterizetexturethatmustbeinferredfrom theray-tracedmages.
Theseimagesare first sgmentedinto perobject piecesto prevent bleedingof informationfrom
differentobjectsacrosssilhouettesBleedingdecreasesoherencandleadsto misplacedsilhouettes
whentheviewpointmovesaway from theoriginal samplesTo performperobjectsegmentationthe

23
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3D Mesh 2D Texture 2D Image
(a) Texture Mapping

3D Mesh 2D Ray-Traced Image 2D Texture
(b) Texture Inference

Figure3.1: Texture Mapping and Texture Inference.

ray tracergeneratea perobjectmaskaswell asa combinedmage,all at supersamplecesolution.
For eachobject,we filter the portion of the combinedimageindicatedby the maskanddivide by

thefractionalcoveragecomputedby applyingthe saméfilter to the objects mask.A gaussiarilter

kernelis usedto avoid problemswith negative coverages.

A secondform of segmentationseparateshe view-dependenspecularinformation from the
view-independentiffuse information for the commoncasethat the parameterspaceincludesat
leastoneview dimension. This reduceghe dimensionalityof the parametespacefor the diffuse
layer, impraving compressionAs theimageis renderedtheray-tracemplacesnformationfrom the
first diffuseintersectiorin a view-independenltayerandall otherinformationin a view-dependent
one.Figure3.lillustratessggmentatiorfor anexampleray-tracedmage.We usea modifiedversion
of Eon,a Monte Carlodistribution ray-tracef{Coo84a Shi92 Shioq.
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(a) Complete Image (b) Diffuse Layer (c) Specular Layer

(d) Diffuse Vase Layer (e) Diffuse Table Layer (f) Diffuse Wall Layer

¥ m 9

(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 Texture Coordinatesand Resolutions

Sincepartsof anobjectmaybe occludedor off-screenonly partof its texture domainis accessed.
In this section,we are given asinput the geometricmeshfor an objecttogetherwith parameter
independentu, v) texture coordinateper vertex. The overall problemthatwe aretrying to solve
is to find theminimumtextureresolutionneededor a particularregion of the parametespace.The
original texture coordinatesof the geometryare usedasa startingpoint andthenoptimizedso as
to: 1) to ensureadequatesamplingof thevisible textureimagewith asfew samplesaspossible 2)
to allow efficient computationof texture coordinatesat run-time,and 3) to minimize encodingof
the optimizedtexture coordinatesTo satisfythelasttwo goals,we chooseandencodea parameter
dependenaffine transformatioron the original texture coordinategatherthanre-specifythemat
eachvertex. Oneaffine transformations choserperobjectperblock of parametespacgseeChap-
ter 4). Justsix valuesarerequiredfor eachobjects parametespaceblock andtexture coordinates
canbecomputedwith a simple,hardware-supportettransformationThe algorithmfollows:

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

We first attemptto repositionthe (u, v) texture coordinateorigin in ary texturedimensionghat
areperiodic(i.e., have wrappingenabled) A separatébranchcut” is performedn eachdimension
in whichtheorigin is repositionedThis adjustmentealignspartsof thevisible texture domainthat
have wrappedaroundto becomediscontiguousfor example,whenthe periodicseamof a cylinder
becomegisible. A smallerportion of texture areacanthenbe encoded.We considereachof the
u andv dimensiongndependentlyand computethe texture coordinateextentsof visible triangle
edgesafterclipping with the viewing frustum. If a gapin thevisible extentsexists, a branchcutis
performedandtexture wrappingdisabledfor thatdimension.A branchcutis computedasfollows.
Assuminga branchcut is performedin texture dimensionw (referringto eitherw or v), the new
positionof theorigin in thew dimensionis we,:, andthew-coordinateat a particularvertex 7 is w;,
let w} = w; — weyt. Thenew w-coordinatefor vertex i is computedasw, — |w) |.

We thenfind the linear transformation,R(u, v), minimizing the following objectie function,
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inspiredby [Mai93]
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edges

wheres; representthelengthonthescreerof aparticulartriangleedge iy andi; representheedge
verticesandW; is aweightingtermwhich sumsscreerareasof triangleson eachsideof theedge.
Thesumin f is taken over visible triangleedgesat eachpoint in the parameteblock, determined
by rasterizingriangleidentifiersinto a zbuffer to selectvisible triangles.Visible triangleedgesare
alsoclippedto theview frustum.

Note thatwhena branchcut is not possiblein the previous stepover a “wrapped” or periodic
dimension,we reducethe affine transformationto a scaletransformatiorby fixing the valuesof
b andc to zero. This ensureghat the texture’s periodic boundaryconditionsare not disturbed.
Note alsothatthe translationakomponent®f the affine transformatiorcancelfrom the objectve
function.

This minimizationchosesa mappingthatis ascloseto anisometryaspossibleby minimizing
lengthdifferencebetweertriangleedgesn texture spaceandprojectedio theimage.We divide by
theminimumedgelengthsoasto equallypenalizeedgeghatareanequalfactorlongerandshorter
V f(z) is calculatedanalyticallyfor usein conjugategradientminimization. Note thata rotational
degreeof freedomremainsn this optimizationwhichis fixedin step5.

In the third step,we ensurethat the objects texture map containsenoughsamplesy scaling
the R found previously. We checkthe greatestocal stretch(singularvalue)acrossall screenpix-
elsin which the objectis visible, usingthe Jacobiarof the mappingfrom texture to screernspace.
Sincethe Jacobiarfor the perspectie mappingis spatially varying even within a single polygon,
this computationis performedseparatelat eachscreerpixel. If the maximumsingularvalue ex-
ceedsa userspecifiedthreshold(suchas 1.25),we scaleR by the maximumsingularvaluein the
correspondinglirectionof maximalstretch anditerateuntil themaximumsingularvalueis reduced
below thethreshold.This essentiallyaddsmoresamplego counteracthe worst-casestretchingof
the projectedexture.

The next stepidentifiesthe minimum-areaboundingrectangleon the affinely transformedex-
ture coordinatesdy searchingover a setof discretedirections. The size of the boundingrectangle
alsodetermineghe optimaltextureresolution.

We cannow pick the actualtexture resolution. Sincepresent-dayraphicshardware typically
constrainghetextureresolutionto powersof two, we conseratively pick the nearespower of two
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thatis largerthanthe optimaltexture resolution,but only usethe partof thetexture thatis actually
needed.We keepa recordof the optimal texture resolutionso that only the portion of the texture
whichis usedis compressed.

Becauseheoptimaltextureresolutionis arbitrary(i.e. notnecessarilyapowerof 2), andregions
of the texture that are outsidethe optimal texture resolutionare undefined we musttake carein
computingMip Maps. Specifically we mustsupportcomputingMip Mapsfor arbitrarily sized
texturesbothin the texture inferencesolver andin the runtime systemto avoid filtering undefined
valuesinto the Mip Map. Assuminga bilinear 2 x 2 filter is usedto computethe filtered Mip
Map levels, this canbe achiared by extendingthe texture by onetexel, essentiallyreplicatingthe
boundarytexels,for eachlevel in the Mip Map wherethe textureresolutionis odd prior to filtering.

Finally, sincetexture resolutionsubstantiallyimpactsperformancedue to texture decompres-
sionandtransfertbetweersystemandvideomemaory our compileracceptaiserspecifiedresolution
reductionfactorsthatscalethe optimaltexture resolutionon a perobjectbasis.

3.3 Approachesfor Computing Texture Maps

Threedifferentapproachefor computingiexturemapsarediscussetbelon. We presentjuantitatve
comparisongn the quality of renderedmagesbetweertheseapproachem Section3.6.

e Forward Mapping Method for Texture Inference
A simpletextureinferencealgorithmmapseachtexel to theimageandthenfilters the neigh-
boringregionto reconstructhetexel'svalue[Mar98]. Thismethods illustratedin Figure3.3.

One problemwith this approachis reconstructionof texels near arbitrarily-shapedbject
boundariesandoccludedregions (Figure 3.1d-i). Suchoccludedregions produceundefined
texture samplesvhich complicatesuilding of MIPMAPSs. Finally, thesimplealgorithmdoes
nottake into accounthow texturefiltering is performedon thetametgraphicshardware.

e Least-SquaresMethod for Texture Inference

A more principledapproachdiscussedn moredetailin the next two sectionsjs basedon
the obseration that a texture pixel contritutesto zeroor more display pixels. Neglecting
quantizationeffects, a texture pixel thatis twice asbright contritutestwice asmuch. Thus,
we canmodelthehardwaretexture mappingoperatiorin theform of alinearsystem,Az = b,

wherematrix A representshe hardwarefilter coeficients mappingtexelsto display pixels,
vectorz representshetextureto be solvedfor, andvectorb representshe ray-tracedmage
to be matched We determineclementof the matrix A by performingtestrenderingson the
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Inferred Texture Ray-Traced Image Layer

Figure3.3: Forward Mapping. Eachtexture sampleis mappedo the screenandits valuecom-
putedby performinghigh-qualityfiltering on theneighboringregion in theray-tracedmage.

hardwarethatisolatethe contritution of eachtexel. Consideringhatthe matrix A is sparse,
we cansolve for z usingconjugategradientmethod.

This least-squareapproactconsiderghe texture mappindfilter modelusedby hardwareto
bestmatchthe hardwarerenderingto theinputimages.Moreover, we introducea pyramidal
regularizationtermin the optimizationthat ensureghe entire MIPMAP texture is defined,
with occludedregionsfilled smoothly

e Ray-Tracing Directly into Texture Maps

A third approaclsidestepshe problemof inferring texture mapsfrom imagesby ray-tracing
directly into texture maps. Ratherthancastingraysfrom the eye-pointthrougha uniformly

sampledplanein 3D, we insteadmaptexel centerso theimageandcastraystowardsthese
locationswriting theeventualvaluesfor theraysdirectlyinto thetexel locationsin thetexture
maps. To avoid aliasingartifactsin the texture, we supersampléhe textureimage,shooting
independentaysfor eachsub-teel, andusea high-qualityfilter to dowvn-sampleto thefinal

textureresolution.

One problemwith this approachis that texture samplescan map onto back-ficing regions
of the object. As with the forward mappingmethod,such undefinedtexture samplescan
complicatebuilding of MIPMAPs. Anotherdravbackof thisapproachs thatray-tracinginto
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texturesis generallymore costly thanray-tracinginto animage. This is becausavhenray-

tracinginto a texture, the samplingdensityin the imageplaneis a function of the mapping
from the texture to the screen. To ensureadequatesamplingin regions of the objectthat
areseenhead-onthe texture resolutionmustbe sufficiently high. This resultsin an overly

densesamplingin regionsof the objectthatare seenat an angle,suchasat the silhouettes.
In contrastwhenrenderinginto animage,the samplingdensityis determinedoy the screen
resolutionandthe samplesare uniformly distributed. Finally, aswith the forward mapping

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

3.4 Modeling Hardware Renderingasa Linear System

As mentionedearlier amoreprincipledapproachs to modelthe hardwaretexture mappingopera-
tion in theform of alinearsystem:

A x b
— _ — ~— - ~  ~ -~
so,0 filter coeficients 3, 50,0
. . ’ level
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wherevectorb containgheray-tracedmageto bematchedmatrix A containghefilter coeficients
appliedto individual texels by the hardware,andvectorz representghetexelsfromall [ — 1 levels
of the MIPMAP to be inferred. Superscriptsn x entriesrepresenMIPMAP level and subscripts
represenspatiallocation. This modelignoreshardware nonlinearitiesn the form of roundingand
guantization All threecolor component®f thetexture sharethe samematrix A.

Eachrow in matrix A correspond$o a particularscreerpixel, while eachcolumncorresponds
to aparticulartexel in thetexture’s MIPMAP pyramid. Theentriesin agivenrow of A representhe
hardwarefilter coeficientsthatblendtexelsto producethe color ata givenscreerpixel. Hardware
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(a) Single Texel Response (b) Multiple Separated (c) Color-Coded Texel
Texel Responses Responses

Figure 3.4: Obtaining Matrix A. (a) Screenimagewith singletexel in an 8x8 texture is setto
full intensityvalue (b) Screenmagewhenmultiple texelsin a 64x64texture imagearesetto full

intensity values,suchthat alternate8x8 blocks do not overlap. (c) Screenimagewith 256x256
texture wheretwo of the color componentsireusedfor encodingiexel identifiers.

filtering requiresonly a small numberof texel accesseper screenpixel, so the matrix A is very
sparse.We usehardware z-buffering to determineobjectvisibility on the screen,and needonly
considerows (screerpixels)wheretheobjectis visible. Otherrows arelogically filled with zeroes
but areactuallydeletedrom thematrix, by usingatableof visible pixel locations.Filter coeficients
shouldsumto onein ary row.

In practice,row sumsof inferred coeficients are often lessthanonedueto truncationerrors.
A simple correctionis to add an appropriateconstantto all nonzeroentriesin the row. A more
accuratenethodrecognizeghat eachcoeficient representshe slopeof a straightline in a plot of
screenpixel versustexel intensity We canthereforetesta variety of valuesandreturnthe least
squaredine. We usethefirst methodbecausét is muchfaster

3.4.1 Obtaining Matrix A

A simple but impracticalalgorithmfor obtaining A examinesthe screenoutputfrom a seriesof
renderingseachsettingonly a singletexel of interestto a nonzerovalue,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 A[screen pixel row][texel column]

Accurag of inferredfilter coeficientsis limited by thecolorcomponentesolutionof theframe-
buffer, typically 8 bits.

3.4.2 Parallel Matrix Inferencewith Non-overlapping Bounding Boxes

To acceleratehe simplealgorithm,we obsere thatmultiple columnsin the matrix A canbefilled
in parallelaslong astexel projectionsdo not overlap on the screenandwe candeterminewhich
pixelsderive from which texels. An algorithmthatsubdvidestexture spacento blocksandchecks
thatalternatetexture block projectionsdo not overlapcanbe devisedbasedon this obsenation as
follows

Initialize z-buffer with visibility information by rendering entire scene

Part 1. Find screenspaceboundingboxedfor visible blodks

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 Coeficientsin 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 A[screen pixel row][texel column]
where texel column is determined from bounding box data

We pick the block sizeto minimizethe overall costof finding the screerspaceboundingboxes
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andinferring theindividual columnsof matrix coeficients. This block sizeis computedas

t 2
bs = closestpower of 2 of 1 % (3.3)

wherebs representblock size,andts representsexture size. Oneoptimizationin thefirst part of
thealgorithmis to performguadtreaecursionon the entiretexture to quickly eliminateregionsof
thetexturethatarenotusedby ary visible pixels.

3.4.3 Parallel Matrix Inferencewith Texelldentifiers

A betteralgorithmrecognizeshatsincejustasinglecolor components requiredto infer the matrix
coeficients,theothercolor componentgtypically 16 or 24 bits) canbe usedto storea uniquetexel
identifierthat indicatesthe destinationcolumnfor storingthe filtering coeficient. The outline for
this algorithmfollows

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 A[screen pixel row][texel column]
where texel column is determined using texel identifier value
found in screen pixel

Thedetailsfor initializing the texels with the appropriatdexel identifiersarediscussedelow.
With this algorithm,the matrix A canbeinferredin 108renderingdor trilinear MIPMAP filtering,
independenbf texture resolution. The essentiakonstrainton the algorithmis that no two texels
solvedin parallelcancontrituteto thesamescreerpixel. Thisconstrainhappendecausetherwise
it would notbe possibleto discerntheindividual contrikution of eachtexel to the screeroutput. We
enforcethis constraintoy “adequate”skippingof texelsbetweerthosethataresolvedin parallelin
eachrenderingandcombineresultsacrosamultiple renderinggo infer the completematrix A. The
numberof 108 renderingss obtainedby solvingin parallelevery sixth samplein bothdimensions
of the sameMIPMAP level, and every third MIPMAP level, thusensuringthat possiblefiltering
neighborhood®f samplessolved in paralleldo notinterfere. For hardwarewith the powver of two
constrainton texture resolution thereis anadditionaltechnicaldifficulty whenthe texture maphas
oneor two periodic(wrapping)dimensionsin thatcase since6 doesnot evenly divide ary power
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Figure3.5: Trlinear Filtering Neighborhoodfor Parallel Matrix Inference.Reddotsrepresent
texel sampleshlue dotsaresamplesn the next higherlevel of the MIPMAP. Seetext for explana-
tion.

of 2, the last group of samplesmay wrap aroundto interferewith the first group. One solution
simply solvesin parallelonly every eighthsample.

For trilinear MIPMAP filtering, a givenscreerpixel accessefour texelsin oneMIPMAP level,
aswell asfour texels eitherone level abore or belov having the sametexture coordinates. By
leaving suflicient spacingbetweertexelscomputedn parallel,A canbeinferredin afixednumber
of renderings,P, where P=6x6x3=108. This assumeshat the extra color componentgontainat
leastlogs (n/ P) bitswheren is the numberof texels.

In Figure3.4.3,red dotsrepresentexel samplesplue dotsaresamplesn the next higherlevel
of the MIPMAP. To infer thefilter coeficientsat a samplet, we mustensurethatall sampleghat
couldpossiblybefilteredwith it to produceascreerpixel outputhave identicaltexel identifiers. The
region Ty (t) representshe region of texture spacein the sameMIPMAP level that could possibly
accesssamplet with bilinear filtering, calledits level 0 neighborhood This region can possibly
accessampledrom thenext higherlevel of theMIPMAP shavn in blueandlabeled?’ (Ty(t)), the
level 1 neighborhoof #'s level 0 neighborhoodWe mustnot solve in parallela texel thatshares
ary of thesesampledn its filtering neighborhoodso only texels whoselevel 0 neighborhoodhare
completelyto the right of the dashedine are candidates For example,the samplelabeledt* can
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not be solved in parallelwith ¢ sincet*’s level 1 neighborhoodshareswo sampleswith ¢, shavn
outlinedin yellow. Eventhe sampleto its right mustbe skippedsinceits level 0 neighborhoodtill
includessharedsamplesat the next higherMIPMAP level. Samplet’ is the closesto ¢ thatcanbe
solvedin parallel. Thusin eachdimensionat least5 samplesnustbe skippedbetweertexels that
aresolvedin parallel.

To avoid corruptingtheidentifierfor eachtexel thatis beingsolved,we muststorethesametexel
identifierin the possibl€filtering neighborhooaf atexel. Thefiltering neighborhooaf atexel con-
sistsof thelevel 0 andlevel 1 neighborhoodshatarelabeledasTy(t) andTi(Ty(t)), respeciiely,
in Figure 3.4.3,aswell asthe texels that can possiblybe accessedh the samefilter operationat
thenext lower level of the MIPMAP (notshavn in thefigure). Thefiltering neighborhood$or two
texels solved in parallelare guaranteedhot to overlap becausef the adequateskipping of texels
discussedbove. Thus,we caneasilydeterminewhatidentifierto assignto eachtexel in the entire
texturemap.

3.4.4 Inferencewith Antialiasing

To antialiasimageswe canperformsupersamplingndfiltering in the graphicshardware. Unfor-
tunately this decreasethe precisionwith which we caninfer the matrix coeficients,sincethefinal
resultis still an 8-bit quantityin the frameluffer. Higher precisionis obtainedby inferring based
onthesupersampletkesolution(i.e. without antialiasing) andfiltering the matrix A usinga higher
precisionsoftwaremodelof the hardwaresantialiasingfilter. Sub-pixels (rows in the supersampled
matrix) thatarenot coveredby the objectshouldnot contrikute to the solution. As in the sgmen-
tationtechniqueof Section3.1, we filter the matrix A andthendivide by the fractionalcoverageat
eachpixel asdeterminedy thehardwarerendering.Smallerrorsarisebecaus®f minordifferences
in pixel coveragebetweertheray-tracedandhardware-generatesnages.

3.5 Least-SquaresSolution

Remawing irrelevantimagepixels from Equation(3.2), A becomesanng x n; matrix, wheren
is the numberof screerpixelsin which the objectis visible, andn; is the numberof texelsin the
objects texture MIPMAP pyramid. Oncewe have obtainedthe matrix A, we solve for the texture
representedly thevectorz by minimizing afunction f(x) definedvia

flz) = |lAz —b|? (3.4)
Vi(z) = 24T(Az—0b)
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subjectto the constraint) < xf] < 1. Giventhegradient,V f (z), the conjugategradientmethod
canbeusedto minimize f(z). Themaincomputatiorof the solutions innerloop multiplies A with

avectorz representinghe currentsolutionestimateand, for the gradient,A” with Az — b. Since
A is a sparseamatrix with eachrow containinga smallnumberof nonzeroelementgexactly 8 with

trilinearfiltering), the costof multiplying A or A” with avectoris proportionalto n;. Anotherway
to expressf(z) andV f(z) is:

flz) = zATAz —22-ATb+0b-b (3.5)
Vfz) = 24TAz —24Tb

In this formulation,the innerloop’s main computationrmultiplies A” A4, ann; x n; matrix, with a
vector SinceA™ A is alsosparsethoughlesssothan A, the costof multiplying AT A with avector
is proportionatlto n;. We usethefollowing heuristicto decidewhich setof equationgo use:

if 2ns > Kny)

Use AT A method:Equation(3.5)
else

Use A method:Equation(3.4)

where K is a measuref relative sparsityof A7 A comparedo A. We useK = 4. Thefactor2
in thetestarisesbecausd-quation(3.4) requirestwo matrix-vectormultiplieswhile Equation(3.5)
only requiresone.

The solver canbe spedup by usinganinitial guessvectorz thatinterpolateghe solutionob-
tainedat lower resolution. The problemsize canthenbe graduallyscaledup until it reacheghe
desiredtexture resolution[Lue94]. This multiresolutionsolver idea can also be extendedto the
otherdimensionof the parametespace Alternatively, oncea solutionis foundat onepointin the
parametespacejt canbe usedasaninitial guessfor neighboringpoints,which areimmediately
solved atthedesiredtexture resolution.We find the secondnethodto be moreefficient.

3.5.1 Solvingwith Hz

Ratherthanmodelingthe hardwarerenderingwith the matrix A, onecanconsidersubstitutingthe
term Az in f(z) andV f(z) with anactualhardwarerenderingwith texture z, denotedas Hz. In
this formulation,we minimizeafunction f(z) definedvia
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flz) = |Hz—b|? (3.6)
Vf(z) = 24T(Hz —b)

Sincegraphicshardware canonly handleinteger texel values the vectorz mustbe quantizedprior
to hardwarerendering.The adwantageof this schemas thatit canleadto a moreaccuratesolution,
z, by reducingthe dependencentheaccurag of the matrix A. Notethatwe still needto infer the
matrix A to computethe gradient,V f(z), which is usedby the conjugategradientmethod;per
formingthe AT multiplicationefficiently in hardwarewould requiresupportfor imagecorvolution,
a featurethatis not presentlyavailable. The main disadwantageof this schemds thatit requires
performinghardwarerenderingin the innerloop of the optimizationprocedureandthis cancause
thesolwver to beslower by anorderof magnitudecomparedvith solvingwith Az.

3.5.2 Solvingfor View-IndependentTextures

Seggmentingthe ray-tracedmagesinto view-dependenandview-independentayersallows us to
collapsethe view-independentexturesacrossmultiple viewpoints. To computea single diffuse
texture,we solve thefollowing problem:

AI bl

Avo - 1 bvo

Ay, by,

A’UQ X = b’uz (37)
| Ay, [ L1 [ by

wherematrix A’ coalesceshe A matricesfor theindividual viewpointsvg throughw,, 1, vectord’
coalescetheray-tracedmagesatthecorrespondingiewpoints,andvectorz representthediffuse
texture to be solved. Sincethe numberof rows in A’ tendsto be muchlarger thanthe numberof
columnswe usethe AT A methoddescribecearlierin Equation3.5. In additionto speedingip the
solver, this methodalsoreducesnemoryrequirements.

3.5.3 Regularization

Samplesn thetexture solutionshouldlie in theinterval [0,1]. To ensurehis we adda regularizing
termto the objective function f(z), acommontechniquefor inverseproblemsin computervision
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[Ter86 Lue94 Eng9q. Theterm,calledtherange regularization is definedasfollows:

k _ 1
9L) = G Rtk
calibratignconstant
Ng
freg—01(z) = f(z)+ep (m) (m) ZQ z5;) (3.8)

whereé = 1/512. Thefunction g approacheifinity at —§ and1 + ¢ andthuspenalizegexels
outsidetherange.Theregularizingterm consistof threeparts:a summatiorover all texelsin z of

thefunctiong, a calibrationconstangiving the regularizingtermroughly equalmagnitudewith f,

anda userdefinedconstantg, thatadjuststhe importanceof constraintsatisaction. We compute
V freg—01 @nalyticallyfor the conjugategradientmethod.

One of the consequencesf setting up the texture inferenceproblemin the form of Equa-
tion (3.2)is thatonly texelsactuallyusedby thegraphicshardwarearesolved,leaving theremaining
texelsundefined.To supportmovementaway from the original viewpoint samplesandto make the
texture easierto compressall texels shouldbe defined. This canbe achiezed by addinga second
term, calledthe pyramidalregularization of the form:

fregfpyramid(x) = f’r‘eg—Ol(x) +ef (%i) P(fﬂ) (39)

wherel'(z) takesthe differencebetweentexels at eachlevel of the MIPMAP with aninterpolated
versionof the next coarserevel asillustratedin Figure3.5.3. Thefactorn;/n; givestheregular
izationtermmagnitudeoughlyequalwith f. Theobjective function f sumserrorsin screerspace,
while the two regularizationtermssumerrorsin texture space hencea scaleof the regularization
termsby n,/n;. Again,we computeV f,..,_pyramia @nalytically This regularizingtermessentially
imposesafilter constraintbetweerlevels of the MIPMAP, with userdefinedstrengthe ;. We cur
rently defineI” usingsimple bilinear interpolation. We find that the first regularizingtermis not
neededvhenthis MIPMAP constrainis used.

3.6 Texture InferenceResults

Figures3.7-3.11shaw resultsof textureinferenceon a glasscup object.In Figure3.7,we shav the
texture mapsthat have beeninferredwith our least-squaretexture inferenceapproachaswell as
with theforwardmappingandray-tracingapproachesThetop threetexturemapsareinferredusing
the least-squaremferencemethodwith threedifferenttexture filtering modes: bilinear, trilinear
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Figure 3.6: Pyramidal regularization. Computedby taking the sum of squaredifferencesbe-
tweentexelsateachlevel of the MIPMAP with theinterpolatedmageof the next higherlevel.

and anisotropic. Thesethreetextures were solved with ¢, = 1/32 and did not use pyramidal
regularization,resultingin mary undefinedtexels, coloredin pink. We alsosolved for a texture,
shawn in the far left of the bottomrow, usinga pyramidalregularizationconstraintwith £y = 0.1
ratherthanarangeregularizationterm.

Figure3.8comparesheoriginalimageto bematchedin theupperleft, with hardware-rendered
imagesusinginferredtexture maps.Figure 3.9 presentglose-upresultsfor the stemregion of the
cup.All hardware-rendereimageswveregenerateavith the Nvidia GeForce3chip, which supports
ananisotroy factorupto 4.

In generalbilinearfiltering providesthe sharpesandmostaccurataesultbecausét usesonly
thefinestlevel MIPMAP andthushasthe highestfrequeng domainwith which to matchthe orig-
inal. Trilinear MIPMAP filtering producesa somavhatworseresult,andanisotropicfiltering with
anisotropidactorsup to 2 andupto 4 arein betweenlt canbeseenn Figure3.7thatmoretexture
areais filled from thefinestpyramidlevel for anisotropicfiltering comparedo trilinear, especially
nearthe cup’s stem,while bilinear filtering altogetherignoresthe higher MIPMAP levels. Note
thoughthatbilinearfiltering produceghis highly accurateesultonly at the exactparametervalues
(e.g., viewpointlocations)andimage resolutionsvhele the texture wasinferred Theotherschemes
aresuperiorif viewpoint or imageresolutionarechangedrom thosesamples.

Thelasttwo columnsin themiddlerow of Figure3.8 compareheeffect of solvingwith pyrami-
dalregularization.Bothimagesweregeneratedvith up to afactorof 4 anisotropicfiltering. It can
be seenthattheimagesarealmostidenticalwith ¢ ; = 0.1 for pyramidalregularization.Pyramidal
regularizationfills all occlusionholesallowing movementaway from the original viewpoint sam-
ples. Smoothholefilling alsomalkesthe texture easierto compressdy removing hardboundaries
betweerdefinedandundefinedsamplesRegularizationmalkesMIPMAP levelstendtowardfiltered
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versionsof eachother; we exploit this by compressingnly the finestlevel andre-creatinghigher
levelsby on-the-flydecimationin thedecoder

Thetop row of Figure 3.8 shaws resultsfor the “forward mapping” methodin which texture
samplesaremappedo the objects imagelayerandinterpolatedusinga high-qualityfilter. We used
a separablé_anczos-windwed sinc functionwith a halfwidth of 4. To handleocclusionswe first
filled undefinedsamplesn the sgmentedayerusinga simpleboundary-reflectiomlgorithm. For-
wardmappingproduces blurry andinaccurateesultbecausé doesnotaccountfor how graphics
hardwarefilters the textures. In addition, reflectionhole-filling producesartificial, high-frequeng
informationin occludedregionsthatis expensve to encode.

Finally, the bottomrow of Figure 3.8 shavs resultsfor the methodof ray-tracingdirectly into
texture maps. We generatedexture mapsfor this methodby renderingdirectly into texturesthat
aresupersampledly a factor3, andthendown-sampledhe texturesto the actualresolutionusing
aseparablé.anczos-windwed sincdecimatiorfilter with a halfwidth of 6. As shawvn, ray-tracing
directly into texture mapsalsoproducesa blurry andinaccurataesultbecausét doesnot account
for how graphicshardwarefilters the textures. This effect is more easily seenin Figure3.10and
Figure3.11. Again, thereis the problemof filling in occludedregions,andthe associategroblem
of how to build MIPMAPSs. In our solution, we ignore whethera surfacehappendgo be front or
back-fcingwhich simplifiesbuilding of MIPMAPSs by mimicking reflectionhole-filling, but places
artificial, high-frequeng informationin occludedregionsthatis expensve to encode.

Figure3.10andFigure3.11comparanferencemethoddor abilinearandanisotropichardware
filter, respectrely. It is more significantto comparethe resultsfor the anisotropicfilter because
this filter more robustly handleschangesn viewpoint andresolution. In termsof peaksignalto
noiseratio, thereis a 2.4 dB differencebetweertheleast-squaresiethodandthe forward mapping
method,anda 3.4 dB differencebetweereast-squarasethodandthe methodof ray-tracedexture
maps.We concludethatby consideringhe hardwarefilter modelthatis usedwhentexturemapping
geometryin graphicshardware, andby usinga least-squareeptimizationapproachwe canpro-
duceimageson graphicshardware thatmoreaccuratelymatchthe original ray-tracedmagesthan
alternatve approaches.
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bilinear trilinear anisotropic 4

anisotropic 4 forward mapped ray-traced
pyramidal

Figure3.7: Inferr ed Texture Maps for the Cup Object. Pink regionsrepresentindefinedegions
of thetexture. The pyramidaltextureis inferredwith £y = 0.1.
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Forward Mapping Method

bilinear trilinear anisotropic 2 anisotropic 4
MSE=13.4 MSE=17.7 MSE=13.6 MSE=12.8
PSNR=36.9 dB | PSNR=35.6 dB | PSNR=36.8 dB | PSNR=37.0 dB

Least-Squares Method

bilinear trilinear anisotropic 2 anisotropic 4 pyramidal
MSE=7.24 MSE=10.3 MSE=7.94 MSE=7.49 MSE=7.21
PSNR=39.5 dB | PSNR=38.0 dB | PSNR=39.1 dB | PSNR=39.4 dB |[PSNR=39.6 dB

—

Ray-Traced Texture Maps

bilinear trilinear anisotropic 2 anisotropic 4
MSE=17.1 MSE=20.2 MSE=16.9 MSE=16.2
PSNR=35.8 dB | PSNR=35.1 dB | PSNR=35.8 dB | PSNR=36.0 dB

Figure3.8: Image comparisonacrosstexture filtering modesand inferencemethods. The pyra-
midal imageis generateavith ananisotroy factorof 4.




CHAPTER3. TEXTUREINFERENCEBY INVERSERENDERING

43

Forward Mapping Method

Original

bilinear trilinear anisotropic 2 anisotropic 4
MSE=19.1 MSE=55.5 MSE=27.7 MSE=20.3
PSNR=35.3 dB | PSNR=30.7 dB | PSNR=33.7 dB | PSNR=35.1 dB

Least-Squares Method

bilinear trilinear anisotropic 2 anisotropic 4 pyramidal
MSE=6.76 MSE=28.1 MSE=11.6 MSE=8.36 MSE=8.67
PSNR=39.8 dB | PSNR=33.6 dB | PSNR=37.5 dB | PSNR=38.9 dB | PSNR=38.8 dB

Figure 3.9: Close-upimage comparison. The highlight within the red box is a good placeto
obsere differences.
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Ray-Traced Texture Maps

Original

bilinear trilinear anisotropic 2 anisotropic 4
MSE=32.7 MSE=68.1 MSE=35.8 MSE=28.6
PSNR=33.0 dB | PSNR=29.8 dB | PSNR=32.6 dB | PSNR=33.6 dB

Figure3.9: Close-upimage comparison(continued).
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Forward Mapping Method
MSE=13.4, PSNR=36.9

Least-Squares Method Ray-Traced Texture Maps
MSE=7.24, PSNR=39.5 MSE=17.1, PSNR=35.8

Figure3.10: Image comparisonacrossinferencemethodswith bilinear texture filtering .



CHAPTER3. TEXTUREINFERENCEBY INVERSERENDERING 46

Forward Mapping Method
MSE=12.8, PSNR=37.0

Least-Squares Method Ray-Traced Texture Maps
MSE=7.49, PSNR=39.4 MSE=16.2, PSNR=36.0

Figure3.11:Image comparisonacrossinferencemethodswith anisotropic filtering . Theimages
wererenderedvith hardwarethatsupportsaananisotroy factorupto 4.



Chapter 4

Parameterized Texture Compression

For syntheticscenesthetime andviewpoint parametersf the plenopticfunction[Ade91, McM95]
canbegeneralizedWe arefreeto parameterizéhe radiancefield basedon time, positionof lights
or viewpoint, surfacereflectanceproperties,object positions,or ary otherdegreesof freedomin
the sceneresultingin an arbitrary-dimensionaparameterize@nimation. Our goal is maximum
compressiomf the parameterizednimationthatmaintainssatisactoryquality anddecodesn real
time. Oncethe encodingis dovnloadedover a network, the decodercantake advantageof special-
ized hardware andhigh bandwidthto the graphicssystemallowing a userto explore the parameter
space. High compressiorreducesdownloadingtime over the network and conseres sener and
clientstorage.

Figure4.1lillustratesour system. Ray-tracedmagesat eachpoint in the parametespaceare
fed to the compilertogetherwith the scenegeometry lighting models,and viewing parameters.
The compilertamgetsary desiredtype of graphicshardware andinfers texture resolution,texture
domainmappingandtexture sampledor eachobjectoverthe parametespaceo produceasgooda
matchaspossibleon thathardwareto the “gold-standardimages(asdiscussedn Chapter3). Per
objecttexture mapsare then compressedising a hovel, multi-dimensionalcompressiorscheme.
The interactve runtime consistsof two partsoperatingsimultaneously:a texture decompression
engineanda traditionalhardware-accelerategenderingengine.

Thecontritutionsof this chapterareasfollows:

¢ We introducethe problemof compressingnultidimensionalanimations,not just radiance
fields parameterizely viewpoint or animationghroughlD time.

¢ We fully exploit cheapandubiquitousgraphicshardware by renderingtexture mapson ge-
ometricobjectsratherthanview-basedmages.We emplg/ anautomaticmethodto allocate
storageover objectstexture mapsand selecttexture mapresolutionsanddomainsbasedon

a7
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Figure4.1: SystemOverview.

the gold-standardmages. We also separataliffuse and speculadighting layersto increase
compressionysingautomaticstorageallocationover theselighting layers.(Section4.5)

e Wepresenhovel methoddor generalmultidimensionatompressionisinganadaptve Lapla-
cianpyramidthatallows real-timedecodingandhigh compressiomatios. (Section4.3)

¢ Wedescribeanovel run-timesystemhatcachego speedexturedecodingandstaggerblock
originsto distribute decompressioload. (Section4.7)

e We presentrealistic, highly specularexampleswith multiple objectscontainingthousands
of polygons,usinga PC equippedwith a consumemraphicscard. The quality and gener
ality of our examplesexceedpreviouswork in image-basedendering.We demonstrat¢he
superiorityof our encodingover alternatves like MPEG4 and shawv high-quality resultsat
compressiomatiosof 200-800with nearreal-time(” 5Hz) decodersapableof hardwareim-
plementationFasterdecoding(” 31Hz)is alsopossibleatreducedquality. Sincethesystems
main bottleneckis texture decompressiomur findings provide incentive for incorporating
more sophisticatedexture decompressiofunctionality in future graphicspipelines. (Sec-
tion 4.8)

Thelimitations of our approachareasfollows:

¢ We assumehata list of the geometricobjectsandtheir texture parameterizationare given
asinput.
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Figure4.2: Parameter Block Compression. An 8x8 block of parameterizediexturesfor a glass
cupobjectis shavn. In this example,dimensionpl represents 1D viewpoint trajectorywhile p2
representshe swinging of a light source.Note the high degreeof coherencen the texture maps.
Oneof thetexturesis shavn enlaged,parameterizely the usualspatialparametersjenoteds and
v. We usea Laplacianpyramidto encodethe parametespaceandstandarcd2D compressiorsuch
asblock-basedCT to furtherexploit spatialcoherencavithin eachtexture (i.e.,in u andv).

¢ Efficient encodingrelieson parameteindependet geometry;thatis, geometrythatremains
staticor rigidly moving andthusrepresents small fraction of the storagecomparedo the

parametedependentextures. For eachobject, polygonalmesheswith texture coordinates
areencodednceasheadeiinformation.

e Thecompilermusthave accesto animageat eachpointin parametespace socompilation
is exponentiain dimension We believe our compilationapproachs goodfor spacesn which
all but oneor two dimensionsaresecondaryij.e., having relatvely few samples.Examples
includeviewpointmovementalonga 1D trajectorywith limited side-to-sidanaovement view-
pointchangesvith limited, periodicmotion of somescenecomponentspr time or viewpoint
changesoupledwith limited changedo thelighting environment.
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4.1 Parameter SpaceBlocks

Themultidimensionafield of texturesfor eachobjectis compressetly subdviding into parameter
spaceblocksasshawvn in Figure4.2. Largerblock sizesbetterexploit coherencéut aremorecostly
to decodaduringplayback;we used8 x 8 blocksin our 2D examples.

4.2 Why compressparameterized texturesinstead of parameterized
images?

Ourapproachnfersandcompresseparametedependentexture mapsfor individual objectsrather
thancombinedviews of theentirescene Encodinga separatéexturemapfor eachobjecthasseveral
adwantages:

e Texturesbettercapturecoherencecrossthe parametespaceindependenthyf wherein the
imageanobjectappearsThisis particularlythe casefor diffusely shadedbjects.

¢ Objectsilhouettesarecorrectlyrenderedrom actualgeometryandsufer fewer compression
artifacts.

e The viewpoint canmove from the original parameteisampleswithout revealinggeometric
disocclusions.

4.3 Adaptive Laplacian Pyramid

We encodeparameterizedexture blocks using a Laplacianpyramid [Bur83]. Considera single
(u,v) texture sample parameterizethy a d-dimensionakpace{pi, ps, - .., pqs} With n samplesn
eachdimensiorof theblock. Startingfrom thefinest(bottom)level with n¢ samplesthe parameter
samplesarefiltered usinga Gaussiarkernelandsubsampledo producecoarsewersionsuntil the
top of thepyramidis reachedontainingasinglesamplehataveragescrossall of parametespace.
Eachlevel of the pyramidrepresentthe detailthatmustbe addedo the sumof the higherlevelsin
orderto reconstructhesignal. Coherensignalshave relatively little informationatthelower levels
of thepyramid, sothis structuresupportsefficient encoding.

Thoughthe Laplacianpyramidis notacritically sampledepresentatiorit requiregustlog, (n)
simpleimageadditionsin orderto reconstructaleafimage.ln comparisonamultidimensionaHaar
wavelettransformrequires(2¢ — 1) log, () imageadditionsandsubtractionsAnotheradwantageof
the LaplacianPyramidis that graphicshardware canperformthe necessarymageadditionsusing
multiple texture stagesthusenablingon-the-flydecompressiorf-or decodingspeedwe reconstruct
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Figure4.3: Adaptive Laplacian Pyramid.

usingthenearest-neighbgrarametesample higherorderinterpolationtemporallysmoothgesults
butis muchmoreexpensve.

The“samples”at eachpyramidlevel areentire2D imagesratherthansamplesatasingle (u, v)
location. We usestandard2D compression(e.g., JPEG[Pen92 Xio96] and SPIHT [Sai9§ en-
codings)to exploit spatialcoherencever (u,v) space.Eachlevel of the Laplacianpyramid thus
consistof a seriesof encoded®D images.Parameteandtexture dimensionsaretreatedasymmet-
rically becausgparametersre accesse@longan unpredictablelD subspaceselectecby the user
at run-time. We cannot afford to procesdarge fractionsof the representationo decodea given
parametesample a problemsolved by usingthe Laplacianpyramidwith fairly smallblock size.

In contrasttexture mapsareatomicallydecodecdandloadedinto the hardware memoryandso
provide more opportunityfor a software codecthat seeksmaximumcompressiorwithout regard
for randomaccess.We anticipatethat texture map decodingfunctionality will soonbe absorbed
into graphicshardware [Bee94. In that case,whaterer compressedepresentatiorthe hardware
consumess agoodchoicefor theleaf nodetexture maps.

It is typically assumedn imagecodingthatbothimagedimensionsareequallycoherent.This
assumptionis lesstrue of parameterize@nimationswhere,for example, the information content
in aviewpoint changecangreatlydiffer from that of a light sourcemotion. To take advantageof
differencesin coherencecrossdifferentdimensionswe usean adaptiveLaplacianpyramid that
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Figure4.4: Example Imagesfrom eachLevel of an Adaptive Laplacian Pyramid.

subdvides morein dimensionswith lesscoherence Figure4.3 illustratesall the possiblepermu-
tationsof a 2D adaptve pyramid with four levels,in which coarseievels still have 4 timesfewer

samplesasin the standard_aplacianpyramid. Thoughnotshavn in thefigure, it is alsopossibleto

constructpyramidswith differentnumbersof levels, for exampleto “jump” directly from an8 x 8

levelto an8 x 1. We pick the permutatiorthatleadsto the bestcompressiomsingagreedysearch.
Figure4.4illustratestextureimagesat eachlevel of anadaptve Laplacianpyramid.

4.4 MPEG Encoding of Parameterized Textures

As mentionedhbore, themainreasongor pickingtheLaplacianpyramidapproachs thatit provides
high compressiorby exploiting multi-dimensionalcoherenceand at the sametime supportsfast
decodingby limiting processingdo just oneimagefrom eachlevel of the pyramid. Onealternatve
approachs MPEG encodingof parameterizetextures.

Theideais to performMPEGencodingn a 2D or higherdimensionakpaceby takingazig-zag
paththroughthe spacevarying the dimensionof mostcoherencenostrapidly. Oneof the parame-
tersof MPEG encodingis the spacingbetween-frames,or numberof I-framesperblock. Having
a single I-frame/blockmaximizescompressionput increaseslecodingtime. In the worst case,
accessinga parameterizedexture requires23 inverseDCT operations 22 forward predictions,1
backward predictionand1 interpolationpredictionfor the singlel/block case.We do not believe
the 1l/block encodings practicalfor real-timedecoding.This analysiss alsotruefor whenMPEG
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is usedto encodeparameterizeimagesinsteadof textures. Note that decreasinghe numberof I-
framesperblockin MPEGis someavhatanalogouso increasingheblock size,andthusthenumber
of levels, in our pyramid schemes- both trade-of decodingspeedfor bettercompression At 10
I-frames/block 4 inverseDCT’s, 2 forward predictions,1 backward prediction,and1 interpolatve
predictionarerequiredn theworstcase.Thisis roughlycomparabléo our DCT Laplacianpyramid
decoding,which alsorequires4 inverseDCT operationsthoughpyramid reconstructiorinvolves
only 3imageadditionsratherthanmorecomplicatedmotion predictions Resultfor MPEG encod-
ing of texturesarepresentedn Section4.8 andcomparechgainstour Laplacianpyramidapproach.

4.5 Automatic StorageAllocation

To encodethe Laplacianpyramid, storageanustbe assignedo its variouslevels. We apply standard
bit allocationtechniquesrom signal compressiorjfGer92 p.606-610]. Curves of meansquared
errorversusstorage calledrate/distortioncurves areplottedfor eachpyramid level and pointsof
equalslopeon eachcurwe selectedsubjectto a total storageconstraint.More precisely let E;(r;)
bethemeansquarecerror(MSE) in the encodingof level : whenusingr; bits. It canbeshavn that
theminimumsumof MSE over all levelssubjectto atotal storageconstraintof R; i.e.,

min Y Ei(r)) 2 > ri=R
i 1

occurswhenthe E;’ = Ey’ = --- = E,;,’, wherem is the total numberof levelsand E;' =
dE;/dr;. We minimize the sumof MSEs becausea texture imageat a given point in parameter
spaceis reconstructedas a sum of imagesfrom eachlevel, so an error in ary level contritutes
equallyto theresultingerrot A simple1D rootfindersufiicesto find E;’ from which ther; canbe
derived by invertingtherate/distortiorcune atlevel ;.

Thereis alsoa heedto performstorageallocationacrossobjects;thatis, to decidehow much
to spendin the encodingof objectA’s texture vs. objectB’s. This kind of storageallocationis
neededor boththe Laplacianpyramid and MPEG approachesf encodingtextures. We usethe
samemethodasfor allocatingbetweerpyramidlevels,exceptthattheerrormeasurés E; = A, E;,
whereA; is the screerareaand E; the MSE of objecti. This minimizesthe sumof squarecerrors
on the screemo matterhow the screenareais decomposeéhto objects. To speedorocessingywe
computeerrorsin texture spaceratherthanrenderingthe texturesandcomputingimageerrors.We
find this providesanacceptablepproximation.

A complicationthatarisess thattherecanbe large variationsin MSE amongdifferentobjects,
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Figure4.5: Compensationfor Gamma Corr ection.

someof which canbe perceptuallyimportantforegroundelements.We thereforeintroducea con-
straintthatary objectsMSE satisfyE; < oF whereF is theaverageMSE of all objectsanda > 1
is a userspecifiedconstant.A two-passalgorithmis usedin which we first minimize ), E; over
objectssubjectto an overall storageconstraint. Using the resulting E, we theneliminatethe part
of the rate distortion curves of ary objectthatincurs more MSE thanaE andsolve again. This
reallocatesstoragefrom objectswith low MSEsto objectswith abore-thresholdMSEsin sucha
way asto minimize sumof squarecerrorin the belov-thresholdobjects.

Theabove algorithmscanalsobeusedasa startingpoint for manualallocationof storageacross
objects,sothatmoreimportantobjectscanbe morefaithfully encoded.

For objectswith both specularand diffuse reflectancewe encodeseparatdighting layersfor
which storagemustbe allocated. We usethe methoddescribedabove on the entire collection of
texturesacrosobjectsandlighting layers.

4.6 Compensationfor Gamma Corr ection

Splitting an objects lighting layersinto the sum of two termsconflicts with gammacorrection,
sincey(Ly + Ly) # (L) + v(Ls) whereL; arethe lighting layersandy(z) = z'/9 is the
(nonlinear)gammacorrectionfunction. Typically, g ~ 2.2. Without splitting, we cansimply match
texturemapsto agamma-correctedersionof thegold standardalthoughthis is notentirelycorrect
becausénardwarewould belinearfiltering the gamma-correctetixture. With splitting, we instead
infer texturesfrom the original, uncorrectedayerssothatsumsarecorrectlyperformedn alinear
spaceand gammacorrectasa final stepin the hardware rendering. The problemarisesbecause
gammacorrectionmagnifiescompressiorerrorsin thedarkregions.

To compensatewe insteadencodebasedon the gammacorrectedsignals,y(L;), effectively
scalingup the penaltyfor compressiomrrorsin the darkregions. At run-time,we applytheinverse
gammacorrectionfunction y~!(z) = z9 to the decodedresult before loading the texture into
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Figure4.6: Staggeringof block origins. We usedifferentblock originsfor differentobjects.

hardwarememory and,asbefore,sumusingtexture operationsn alinearspaceandgammeacorrect
thefinal result. This processs illustratedin Figure4.5. We notethatthe inversegammafunction
emplo/ed, aswell asgammacorrectionat higher precisionthanthe 8-bit frameluffer result,is a
usefulcompaniorto hardwaredecompression.

4.7 Runtime System

Theruntimesystemdecompressesndcachegextureimagesappliesaffine transformationso ver
tex texture coordinatesand generatesenderingcalls to the graphicssystem. Movementoff (or
between}he original viewpoint sampless allowed simply by renderingfrom thatviewpoint using
the closestiexture sample.

The texture cachingsystemdecideswhich texturesto keepin memoryin decompressefbrm.
Becausdheusers paththroughparametespaces unpredictablewe useanadaptve cachingstrat-
egy basedon the notion of lifetimes. Wheneer a texture imageis accessedye reseta countof
the numberof framessincethe imagewaslast used. Whenthe counterexceedsa given lifetime,
L, thememoryfor the decompresseithageis reclaimed Differentlevels of the Laplacianpyramid
have differentlevels of priority sinceimagesnearthe top aremorelikely to be reused.Lifetimes
arethereforecomputedas L = ab ! whereq is a constanthatrepresentshe lifetime for leaf nodes
(typically 20), b is the factorof lifetime increasefor higherpyramid levels (typically 4) andi rep-
resentgpyramidlevel. Notethatthe numberof imagescachedat eachpyramidlevel andparameter
spaceblock changeslynamicallyin responseo userbehaior.

If blocksof all objectsarealigned,thenmary simultaneousachemissesoccurwheneer the
usercrosses block boundarycreatinga computationaspike asmultiple levelsin the new blocks’
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Laplacianpyramidsare decoded We mitigatethis problemby staggering the blocks,asillustrated
in Figure 4.6, usingdifferentblock origins for differentobjects,to more evenly distribute decom-
pressiorioad.

4.8 Compressionand PerformanceResults

4.8.1 Demol:Light x View
4.8.1.1 CompressionResults

The first examplescene(Figure 4.9, top left) consistsof 6 static objects: a reflectve vase,glass
cup, reflective tabletop, table stand,walls, andfloor. It contains4384trianglesandwasrendered
in about5 hours/frameon a group of 400MhzPentiumll PCs,producinggold standardmagesat
640x 480 resolution. The 2D parametespacehas64 viewpoint samplescircling aroundthetable
at 1.8/sampleand 8 different positionsof a swinging, sphericallight sourcé. The imagefield
wasencodedusingeight8x 8 parametespaceblocks,eachrequiringstorage640x 480x 3x 8x 8=
56.25MB/block.

Our least-squaretxture inferencemethodcreatedoarameterizedexturesfor eachobject,as-
sumingtrilinear texture filtering. The resultingtexture fields were compressedising a variety of
methodsjncludingadaptve 2D Laplacianpyramidsof bothDCT- andSPIHT-encodedevels. Stor
ageallocationover objectswascomputedusingthe methodof Section4.5, with a max MSE vari-
ation constraintof o = 1.25. The decodedextureswerethenappliedin a hardwarerenderingon
agraphicscardwith the Nvidia Geforce256 chip, 32MB local videomemory and 16 MB nonlocal
AGP memoryrunningon a Pentiumlll 733MhzPC. To testthe benefitsof the Laplacianpyramid,
we alsotried encodingeachblock usingMPEG on a 1D zig-zagpaththroughthe parametespace
varyingmostrapidly alongthedimensiorof mostcoherencéFigure4.7). A state-of-the-amPEG4
encodeMIC99] wasused. Finally, we comparedagainstdirect compressiorof the original im-
ageq(ratherthanrenderingsisingcompressetextures),againusingMPEG4 with onel-frameper
block. This givesMPEG the greatesbpportunityto exploit coherenceavith motionprediction.

Figures4.9 and4.10shav theresultsat a tamgetedcompressiomate of 384:1andFigures4.11
and4.12 shaws the resultsat a targetedcompressiomate of 768:1, representindarget storageof
150 KB/block and 75 KB/block respectiely. Dueto encodingconstraintssomecompressiona-
tios undershothe taiget andare highlightedin yellow. All texture-basedmageswere generated
on graphicshardware using2 x 2 antialiasing;their MSEswere computedfrom the frameluffer
contentsMSEswereaveragedover anentireblock of parametespace.

The specificparametersverelight sourceradiusof 8, pendulumengthof 5, distanceof pendulumcenterfrom table
centerof 71, andangularpendulumsweepof 22°/sample.
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Figure4.7: MPEG 1D zig-zagpath through a single8 x 8 block of parameter space.The zig-
zagpathis chosenso that the dimensionof mostcoherencesariesmostrapidly, in this example
dimensionp;.

Both Laplacianpyramidtexture encodinggright two columns bottomrow) achiere reasonable
gualityat768:1,andquitegoodqualityat 384:1. Theview-basedMIPEGencodinglabeled'MPEG-
view”, is inferior with obvious block artifactson objectsilhouettesgven thoughMPEG encoding
constraintgdid not allow asmuchcompressiorasthe otherexamples.The SPIHT-encoded.apla-
cian pyramidis slightly betterthan DCT, exhibiting blurrinessratherthanblock artifacts(obsere
theleft handsideof the vasefor the 768:1rate). The differencesn the pyramid schemedbetween
the 384:1and768:1tamgetsarefairly subtle,but canbe seenmostclearlyin thetransmittedmage
of thetabletop throughthe glasscup. 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...BBP) labeled“MPEG-texture 1l-frame/block”,andanotherusing 10 I-frames
(IBBPBBIBBPBBI...IBBP) labeled'MPEG-texture 10l-frames/block” Thezig-zagpathwascho-
senso that the dimensionof most coherencevaries mostrapidly, in this casethe light position
dimension(Figure4.7). As mentionedn Section4.4,thoughsinglel-frame/blockmaximizescom-
pressionjt doesso at the costof decodingtime. We do not believe the 1 I-frame/blockencoding
is practicalfor real-timedecoding but includetheresultfor quality comparison MPEG encoding
with 10 I-framesperblock is roughlycomparableo our DCT Laplacianpyramiddecoding.

The 10 I-frame/blockMPEG-texture resultshave obvious block artifactsat both quality levels
especiallyon the vaseand greenwallpaperin the background. They areinferior to the pyramid
encodings.This is true eventhoughwe wereunableto encodethe scenewith highercompression
than418:1, significantly lessthanthe other examplesat the 768:1 tamget rate. This resultis not
surprisinggiven that MPEG can only exploit coherencen one dimension. The 1 I-frame/block
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resultsarebetter but still inferior to thepyramidschemesatthe 384:1tamget, wherethevaseexhibits
noticeableblock artifacts. For the 768:1tamget, the quality of MPEG-texture 1 I-frame/blockfalls
betweerthe SPIHT andDCT pyramids. Unlike the MPEG-viev case the MPEG-texture schemes
still usemary of thenovel featuresof ourapproachhardvare-tagetedtextureinference separation
of lighting layers,andoptimal storageallocationacrossobjects.

Figure 4.13 isolatesthe benefitsof lighting separationand adaptve Laplaciansubdvision.
Theseresultswere achieved with the LaplacianSPIHT encodingat the 384:1target. With com-
binedlighting layers,adaptve subdvision increasedidelity especiallynoticeablen thetableseen
throughtheglasscup (Figures4.13aandb); MSE acrosgheblockis reduced20%. Thisis because
textures,especiallythe glasscup’s, changemuchlessover the light positiondimensionthanover
theview dimension.In responsethefirst level of pyramid subdvision occursentirelyover theview
dimension.We thenseparatelyencodehe diffuseandspeculaldighting layers,still usingadaptve
subdvision (Figure 4.13c). While this increasesMSE slightly becauseadditionaltexture layers
mustbeencoded, theresultis perceptuallybetter producingsharpeihighlightson thevase.

4.8.1.2 SystemPerformance

Averagecompilationand preprocessingime per point in parameteispaceis shavn in Table4.1.
It canbe seenthat total compilationtime is a smallfraction of the time to producethe ray-traced
images.

texture coordinateoptimization 1lsec
obtainingmatrix A 2.15min
solvingfor textures 2.68min
storageallocationacrosgpyramidlevels | 0.5min
storageallocationacrosobjects 1sec
compression 5sec
total compilation 5.43min
‘ raytracing ‘ 5hours ‘

Table4.1: Parameterizedexture Map CompilationTime perlmagein ParametelSpace

To determineplaybackperformancewe measuredverageandworst-casdramerates(fps) for
a diagonaltrajectorythat visits a separatgparametessampleat every frame. The resultsfor both

20nly the table-topandvaseobjectshadseparatelyencodeddiffuseand specularayers;they werethe only objects
with diffuseandreflective termsin their shadingmodel. Thusatotal of 8 parameterizedextureswereencodedor this
scene.
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DCT- andSPIHT-Laplacianpyramidencodingsaaresummarizedn Table4.2 andusedcompression
atthe 384:1tamet.

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: Parameterizedexture Map RuntimePerformance

The performancebottleneckis currently software decodingspeed. To improve performance,
we tried encodingtexturesat reducedesolution.Reducingtexture resolutionby an averagefactor
of 11 (91%) usinga manuallyspecifiedreductionfactor per object provides acceptablajuality at
about31 fps with DCT. Decodingspeedups not commensuratith resolutionreductionbecause
it partially depend®n signalcoherencenddecimatedsignalsarelesscoherent.

4.8.2 Demo2:View x Object Rotation

In the secondexample,we addeda rotating, reflective gevgaw on the table. The parametespace
consistsof a 1D circular viewpoint path, containing24 samplesat 1.5°/sample,and the rotation
angleof the gewgaw, containing48 samplesat 7.5°/sample.Resultsareshavn in Figure4.14for
encodingsusingMPEG-viev andLaplacianSPIHT.

Thisis achallengingexamplefor our method.Therearemary speculaiobjectsin thescenere-
ducingtheeffectivenes®f lighting separatiorithegenvgav andglasscuphave nodiffuselayer). The
parametespacdas muchmorecoherentn the rotationdimensionthanin the view dimensionbe-
causegevgaw rotationonly changesherelatively smallreflectedor refractedmageof thegenvgaw
in the otherobjects.On the otherhand,the gevgaw itself is morecoherenin the view dimension
becausdt rotatesfasterthanthe view changes MPEG canexploit this coherencevery effectively
usingmotioncompensatioalongtherotationdimension.Thoughour methodis designedo exploit
multidimensionatoherencandlacksmotioncompensatiomur adaptve pyramidalsorespondso
theunbalancea@oherenceproducinga slightly betterMSE anda perceptuallybetterimage.

To producetheseresults,we manuallyadjustedhe storageallocationover objects.Shadingon
thebackgroundbjects(walls, floor, andtablestand)is staticsincethey arediffuseandthegevgav
castsno shadavs onthem. Their storagecanthusbe amortizedover all 18 blocksof the parameter
space.Becauseahey projectto a significantfraction of the imageand canbe so efficiently com-
pressedour automaticmethodgivesthemmorestoragethantheir perceptuaimportancewarrants.
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Figure4.8: Separationof Diffuse Textureinto Albedo and Lighting Textures.

We reducedheir allocationby 72% anddevotedthe remaindetto an automaticallocationover the
foregroundobjects.Evenwith this reduction the texture-base@ncodingproducedesserroron the
backgroundbjects,ascanbeseenn Figure4.14.

Real-timeperformancdor this demois approximatelythe sameasfor demol.

4.9 Discussion

Our simple sum of diffuse and speculartexture mapsis but a first steptoward more predictive
graphicsmodelssupportecby hardwareto aid compression One exampleoptimizationis to take
adwantageof texture multiplicationin graphicshardwareandfurther sgmentthe diffuselayerinto
separatalbedoandlighting layers. This sgmentation|liustratedin Figure 4.8, is usefulfor sep-
aratinga high-frequeng but parameteindepenént albedomapfrom alow-frequeng, parameter
dependenincidentirradiancefield. Thealbedomapneedonly becompressedncewith thestorage
costamortizedover all blocksin the space.Otherexamplesof graphicsmodelsthat may improve
compressiorinclude parameterize@rnvironmentmapsto encodereflections(as discussedn the
next Chapter),hardware shadawing algorithms,bump-mappinghardware support,and pervertex
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shadingmodels.

With respecto run-time performancepur presentsystemdecompresseandloadsinto hard-
warememoryentiretexturesratherthansimply loadingregionsof texturesthatareactuallyaccessed
during rendering. The consequencef this simple approachs that somefraction of the decoding
computatiormandmemorybandwidtharewasted.Thisinefficiengy canbereducedoy takingadwan-
tageof informationavailable abouttexture accesseduring compilationto keepa recordof which
regionsof thetextureto decodeandloadat run-time,albeitat a slightincreasen storagecost. Al-
ternatvely, a more elegantsolutionis for graphicshardwareto adopta “virtual memaory” system
for texture maps,whereonly regionsof the texture that areactuallyaccesseduring renderingare
decodecandpagedinto memory
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Figure4.9: DemolCompressionResultsat 384:1 Target compression.(150 KBytes/block)
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Figure 4.10: Close-up Demol Compression Results at 384:1 Target compression. (150

KBytes/block)
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Figure4.11: DemolCompressionResultsat 768:1 Target compression.(75 KBytes/block)
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Figure 4.12: Close-up Demol Compression Results at 768:1 Target compression.
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(a) Combined, non-adaptive  (b) Combined, adaptive (c) Separated, adaptive
MSE=11.5, PSNR=37.5dB MSE=9.64, PSNR=38.3 dB MSE=10.3, PSNR=38.0 dB

Figure4.13: Benefitsof Adaptive Subdivision and Lighting Separation.
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361:1 361:1

MSE=10.9, PSNR=37.7dB MSE=10.3, PSNR=38.0 dB

Figure4.14: Demo2CompressionResultsat 361:1 Target compression.(160KBytes/block)



Chapter 5

Parameterized Environment Maps

In Chapter4, we capturerealistic,pre-rendereghadingeffectsincluding reflectionsasparameter
ized texture maps(PTMs) on surfaces. This methodof capturingview-dependenshadingmakes
it hardto move “off the manifold” or away from the sampledviews — the shadinglooks (andin-
deedis) pastedon dueto the useof statictexture coordinates.Traditionalenvironmentmapshave
beendevelopedin graphicsfor handlingreflective objects,but aswe shav in Section5.1, such
ervironmentmapsfail to capturelocal reflectionsincluding effectslik e self-reflectionsandparal-
lax in the reflectedimagery We insteadproposeparameterize@nvironmentmaps(PEMs), a set
of perview ervironmentmapswhich accuratelyreproducelocal reflectionsat eachviewpoint as
computedby an offline ray tracer Even with a small set of viewpoint samples,PEMs support
plausiblemovementaway from andbetweerthe pre-renderediewpoint samplesvhile maintaining
local reflections.They alsomake useof ervironmentmapssupportedn graphicshardwareto pro-
vide real-timeexplorationof the pre-renderedpace.In additionto parameterizatioby viewpoint,
our notionof PEM extendsto generalmultidimensionaparameterizationsf the scenejncluding
relatve motionsof objectsandlighting changes.

Our contrikutionsincludea techniquefor inferring environmentmapsproviding a closematch
to ray-tracedimagery(Section5.8). We also explicitly infer and encodeall MIPMAP levels of
the PEMsto achieve higheraccurag. We proposelayeredenvironmentmapsthat separatdocal
and distantreflectedgeometry(Section5.7). We explore several typesof ervironmentmapsin-
cluding finite spheresgllipsoids,and boxes that betterapproximatethe ervironmentalgeometry
(Section5.4). We demonstrateesultsshaving faithful local reflectionsin an interactve viewer
(Section5.10).

68
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Figure5.1: Traditional, or static, ervironment maps. Traditional environmentmapsachie/e a
reasonablepproximationof reflectionsandare easily supportedn hardware. (a) They arecon-
structedusing standardtechniquessuchas by taking a photographof a reflective spherein an
ervironment,or renderingsix facesof cubefrom anobjectcenter (b) Texturecoordinatesarecom-
putedfor staticervironmentmapsby reflectingtheray from theeye off thelocalgeometryandusing
the directionof the reflectionray to index into the map, like the oneshavn on the left. Thisis in
contrasto texture mapswherethe texture coordinatesarefixed. Note thatwe usethe abbreiation
EM for environmentmaps.

5.1 Traditional/Static EnvironmentMaps

Accurate real-timerenderingof shiry objectshaslong beena goalof computergraphics Environ-
mentmaps(EMs) [Bli76, Gre86 Hae93 Mil84, Vo094, which storea sphereof radiancencident
at a point, achieze areasonabl@pproximatiorof reflectionsandareeasilysupportedn hardware.
Unfortunately becausé&=Ms, illustratedin Figure5.1, are constructedrom a singlepoint like the
reflective objects center they fail to accuratelyreproducelocal reflections(Figure 5.2¢). Self-
reflectionsarelost sincethe objectitself is omittedduringEM constructiorandgeometricaccurag
sufferswhenthe surfacepointis not exactly at the objectcenteror if thereflectedobjectis notvery
distant.

5.2 Parameterized Environment Maps

Our solutionto the problemof accuratelyreproducindocal reflectionds to recordmultiple EMs at
asetof viewpointsin a pre-renderedpace TheseEMs arenot sphericaimagesof theervironment
at a point. Instead,they areinferred asa least-squarebestmatchto a ray-tracedimagetaken at
eachviewpoint, whenappliedasan EM in a renderingby the target graphicssystem Theresultis
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(a) Ray-Traced (b) PEM (c) Static EM

Figure5.2: Simulating Reflections. Note the missingself-reflectionsof the knob andspoutin (c)
andthefidelity of the PEM (b) matchedo theray-tracedmage(a).

a sequencef EMs, which we call a parameterize@rvironmentmap,or PEM (Figure5.3). More
generallyPEMscanbeparameterizewith any numberof dimensionswhich cancontrol positions
of objectsandlights aswell asview, andany numberof samplegperdimension.

UsingPEMs,we areableto closelymatchlocal reflectioneffectslik e self-reflectiongvidentin
eachray-tracedsample(compareFigure5.2aand5.2b). Furthermorewe canmove the viewpoint
away from the ray-tracedsamplesplausibly maintainingtheselocal reflectioneffects. In fact, by
inferring PEMsfrom ray tracedimagesalongonly a 1D subspacef views, we achie/e corvincing
local reflectionsfrom an entire 3D viewspacequite far from the original samples.Capturinga 2D
viewspaceprovidesevenbetteraccurag but usesnary moremaps.PEMsalsocapturemuchof the
coherencén view-dependenshadingandthuscompreswsery well.

With simpleEM models thisapproachdoesnotnecessarilynatchtheray tracedmagesexactly,
sincethemappingfrom the surfaceof thereflectorto the EM is notnecessarilypne-to-oneln other
words,two or morereflectedpositionsin the world canmapto the sameEM point. * We reduce
theseconflictsby usinglayered EMs which separatéocal anddistantpartsof theervironment.The
final resultis superiorto imagesgeneratedisinga staticEM.

I Anotherdifficulty is thatthe samepointin theworld canbe multiply imagedby the reflectorwith differentshading
if its surfaceis non-Lambertian.
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Figureb5.3: Parameterized EnvironmentMap. A PEMis asequencef ervironmentmaps(EMs)
recordedover a setof viewpoints(or otherparameters)Theseervironmentmapsarecomputedoy
inversefitting to ray-tracedmagesof the reflective objectpre-renderedt samplelocationsin the
parametespace Thediagramsuggesta cubemapparameterizatiofor eachEM, but otherchoices
arepossible.

5.3 SystemOverview

We bagin with aray-tracedmageat eachviewpoint asin Figure5.3, or moregenerally eachpoint
in the parameterspacewhich is to be interactvely explored later The ray tracersegmentsthe
imageryby separatingheimagesof individual objects(Figure5.8). It alsosegmentsvariousshad-
ing termson eachobject, including a diffuse layer, Fresnelreflectionmodulationlayer, and an
incidentspeculadayer We usea modified versionof Eon, a Monte Carlo distribution ray tracer
[Co0843a Shi92 Shioqg.

Given the parameterizedseggmentedimagelayersfor eachobject, we compute,or infer, pa-
rameterizedexture and ervironmentmapsthat accuratelyreproducethe ray-tracedimageswhen
appliedto the original geometryby graphicshardware. PTMs areinferredfor the diffuselayerus-
ing thetechniquedescribedn Chapter3. PEMsareinferredfor theincidentspeculalayerandare
handledby applyingthethattechniqueto hardwarerenderingwith ervironmentmaps,asdiscussed
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Figure5.4: EnvironmentMap Geometry. We shav how ervironmentmaptexturecoordinatesre
generatedor anindividual vertex. This is doneby intersectingthe reflectionray with the simple
geometrythatapproximatesheervironment,in this caseanellipsoid. We thenmapthisintersection
pointusingthe ervironmenttexture mappingto find its (u, v) texture coordinates.

in detailin the next section. Becauseof the sggmentationthe PTMs and PEMsexhibit muchco-
herenceandcanbegreatlycompressedjsingschemedike MPEG for 1D parametespacesor the
multidimensionalaplacianpyramid describedn Chapter4.

At run-time, as a userexploresthe space the systemdecodesa perobjecttexture and ervi-
ronmentmapsampleclosestto the users currentparametetocation(e.g.,viewpoint). The result-
ing mapsarethenloadedinto the graphicshardware. Using appropriatetexture blendingmodes,
we recombinethe diffuse layer, if presentwith the productof the Fresnel-modulatiotayer and
environment-mappedesult. This producesa renderingthat accuratelymatcheghe ray tracedim-
ageryat the sampledparameteitocations,and successfullyinterpolatesmagesaway from those
samplesWe alsoblendbetweemeighboringparametesamplegatherthanchoosinghe closesto
provide a smootheresult.

5.4 EnvironmentMap Representations

It isimportantto distinguishthegeometryof anEM from its parameterizatio(Figure5.4). An EM’s
geometryrefersto how it approximateshe reflectingenvironment. For example,the ervironment
canbe approximatedy a sphereat infinity, by afinite cube,or by afinite hemispherevith planar
bottom. By picking an EM geometrythat closely matchesthe actualervironments, we obtain
betterpredictionsof how reflectionsmove asthe view changes.Of course,aswe move to even
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betterapproximationf the ervironment,suchaslight fields, LDls, or eventhe precisegeometry
indexed by ray-tracing the costof computingsampledecomesmpracticallyhigh.

Theparameterizatiorof anEM refersto how the geometryis representeth a 2D map. For ex-
ample theinfinite spherecanberepresentedsinga latitude/longitudeparameterizatiorthegazing
ball (or OpenGL)parameterizatiomgr by six facesof acube.Thechoiceof EM parameterizatiois
lesscrucialthanthe choiceof geometryin determiningfinal accurag, but doesimpacthow much
resolutionthe mapswill require.Notethatconfusionarisesbecaus@arameterizationendto have
namesrelatedto shape;for example,a finite spheregeometrycanbe parameterizedisinga cube
parameterizatioandvice versa.

We have tried several typesof EM geometryachiezing bestresultswith finite rectangulaipar
allelepipeds called box maps andfinite spheresand ellipsoids. Box mapsare useful for room
ervironments. For objectsrestingon flat surfaces,it is effective to align the box bottomwith this
flat surfaceand extend the other sidesto matchthe averagedistanceto ernvironmentalgeometry
Finite ellipsoid mapshave proved usefulfor local reflectedgeometry(seeSection5.7).

To index suchmaps,we resortto a combinationof software and hardware texture coordinate
generation.Graphicssystemssuchasthe Nvidia GeForcerunningunderDirectX, currently sup-
port only the infinite spheregeometrywith cubeor gazingball parameterizationln software, for
eachpolygonalmeshvertex, we bouncethe view ray off the vertex usingits associatesormalto
determineareflectingray. Theresultingray is intersectedvith the EM geometry suchasa finite
box, sphere,or ellipsoid. The simplicity of thesemodelsmales the ray intersectioncalculation
practicalfor real-timeapplications. Taking this point of intersectionand subtractingthe objects
EM origin pointyieldsavectorthatis usedasthe hardware EM index (normalizationisn’'t required
for thecubeparameterization)The EM origin is choserasanarea-weightedverageof theobjects
trianglecentroids.

The hardware-supported¢ubemap parameterizatiomanthusbe usedfor ary of thesesimple
geometries.? Alternatively, directuseof the 6 cubefacetexture mapsby treatingeachfaceas
an independentexture would require expensve texture stateswitching and explicit handling of
triangleswhosevertex indicesstraddlethe cubeedgesor corners.The cubemapparameterization
is usefulsincethe hardwaretreatsthe 6 cubefacedik e a singletexture, the hardwareautomatically
handlestrianglesthat straddlecube edgesor corners,and the parameterizatiomloesnot have a
singularity Thesingularityin thegazingball parameterizatiomakesit inappropriatdor generating
views off theray-tracedsamplesasobseredin [Hei99h.

2Note that the cubemap parameterizatior(6 equal-sizedsquarefaces)usestexture areainefficiently for ellipsoids,
but is alimitation of currenthardware.
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Figure5.5: Why Parameterize Environment Maps? Seediscussiorbelow for explanation.

5.5 Why Parameterize Environment Maps?

Our approachs to fit an ernvironmentalimpostorso asto matcha ray tracedimageat a particular
view. Thealternatve is to usesomea priori projectionmethodsuchasprojectingthe ervironment
onto a spherecenteredat somepointin the reflective object. Therearetwo benefitsto our fitting
approachlt cancompensatéor thegeometricerrorcausedy approximatinghe ervironmentwith
simplergeometrythatactsasanenvironmentalimpostor In thediagramin Figure5.5,anoutgoing
ray, dravn in solid red, exits the teapotand strikes a cup objectin the ervironment. Using fitted
impostors,the color of this cupis correctly storedat the blue point on the impostor so it canbe
accesseavhenthe sameoutgoingray is generatedt run-time. If we insteadsimply projectedthe
cup onto the sphere thenthe orangeintersectionpoint would be incorrectly mappedto the green
point on theimpostor This is the point wherethe line betweerthis intersectionandthe impostor
centerof projectionhits theimpostor

A secondbenefitis that our approachcapturesview-dependenshadingin the ervironment.
The outgoingray thatintersectgshe cup objectis generatedrom the desiredviewpoint. Soif the
cupobjectis itself reflective or refractive thenthe color valuestoredwill resultfrom theincoming
ray with the correctdirection. Sphericalprojectionjust usesrays emanatingfrom the centerof
projection,which areview-independenandthusdontaccountfor view-dependenshadingon the
cup.

By inferringa separaternvironmentmapateachviewpoint, we captureview-dependenshading
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in the ervironmentand compensatéor geometricerror, andthus obtain betterfidelity at the ray-
tracedsamples.

5.6 Comparisonwith Alter native Approaches

Accuratereflectionsbetweenarbitrary objectscanbe producedoy ray-tracing[Whi8Q], but at sig-
nificantly highercostthantraditionaltexture-mappegolygonrendering.This hasled to efforts that
exploit fastgraphicshardwareto producerealisticreflections. Reflectionson planarsurfaces,ex-
ploredby DiefenbacHDief96], canbe achiered usinga renderingthatmirrorsthe viewpoint about
thereflectionplane. Reflectionson curved objects,studiedby Ofek and Rappopor{Ofek9§, can
be performedby transformingeachvertex in the reflectedimagewith respecto the reflectors ge-
ometry This schemehandlessmoothreflectingobjectsthat are eitherconcae or corvex; objects
with mixed corvexity or saddleregionsrequirecarefuldecomposition.

Image-basedendering(IBR) methodssuchasthe Light Field [Lev96] andLumigraph[Gor9og|
reducethe plenopticfunctionto a tatulated4D field. Theseview-basedBR methodsperformlin-
earinterpolationfor eachray in the planeof cameraviewpoints whenrenderingnovel views not
capturedin the sourceimages,andthusdo not model how reflectionsmove asthe view changes
betweensamplepositions. Otherview-basedmethodsthat projectively map sourceimagesonto
approximategeometrysuchasview-dependentextures[Deb984 andunstructuredumigraphren-
dering [BueO]], alsolinearly interpolatebetweencameraviewpoints either by distancebetween
the desiredray andcamergpositionsor by anglebetweerthe desiredray andraysemanatingrom
cameracentersthat converge to the samepoint on the approximategeometry Theseview-based
methoddikewiseignoreparallaxin thereflectedimagery The netresultis thata densersampling
of views s requiredthanwith ourlayeredPEMsapproacho avoid blurrinessandghostingartifacts.

Surfacelight fields [Mil98a, Woo0(J parameterize¢he radiancefield over surfacesratherthan
views to bettercapturespatialcoherenceespeciallywhensurfacesare mostly diffuse. For mirror-
like reflectors,the surfacelight field is essentiallyidenticalto a sphere-at-infinityeM per surface
point. We obtain a betterprediction of how reflectionschangewith view by using more accu-
rate geometricapproximationof the ervironment(Section5.4) including simplefinite ellipsoids
andboxes,andby separatingeflectionsinto multiple layeredmapsfor local anddistantelements.
We alsoassociate single EM per object, but parameterizedby view, ratherthan multiple, view-
independenbnesover adensesetof its suriacepoints.

Whenapplyingexisting IBR methoddo highly reflective surfacesijt is not clearwhetherthere-
guiredsamplingdensityof views (for view-basedBR) or of emittedradiancepersurfacepoint (for
surface-basetBR) is practical. Currentresultsdemonstratenly fairly blurry highlightsfrom light
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sources.In Wood et al. [Woo0(Q for example,this is not surprisinggiven thatthe 258 lumisphere
samplesusedper point represen®-3 ordersof magnitudefewer sampleghantypical EMs contain.

Furthermoreto reconstrucanimagefrom a particularview requiresvisiting anirregular scattering
of samplesover the entire4D light field. With PEMs, all the informationneededo reconstruce

particularview is spatiallycoherentn theform of asingleEM image(two areneededor smoother
interpolationin a 1D viewspacewhoseaccesss alreadysupportedy hardware. PEMsalsohandle
arbitraryview subspacege.g.,1D ones)andotherscengparameterizations.

Heidrich et al. [Hei994 decouplegeometryfrom illumination by using a light field to map
incomingview raysinto outgoingreflectedor refractedrays,thushandlingself-reflections.These
outgoingraysthenindex eithera staticervironmentmap,which ignoreslocal effectsfurtherfrom
the reflector or anotheright field representinghe ervironment,which is more accuratebut also
morecostly Theresultallows independenthangeto the reflectingobjectgeometryandthe ervi-
ronmentakradianceput suffersfrom thelimitations of otherIBR methodsmentionedabove.

Cabralet al. [Cab99 alsodecouplethe reflectingobjectfrom theillumination. They storea
collectionof view-dependenEMs whereeachEM pre-intgratesa specificBRDF with a lighting
environment. The lighting environmentsfor theseEMs are generatedising standardechniques,
suchastaking photograph®f a physicalspherdan a desiredenvironmentor renderingthe six faces
of acubefrom thereflectingobjectcenterusingaray-tracer As a resulttheseEMs suffer from the
sameproblemsastraditionalEMsin handlinglocal reflections.

Bastosetal. [Bas99 reprojectLDls into areflectedview for renderingprimarily planarglossy
surfacesin architecturawalkthroughs.Lischinskiand Rappopor{Lis98] proposetwo ideas:lay-
eredlight fields, which area collectionof view-dependent.Dls for glossyobjectswith fuzzy re-
flections,andimage-baseday-tracingfor sharpreflections,whererays are tracedthroughthree
view-independenLDls thataccuratelyrepresenthe scenegeometry Our approactsucceedsvith
much simpler and hardware-supportedMs ratherthanreprojectingLDIs or ray-tracingthrough
LDls.

As mentionedn the introductionto this chapterour techniqueof Chapter4 capturegealistic,
pre-rendereghadingeffectsincluding reflectionsas parameterizedexture maps(PTMs) on sur
faces.This methodof capturingview-dependenshadingmalkesit hardto move “off the manifold”
or away from the sampledviews — the shadinglooks (andindeedis) pasted. In this chapter we
applythe samemethodof textureinference put insteadof texture mapswe computeEMsin which
areflectionray is actuallybouncedoff the surfaceandintersectedvith a simpleapproximatiorof
the environment. This resultsin muchbetterquality off the manifold.
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distant EM

local EM

Figure5.6: Layered EnvironmentMap. Hereaboxgeometnyis usedfor thedistantEM, modeling
moredistantreflectedpartsof the ervironment,while an ellipsoidalgeometryis usedfor thelocal
EM, modelingpartsof thereflectoritself presenin self-reflections.

5.7 LayeredEnvironmentMaps

Segymentingthe ervironmentinto separatenapsfor local anddistantelementdbetterapproximates
how eachelementsteflectionsbehae (Figure5.6). Theseparatiorallows differentEM geometries
to be usedto approximatethe ervironmentalgeometryin eachlayer It also supportsparallax
betweerimageryin eachlayer

To performthis separationthe ray tracerrecordsseparatdayersfor rayswhich bounceoff a
reflectve objectandimmediatelyreachthe distantervironmentandrayswhich bounceoneor more
additionaltimesoff theobject(Figuress.7and5.8). EMsaretheninferredfor eachlayerseparately
We have foundthata finite ellipsoidalEM geometryworkswell for thelocal layer An ellipsoidis
selectedo tightly boundthe reflectingobject. We usean axis-alignedboundingellipsoid centered
atthe objectcentroidwith axisscaleghatminimizeresultingvolume,determinedisingbruteforce
optimization.

To handleocclusioneffects,thelocal EM is computedasa 4 channelimagewith transparenc
representindraction of coveragein the local layer from an antialiased-endering. To computethe
distantlayerwithoutlocal occlusionstheray tracerpropagatesaysthroughthereflectingobjectif
they intersectafterthefirst bouncethusdefiningall distantlayersamplesvithout needfor analpha
channel At run-time,we usetheover blendingmodeto compositehelocal layer (subscriptL) over
thedistant(subscriptD) beforemodulatingby the Fresneterm, F', via

(arrgbr, + (1 — ag)rgbp)F

Notethatthis methodeasilygeneralizeso morethantwo environmentalshells.
Becaus¢helocalEM geometryonly approximateshelocalgeometnbeingreflectederroneous
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Figure5.7: Constructing the Distant EnvironmentMap Layer. Thedistantiayeris constructedn

theray-tracerfrom raysthatimmediatelyreachthe distantervironment(a). However, it is possible
for raysthatbounceoff the object,to hit the objectagainaftertheirfirst bounce(b). For the distant
layer, we ignore secondanbounceff the reflective objectby allowing raysto passthroughthe
objectaftertheir first bounce(c).

local reflectionscan be generated.We minimize such problemsby separatingpolygonson the
reflectorthatlie on its corvex hull from thoselying insideit asa view-independenpre-process.
At run-time, polygonslying on the corvex hull arerenderedbnly with the distantEM, sincethey
cannever exhibit self-reflections.The restof the polygonsaretexturedusingthe local/distantEM
combination.

Theincidentspeculatayersfor ashiry objectrepresentheincidentlight thatis thenattenuated
by the surface reflectanceand reflectedtowardsthe viewer. Separatingout the view-dependent
Fresneimodulationby recordingincidentratherthanemittedradiancemakesthe layersmoreview
independenandthusmorecoherent.After generatiorby theray tracer the layersarecapturedas
EMs. Our factorizationof the Fresneimodulationlayerfrom theincidentspecularadianceanduse
of graphicshardwarefor its evaluationis basedon the work of Heidrichand Seidel[Hei991. The
next subsectionpresenour approactor inferring EMs. By runningtheinferencemethodat each
pointin parametespacewe obtainPEMswhich canthenbe compressed.
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Figure5.8: Segmented.ayers Producedby the Ray Tracer for oneViewpoint and Correspond-
ing Inferr ed EMs. Theervironmentmapshave a cubemapparameterizatio(6 faces)andconsist
of MIPMAPs for eachface(not shavn). The ray-tracerkeepsthe highly view-dependenfresnel
modulationseparatdrom the incomingradiance.We generatehe fresnelmodulationat run-time
usinga simpleformula.
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5.8 Inferring Layered EnvironmentMap Texture Maps

We usethe least-squareimferenceapproachdescribedn Chapter3. Theonly differencein com-
putingan EM insteadof atextureis thatthe renderingmatrix is createdusingtestrenderingswith
ervironmentmappinginsteadof texture mapping.

5.8.1 EnvironmentMap MIPMAPs

Our inferencemethodsolvesfor all MIPMAP levels of the EM simultaneously Interestingly we
find thatthesdevelsarenot simplefilteredversionsof eachother evenwhenperformingweighted
filtering thataccountdor thevariationof solid angleover the EM parameterizatiorasin [Hei99h).

Thisis becausén computingthe bestmatchingeM at a particularviewpoint, ourinferencemethod
implicitly accountsfor the reflectorgeometry which can magnify and distort the reflectionin a
spatially varying way. Therefore,unlike in Chapter4, we explicitly encodeall levels of the EM

MIPMAP ratherthancreatingthemon-the-flyasdecimatedrersionsof thefinestlevel. Theresult
is improved sharpnesdn the reflections. To increasecompressiongncodedevels are storedas
residualsrom correspondinglecimatedrersionsof thefinestlevel.

5.8.2 EnvironmentMap Resolution

Choosingthe properEM resolutionis importantto presere frequeng contentin thereflections. A
very conserative approachs to usetestrenderinggo determinethe mostdetailedEM MIPMAP
level actuallyaccessebly thegraphicssystem.Texture memorybandwidthandcapacityimitations
may dictatethe useof someavhatlower resolutions.

5.9 Runtime System

TheFresneimodulationlayeris generatean-the-flyusinga pervertex softwareshadethatcopies
the ray tracers computationof the Schlick model[Sch93. We malke useof a 1D texture mapto
betterinterpolatethe fifth orderpolynomialinvolved in thatmodel. Suchpervertex computation
requiresadequateessellatiorof thereflectingobjects geometry

We usemulti-passrenderingto assemblehe shadinglayers. Purelyreflective objectsin a 1D
viewspacerequireb texture mapaccesse2 EMs for the local/distantdual at eachof 2 viewpoints
for smoothinterpolationsandthe 1D Fresnelmap. Addition of a diffuselayer requiresone more
texture access. Current PC graphicshardware, suchas the Nvidia GeForce 256 and GeForce2
graphicsacceleratorgperforms2 texture accesseperpassso3 passesareneeded.
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Factoringsurfacereflectancdrom incidentradianceis problematicon currenthardware with
fixed point 8-bit texture arithmetic;it is difficult to fit the dynamicrangeneededby the incident
speculardayer [Deb98H. We clip samplegthat aretoo bright, sometimegesultingin artificially
dimmedhighlights. Solving this problemwill requiremoredynamicrangein texture processing,
perhapsaisingafloating pointrepresentation.

5.10 Results

We testedour approacton a simplesceneof areflective teapotin aroomenvironment. The teapot
contains” 40k trianglesandwasray tracedfrom a 1D viewspacepartially circling the teapotat 1°
perview sampleto generatea PEM containingl00 EMs. We usedthe local/distantdual EM with
finite ellipsoidfor thelocal mapandbox mapfor thedistantat 256 x 256 x 6 resolution.Toimprove
accurag, we decomposethe teapotinto two parts:thelid in oneandthe spout,body andhandle
in the other Eachpartuseda separatéayeredEM model. A moreefficient approachwould be to
decompos¢heteapotonly for thelocal EM layerwhile usinga singledistantEM for the combined
teapot.

Our viewer performsat about17.5 framesper secondwith blendingbetweenadjacentview-
pointson 733MHz PC with Nvidia GeForce 256 graphicsaccelerator Downloadingtexturesinto
hardware memoryis a performancebottleneck;this will be alleviated by higherbandwidthmem-
ory andhardware-supportedecodingof compressetextures. Thefollowing tabledetailsrun-time
performanceassumingthe EM texturesare alreadyresidentin system(but not video) memory
“Texgentime” below is thetime to computeEM coordinatesisingray intersectiorwith simplebox
andellipsoid primitives, performedon the CPU. Useof programmablerertex shadersupportedn
the graphicssystemsuchasthoseavailablein DirectX DX8, mayspeedup this computation.

On the Manifold (unblended) | Off the Manifold (blended)
#geometrypasses 2 3
texgentime 35ms 35ms
frametime 45ms 57ms
FPS 22 17.5

Table5.1: ParameterizednvironmentMap RuntimePerformance

For eachviewpoint sampleray tracingrequiredaboutl5 minuteswhile EM inferencetook 5.5
minutes.

Figure5.2comparesesults‘on themanifold”; i.e.,attheraytracedsamplesOur PEMsachieve
goodfidelity to theray tracedimagesmatchedwhile staticEMs eliminatelocal effects.
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To testoff the manifold quality, we tried several alternatves, including PTMsandnon-layered
PEMsusinga single sphere-at-infinityeM geometry Figure 5.9 comparegshesechoicesfor EM
geometryat a viewpoint betweenthe original samples. A ray tracing at the exact viewpoint is
includedfor comparison. It can be seenthat the layeredEM model producesgreateraccurag
thanthe sphere-at-infinityeM (noticeespeciallythe reflectionof the knobon thelid). Theresults
are even more obvious interactvely thanin a staticimage, wherethe dual layeredPEM model
eliminates‘'wobble” exhibited by the simplermodelasthe usermovesoff the manifold.

Figure5.10comparegesultshetweerPEMsandPTMs above the planeof viewpoint samples.
Note especiallythe lack of fidelity of the PTM imagein the teapotlid reflections. Theseimages
and, more dramatically the interactve results,shav the pasted-oreffect obtainedby PTMs off
the manifold, resultingin a poppingartifact when switchingbetweertexturesinferredat adjacent
viewpoint samples. PTMs also suffer from disocclusionsvhere non-contriloiting texture areais
revealedin a differentview. While disocclusionscan also occur with PEMs sincethey too are
solved at a given view, they arelessfrequentandlessvisible aslong asthe objectreflectsmostof
its ervironment.

Thusfar, we have presentedesultsfor a mirror-like specularteapot. Glossyobjectscanbe
handledin our approachsimply by inferring environmentmapsin the sameway, but with respect
to ray-tracingwith glossymaterials. At run-time,we computethe reflectionray at eachvertex as
the principle direction of the glossyreflection,andfind its intersectionwith the simple geometry
thatapproximateshe ervironmentto computetexture coordinatesFiguress.11and5.12compare
resultsbetweerray-tracing,layeredPEMsandsingle sphere-at-infinityPEMsfor a glossyteapot.
LayeredPEMsachieve goodfidelity to theray-tracedmagesatthe sampleviewpointsandplausible
resultshetweerandaway from the sampleviewpoints. This is in contrastto the sphere-at-infinity
PEM resultswhich are noticeablylessaccurateat the sampleviewpoints (notice the reflectionof
the knob on thelid), andespeciallyaway from the sampleviewpoints, wherethe reflectionof the
knobonthelid is absentandthereflectionof the spouton theteapotbodyis exaggeratedLik e the
mirror-like teapottheresultsareeven moreobviousinteractvely thanin a staticimage,wherethe
duallayeredPEM modeleliminates'wobble” exhibited by the simplermodelasthe usermovesoff
themanifold.

5.11 Discussion

PEMsprovide afaithful approximatiorto ray-tracedmagesat pre-renderediewpoint samplesand
theability to plausiblymaove away from thosesamplesusingreal-timegraphicshardware.
To achiare our results,we decomposedhe teapotinto two parts,thelid in oneandthe spout,
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body andhandlein the other andusedseparatdayeredervironmentmapsfor eachpart. In par
ticular, separateellipsoidsweretightly fitted to the geometryfor eachpartto actasimpostorsfor
thelocal layers. Decomposingan objecthastwo benefits.First, by usingseparatd&eM impostors,
we canbetterapproximatehe actualgeometryin eachpart. Secondwe reducethe likelihood of
conflictsthat canoccurwhentwo or more reflectedpositionsin the world mapto the sameEM
point. By decomposinghe object,andusingseparat&Ms for eachpart,we eliminateEM conflicts
betweerthereflectedmagesseenn eachpart. Ratherthansimply decomposingheteapotinto two
parts,one might considerdecomposinghe teapotfurtherinto smallerpiecesto achieze higherfi-
delity to theray-tracedmages If wetake thisideato its logical extreme thenwe essentiallyendup
with asurfacelight field approactwhereeachpointon thereflectve teapothasits own ervironment
map, or lumisphere.lt is interestingto note that our resultsare quite goodwith a decomposition
of the teapotinto just two parts, obviating the needfor further decomposition.However, for an
arbitraryreflective objectit maybenecessaryo performahigherlevel of decompositiortio achiere
a faithful approximationto ray-tracedmages. Oneareafor future work is automaticmethodsof
finding the minimal amountof decompositiomecessaryo achieze perceptuallyacceptableesults.

Anotherareawhichwe have notaddressed handlingcasesvherethereflectordoesnotimage
partsof its ervironmentthat can neverthelessbe seenin nearbyviews “off the manifold”. For
example,a reflectorcanbe partially occludedor occludeitself (like the teapotspoutobscuringits
body),thuspotentiallyeliminatingfrom its EM the partof theervironmentreflectedn thisoccluded
portion. This problemcanbe solvedby inferring EMs for all front-facingpartsof thereflector even
if they are occludedin the particularview sample. Incompleteimaging of the ervironmentalso
occurswhenthereflectors setof normalsincompletelycover the spheresuchaswith non-closed
objects(like a small portion of a sphere)or objectswith zerocurvature(like a planeor cylinder).
We addresghe generalproblemof filling in the missingportionsof the ervironmentin the next
chapteron hybrid rendering.



CHAPTERS5. PARAMETERIZED ENVIRONMENT MAPS 84

Single Sphere-at-Infinity

Ray-Traced Layered PEM PEM

Figure5.9: ResultsBetweenViewpoint Samples.
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Figure5.10: ResultsAbove Viewpoint Samples.
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Figure5.11: ResultsAt Viewpoint Samplesfor a GlossyTeapot.
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Figure5.12: ResultsAbove Viewpoint Samplesfor a GlossyTeapot.



Chapter 6

Hybrid Rendering

In additionto beingableto handlereflective objectsaway from the pre-renderediews, aswe did
in Chapters, we would like to be ableto handlerefractive objects. Unfortunately with refractive
objectsit is difficult to predictthe eventualoutgoingray directionbasedon whathappensvhena
ray from the viewpoint first hits the refractve object. At the very least,the ray mustinteractwith
two surfaceinterfacestheinterfacefrom air to glassandglassto air beforeit leavesthe object. For
realobjects theray maypasshroughseverallayersof glassbeforeleaving the object. Our solution
to this problemis hybrid rendering

RecallthatZ-buffer hardwareis well-suitedfor renderingtexture-mappe@D geometrybut in-
adequatdor renderingreflective and refractive objects. It rasterizeggeometrywith respectto a
constraineday set— raysemanatingrom a point andpassinghrougha uniformly parameterized
rectanglein 3D. Reflectie andrefractive objectscreatea moregenerallenssystemmappingeach
incomingray into anumberof outgoingrays,accordingto a comple, spatially-arying setof mul-
tiple ray “bounces”.Environmentmaps(EMs) [Bli76] extendhardwareto simulatereflectiondrom
aninfinitely distantervironment,but ignoreall but the first bounceandso omit self-reflectionsand
refractions.Ontheotherhand,ray tracing[Whi80] generatesheseeffectsbut is unacceleratednd
incoherentlyaccessea large scenedatabaseNeverthelessmodernCPUsarebecomingpowerful
enoughto performlimited ray tracingduringreal-timerendering.

In hybrid rendering,we combinethe benefitsof both systemsby tracing ray pathsthrough
reflectve/refractve objectsto computehow thelocal geometrymapsincomingraysto outgoing.To
encapsulatenoredistantgeometry we usethe outgoingraysasindicesinto a previously-inferrei
EM perobject,allowing efficientaccesandresamplingoy 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 theimageplaneandareintersectedvith anobject,a glassteapotin this exam-
ple. A singleray bouncesaroundthroughthe teapot,eventuallyexiting. It is thenintersectedvith

environmentalgeometryin this casearing of columns.Therenderings unacceleratetly hardware
andincoherentlyaccessea large scenedatabaseln hybrid renderingtheideais to leveragegraph-
ics hardwareasmuchaspossible.Raysarestill traced,but only at verticesof the polygonalmesh
for the glassteapot,which we call thelocal lensobject. Whentheray exits the local lensobject,it

is intersectedvith asimpleimpostorfor the ervironment,a texture-mappedylindrical shellin this

example. A triangle on the local lens objectthusmapsto sometrianglein the impostors texture
map so we canusetexture mappingto interpolatewithin the triangle interior. Vertex ray-tracing
takesplaceon the hostprocessqgrbut now accesseenly thelocal lensobject. This providesbetter
memorycoherencéhantraditionalray-tracing.
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We bggin by segmentingreflectve/refractve scenegeometryinto a setof local lens objects
Typically eachglassor shiry objectforms a single local lens object, but multiple objectscanbe
combinedf they arecloseor onecontainsor surroundsanother Becauseaaysaretracedthrougha
systemof only oneor afew objects,theworking setis smallerand memaoryaccessnorecoherent
thanwith traditionalray tracing. To make the approactpractical,we alsoinitially limit thenumber
of ray caststo polygonvertices,adaptiely shootingadditionalrays only where necessary We
alsoprunethe ray tree (binary for refractve objectswhereanincomingray striking an interface
generateshild reflectionandrefractionrays)ignoringall but a few ray pathsthatstill approximate
thefull ray tracedrenderingwell (seeFigure6.4).

Eachlocallensobjects EM is differentfrom traditionalones:it is inferred layered andparam-
eterized Inferredmeansour EMs are computedasa least-squarebestmatchto a pre-computed,
ray tracedimageat a viewpoint whenappliedas an EM in a renderingby the target graphicssys-
tem The alternatve of samplinga sphericalimageof incidentradianceat a point (typically the
lens objects center)ignoresview-dependenshadingin the ervironmentand producesa lessac-
curatematchat the viewpoint. Layeredmeanshatwe usemultiple ervironmentalshellsto better
approximatethe ervironmentas introducedin Chapter5. Parameterizedneanswe computean
EM perviewpoint over a setof viewpoints (Figure6.2) to provide view-dependenshadingon im-
agedobjectsandreducethe numberof layersneededor accurateparallax. Our examplesusea
1D viewpoint subspacé¢hatobtainsaccurateesultsover thatsubspacandplausibleresultsfor ary
viewpoint.

Our contritutionsincludethehybrid renderingshadingmodel(Section6.2) andits combination
of dynamicray tracingwith hardware-supportedEMs (Section6.4). We improve on the parame-
terizedEMs (PEMs)describedn the previous chaptertby generalizingo morethantwo layersand
providing toolsfor determiningheirplacemen{Section6.3). In addition,we handleself-reflections
by ray tracingthelocal geometryratherthanrepresentingt asan EM, andsoachieve goodresults
with asmuchastentimessparsesamplingof EMs. The methodof Chaptel5 alsohasthe problem
thatits inferredEMs represenbnly the partof the environmentimagedat oneviewpoint, resulting
in disocclusiongrom nearbyviewpoints. We ensurecompletenesi thelayeredEMs by matching
to a layeredimagethatincludesoccludedsurfacesaswell assimultaneouslyver multiple nearby
viewpointsor directimagesof the ervironment. Resultsshav our methodsupportsrenderingof
realisticreflective andrefractive objectson currentgraphicshardware (Section6.5).
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Figure6.2: Layered, Parameterized Environment Maps recordedover a setof viewpoints for
eachlocal lensobject. EachEM; consistof layeredshellsat variousdistancegrom thelocal lens
objects center

6.1 Comparisonwith Alter native Approachesfor Refractions

Heidrichetal. [Hei994 attemptto handlerefractive aswell asreflective objectsusinga light field
to mapincomingview raysinto outgoingreflectedor refractedrays. Theseoutgoingraysthenindex
eitherastaticervironmentmap,whichignoreslocal effectsfurtherfrom the object,or anothetight
field, whichis moreaccurateéout alsomorecostly Thoughour hybrid renderingsimilarly partitions
local anddistantgeometrywe obtainsharpermoreaccurateeflectionsandrefractionsusinglocal
ray tracing ratherthan light field remapping. We also exploit the texture-mappingcapability of
graphicshardvwareusinglayeredEMs for the moredistantervironmentratherthanlight fields.
Chuanget. al. [Chu0Q andZongler et. al. [Zon99 capturethe remappingof incidentrays
for real and syntheticreflective/refractve objects,but only for a fixed view. Kay and Greenbeg
[Kay79] simulaterefractive objectswith a simple, local modelrestrictedto surfacesof uniform
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Figure 6.3: Greedy Ray Path Shading Model. Whena ray from the viewpoint first strikesthe
lensobject, we considertwo paths: one begginning with aninitial reflectionandthe otherwith an
initial refraction. Thesepathsarethenpropagatedintil they exit thelocal lensobjectby selecting
thechild ray having thegreatestresnekoeficient. Thedashedjreenray pathsrepresenpathsthat
areignoredbecausehe branchingchild ray hada smallerFresnelcoeficient thanthe solid green
path.

thickness.

Adaptive samplinghasbeenusedn raytracingsinceit wasfirst describedwWhi80]. Todecouple
local anddistantgeometry our adaptatioris basedon ray path,not color or radiance differences.
Kajiya's ideaof ray pathsratherthantrees[Kaj86] formsthe basisof our local model. Finally, the
cachingandray intersectionreorderingof Pharret. al. [Pha97 is another completelysoftware-
basedapproacHor memory-cohererdiccesso the scenedatabase.

6.2 ShadingModel

Raytracingsimulategefractive objectsby generatinghild reflective andrefractive rayswheneera
ray strikesa surfaceinterface. Therelative contritution of thesechildrenis governedby the Fresnel
coeficients[Hec87, denotedt’r andF;- for reflectedandtransmittedrefractedyays,respectiely.
Thesecoeficients dependon the ray’s angleof incidencewith respecto the surfacenormaland
the indicesof refractionof the two mediaat the interface. Purely reflectve objectsare simpler
generatinga single child reflectedray modulatedby £ but canbe considerech specialcasewith
Fr=o.

Ratherthangeneratinga full binarytreefor refractive objectswhich caneasilyextendto thou-
sandsof ray queries,we usea two-term modelwith greedyray path propagation,llustratedin
Figure6.3. Whenaray from theviewpoint first strikesthe refractive object,we considentwo paths:
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(a) Full ray tree (b) Two-term greedy ray path

Figure6.4: Comparisonof ShadingModels. Thefull raytree(a) requiress timesmoreray queries
thanour greedyray pathmodel(b).

one begginning with aninitial reflectionand the otherwith aninitial refraction. Thesepathsare
thenpropagatedintil they exit thelocal objectby selectinghe child ray having thegreatestresnel
coeficient.

Theresultis two termswhosesumapproximateshefull binarytree. Reflective objectsrequire
only asingletermbut usethe sameray propagatiorstratgy in casethelocal systemcontainsother
refractive objects.Figure6.4 compareshe quality of this approactwith afull ray treesimulation.

Our modelalsoincludesa simpletransparencattenuatiorfactor G, which modulategheray
color by a constantfor eachcolor channelraisedto a power dependingon the thicknessof glass
traversedbetweerinterfacegKay79. Theresultingmodelis

TFr Gr + RFrGpg

whererespectiely for therefractedandreflecteday paths:T andR areradianceslongexit ray, Fr
and Fr multiply the Fresneloeficientsalongthe path,andGr andG g multiply thetransparenc
attenuatioralongthe path(seeFigure6.5).

As apreprocessfor eachviewpoint sample we usea modifiedray tracerto computethe two
termsof this modelasseparatémages.We theninfer an EM that produceghe bestleast-squares
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refraction term reflection term result

Figure6.5: Two-term Modulated Shading

matchto bothtermssimultaneouslyTheresultis aviewpoint-dependergequencef inferredEMs.
Eachviewpoint's EM is layeredby sggmentingtheervironmentalgeometryinto aseriesof spherical
shells.

At run-time, we dynamicallytraceraysthrougheachvertex of the local geometryaccording
to our ray path modelto seewherethey exit the local systemand intersectthe EM shells. We
selectthe EM correspondingo the viewpoint closesto the currentview or blendbetweerthe two
closest. A separatgassis usedfor eachterm andthensummedin the framehuffer. The Fresnel
andtranspareng attenuatiorfactorsare accumulatedn-the-flyasthe pathis traced,andproduce
pervertex termsthat areinterpolatedover eachtriangleto modulatethe valueretrieved from the
EM. A betterresultcanbe achieved using1D texturesthattatulatehighly nonlinearfunctionssuch
asexponentiatiorfHei994.

While our currentsystemrmeglectsit, adiffusecomponentanbehandledasanadditionalview-
independendiffusetexture perobjectthatis summednto the result. Suchtexturescanbeinferred
to matchray tracedimagery asdiscussedn Chapter3.

6.3 Layered EnvironmentMaps

In Chapters, we introducedthe ideaof segmentingthe ervironmentinto local anddistantlayers,
andrepresenting@achlayerin aseparaternvironmentmap. In this sectionwe generaliz¢o multiple
environmentalshells,asillustratedin Figure6.6. A local lensobjectis associateavith a layered
EM perviewpointin which eachlayerconsistof a simple,texturedsurface.We usea nestedseries
of sphericakhellssharinga commonorigin for thegeometrybecausspheresreeasyto index and
visibility sort. Otherkinds of simplegeometrysuchasfinite cubescylinders,andellipsoids,may
be substitutedn casesvherethey moreaccuratelymatchthe actualgeometryof the environment.
A layer's texture is a 4-channeimagewith transpareng sothatwe canseethroughinner shells
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Figure6.6: Layered Environment Maps. We usea seriesof multiple layersto approximatehe

ervironment. Thenestedsphereshavn hereareoneexample. Thisprovidesabetterapproximation
thanasinglelayerandstill supportsefficient hardwareaccess.Layeringthe ervironmentreduces
conflictswheremultiple pointsin the ervironmentmapto anidenticalpoint on theimpostor The

resultof suchconflictsis blurrinessor ghostingin the reflectionsand refractions. Layering also
tendsto increasehecoherencén eachof thelayers,whichs usefulwhencompressingheresulting
texturedimpostors.Finally, layeringcanrepresenpartsof the ervironmentthatare occludedin a

particularview. Eachlayer’simageincludestransparencsothatwe canseethroughit whereit is

partially occupiedto moredistantlayers.

to outer oneswherethe inner geometryis absent. At run-time, we perform hybrid renderingto
computeoutgoingraysandwherethey intersecthelayeredEMs. We usethe“over” blendingmode
to compositethe layers L; in orderof increasingdistancebefore modulatingby the Fresneland
transparencattenuationerms,F' andG, via

(L1 overLy over ... overL,) F G

for eachtermin thetwo-termshadingmodel.

6.3.1 Compiling the Outgoing Rays

To build layeredEMs, theray tracercompilesa list of intersectionsvhich recordthe eventualout-
going rays exiting the local lens objectandwherethey hit the more distanternvironment. These
intersectionaregeneratedrom incomingraysoriginatingfrom a supersamplednageat a partic-
ularviewpointincludingbothtermsof the shadingmodel(reflectionandrefraction),eachof which
generateslifferentoutgoingrays(Figure6.7a).Betweenincomingandoutgoingrays,theray paths
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arepropagatedsingthemodelof Section6.2. Theintersectiorrecordalsostoregheimageposition
of theincomingray andcolor of the ervironmentat the outgoingray’s intersection.

To avoid disocclusiongn the environmentas the view changeswe modified the ray tracer
to continueraysthroughobjectsto reachoccludedgeometry For eachoutgoingray, we recordall
front-facingintersectionsvith ervironmentalgeometryalongtheray, notjustthefirst (Figure6.7c).
Oncethelayerpartitionsarecomputed Section6.3.2),we thendiscardall but thefirst intersection
of eachoutgoingray with that layer This allows reconstructiorof partsof the ervironmentin
a distantlayer that are occludedby a closerone. We also continueincoming raysin a similar
fashion(Figure6.7b)sothatoccludedoartsof thelensobjectstill generaténtersectiorrecords.For
example,we continueincomingraysthrougha cupto reacha glassteapotit occludes.

6.3.2 Building Layered EM Geometry

To speedrun-time performancewe seeka minimum numberof layers. But to approximatethe
environmentalgeometrywell, we mustuseenoughshellsandputthemin theright place.

We usethe LBG algorithm [Lin80] developedfor compressiorto build vector quantization
codebooksThedesiredhumberof layersis givenasinputandtheclusterorigin is computedasthe
centroidof thelocal object. The LBG algorithmis run overthelist of intersectionsglusteringbased
on distanceto this origin. This algorithm begins with an initial, randomset of clusterdistances
andassignseachintersectiono its closestcluster It thenrecomputeshe averagedistancen each
cluster anditeratesthe assignmenbf intersectiorto closestcluster lterationterminatesvhenno
intersection@rereassigned.

Whenpartitioninggeometryinto layers,partsof coherenbbjectsshouldnot be assignedo dif-
ferentlayers.This cancausdncorrecttearsin theobjects reflectedor refractedmage.Oursolution
assignswhole objectsonly to the single clusterhaving the mostintersectionrecordswith that ob-
ject. Theclusteringalgorithmshouldalsobe coherentacrosghe parameterizediewpoints. Thisis
accomplishedby clusteringwith respecto all viewpointssimultaneouslyFigure6.11shavs clus-
tering resultson anexamplescenen which our algorithmautomaticallysegmentsa glassteapots
ervironmentinto threelayers.

Layershellsare placedat the averagedistanceof intersectionsn the cluster where“continued
ray” intersectiong@rerepresentednly by their frontmostclustermember



CHAPTERG6. HYBRID RENDERING

local lens object

(a) Incoming/outgoing rays

(b) Incoming ray propagation

1--»
ropagated
outgomg ray

(c) Outgoing ray propagatlon

Figure6.7: Incoming/Outgoing Raysand Ray Propagation.
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6.3.2.1 Layer Quads

Oftenasphericakhellis only sparselyoccupied.In thatcaseto consere texture memorywe usea
simplequadrilateraimpostorfor this geometryratherthana sphericalone. To definethe impostor
guadrilateralyve canfind theleast-squarefit of aplaneto thelayer'sintersectiomoints.A simpler
but lessoptimal, schemeis to find the centroid of the layer’s intersectionpoints and definethe
normalof the planeasthedirectionfrom thelensobjectcenterto thecentroid. The planes extentis
determinedrom a rectangulaboundingbox aroundpointscomputedoy intersectinghe outgoing
rays associatedvith the layer’s intersectionrecordswith the impostorplane. One complication
is thatduring run-time, outgoingrays may travel away from the quads plane,failing to intersect
it. This resultsin an undefinedtexture accesdocation. We enforceintersectionfor suchraysby
subtractinghe componenbf theray directionnormalto theimpostorplane keepingthetangential
componenbut scalingit to bevery far from theimpostorcenter

Texture mapsfor sphericalshellsor quadsare computedusing the samemethod, described
below.

6.3.3 Inferring Layered EM Texture Maps

We usetheleast-squaresferenceapproactdescribedn Chaptel3, andapplyit in thesamemanner
asin Chapters. In particular whencomputingan EM the renderingmatrix is createdusingtest
renderingswith ernvironmentmappinginsteadof texture mapping.

As discussedh thelastchaptertherearetwo advantage®f thisinferencemethodoverasimple
projectionof the ervironmentonto a seriesof shells. By matchinga view-dependentay traced
image,it reproducewview-dependenshadingon reflectedor refractedobjects like areflective cup
seerthroughaglassteapot.lt alsoadjustghe EM to accounffor thegeometricerrorof approximat-
ing ernvironmentalobjectsassimplergeometrysuchasa sphericakhell. Theresultis betterfidelity
attheray tracedviewpoint samples.

We infer eachlayer of the layeredEM independentlybut simultaneouslyover both terms of
the shadingmodel (Figure 6.11). After performingthe layer clusteralgorithmon samplesfrom
a supersampledmnage, eachlayer’s samplesare recombinednto a single image and filtered to
displayresolutionto form two imagesbg and by, correspondingo the two termsof the shading
model.Only asingleimageis neededor reflectve objects. Thesemageshave four channels- the
alphachannekencodeghefraction of supersampledaysthrougha given pixel whoseoutgoingray
hit environmentalgeometryin thatlayer, while the rgb channelsstorethe color of the ervironment
intersectedby thoseoutgoingrays. We infer thetwo renderingmnatrices, Az and A, corresponding
respectrely to hybrid rendering(Section6.4) with aninitial reflectionor refraction. We thenfind
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theleast-squaresolutionto

ARiL‘ = bR
Arz = bp (6.1)

to producea single EM for the layer, z, matchingboth terms. Figure 6.11 shavs an exampleof
theseb termsandresultinginferredEM, z, for eachof threelayers.

It is possiblefor theray tracerto generatavidely diverging rayswhensamplinga singleoutput
pixel, causingnoisein the ervironmentmap solution. We thereforemodified the ray tracerto
generatea confidenceimage. The perpixel confidencevalue is computedas a function of the
maximumanglebetweerthe directionsof all ray pairs contrikuting to the particularpixel. More
preciselywe usetheformula

1 — min(6Z,,62)/6>

wheref,,, isthemaximumanglebetweerray pairsandf, = 5° is anangularthreshold We multiply
the confidencemagewith bothsidesof Equation(6.1) prior to solvingfor x.

To consere texture memory it is beneficialto sharemoredistantEM layersbetweerocal lens
objects.To do this, we canaddmoreequationgo thelinearsystem(6.1) correspondingo multiple
lensobjectsandsimultaneoushsolvingfor asingleEM z.

As obseredin Chaptels, choosingheproperEM resolutionis importantto presere frequeny
contentin the imagedervironment. A very conserative approachgeneratedest renderingsto
determineghe mostdetailedEM MIPMAP level actuallyaccessethy the graphicssystem.Texture
memorybandwidthandcapacitylimitations may dictatethe useof lower resolutions.

6.3.3.1 SimultaneousinferenceOver Multiple Viewpoints

A difficulty with this inferencetechniques thatthelensobjectscanfail to imageall of its environ-
ment. For example,aflat mirror doesnotimagegeometrybehindit anda speculafragmentmages
only asmallpartof its ervironmentfrom a particularviewpoint. Thesemissingportionscanappear
in aview nearbut not exactly at the pre-renderediewpoint. We solwe this problemby inferring
EMs thatsimultaneouslymatchray tracedimagesfrom multiple views. The views canbe selected
asa uniform samplingof a desiredviewspacecenteredht the viewpoint sample.

To computesimultaneoussiewpoint inference,outgoingrays are compiledfor eachof these
multiple viewpoints. A singleEM layer, z, is theninferredasa least-squaresimultaneousnatch
atall viewpoints,usingthe systemof equationg6.1) for eachviewpoint. Althoughthis blursview-
dependenshadingin the ervironment,goodresultsareachiered if the setof viewpointsmatched
aresufficiently close.
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Figure6.8: Adaptive TessellationVisualization.

An alternatve methodto fill in the missingportionsin the ervironmentmapis to infer it using
extraraysin additionto the onesthatexit the lensobject. Theseadditionalrayscanbetakenfrom
theobjectcenterasin traditionalervironmentmaps.They canalsobetakenfrom theviewpoint, but
looking directly at the ervironment(i.e., without the lens object),to approximateview-dependent
shadingin the environment. Direct imagesfrom the lens object centertend to work betterfor
reflectve objectswhile directimagedrom theviewpointarebettersuitedfor refractve (transparent)
objects.

We usethe confidence-weightedeast-squaresolution methodin (6.1), but solve simultane-
ouslyacrossmagesof thelensobjectfrom the viewpoint asbefore(lensobjectimages, combined
with directimagesof the ervironmentwithout the lensobject(directimages. In thesedirectim-
ages,perpixel confidenceis computedas a function of the likelihood that the pixel represents
missingportion of the erwvironment. We computethis via distanceof the directimageray’s inter
sectionwith its closestpoint in the intersectionrecordsof the lensobjectimages. The advantage
of usingdirectimagesis thatit is possibleto fill in the missingportionsof the ervironmentwith a
fixed,smallnumberof extraimages(typically 6 whenrenderingfrom the objectcenter) regardless
of thesizeof the viewspacearounda viewpoint sample.

6.4 Hybrid Rendering

6.4.1 Adaptive Tessellation

Performingray tracingonly at lensobjectverticescanmissimportantray pathchangesccurring
betweensamples producingvery different outgoing rays even at different verticesof the same
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triangle.Our solutionis to performadaptve tessellatioronthelensobjectbasedntwo criteria: the
ray path“topology” anda thresholddistancebetweeroutgoingrays. Usingtopology ray pathsare
consideredifferentif their pathlengthsaredifferent, or the maximumcoeficient at an interface
changedetweerreflectionandrefraction. Using outgoingray distance they are differentif the
anglebetweertheir directionsis morethan3°. Figure6.8illustratesadaptve tessellatiorusingan
exampleimageshadedlarker with increasingsubdvision level. Placesvhereraysgothroughmore
interfacesor wherethe surfaceis highly curved requiremoresampling.

Whenthe ray pathsat a triangles verticesare too different, the triangle is subdvided at the
midpointsof eachof its edgesin a 1-to-4 subdvision, andthe metric is recursvely applied. The
processs continueduntil thethreeray pathsarenolongerdifferentor thetriangles screen-projected
edgedengthsarelessthanathreshold;. We alsoallow 1-to-3andl1-to-2subdvisionin caseswhere
someof the triangle edgesare alreadysmall enough(seeFigure 6.9). We adaptthe tessellation
simultaneouslyfor both termsof the shadingmodel, subdviding a triangle if eitherray pathis
consideredlifferent. We ignoredifferencesn subdvision betweemeighboringriangles fixing the
resulting“t-junction” tessellatiorasa postprocessA hashtableon edgegvertex pairs)returnsthe
edgemidpointif it hasalreadybeencomputedrom amorehighly subdvided neighboringriangle.
Recursie queryingyieldsall verticesalongtheedge.

Givenall the boundaryvertices,it is simpleto computea triangulartessellatiorthat avoids t-
junctions.Thehashtableis alsousedto quickly determinewvhetheratrianglevertex ray hasalready
beencomputedthusavoiding redundantay queries.

To avoid unnecessargay tracingandtessellationin occludedegions,we computevhethereach
vertex is directly visible from the viewpoint usinga ray query If all threeverticesof atriangleare
occludedwe do not subdvide the trianglefurther, but still computecorrecttexture coordinategor
its verticesvia ray tracingin casesomepart of its interior is visible. Anotheroptimizationis to
avoid ray tracingat verticeswhosetrianglesareall backfcing. Usinga passthroughthe faceswe
mark eachtriangles verticesas“to beray traced”if thetriangleis front-facing; unmarled vertices
arenotraytraced.

6.4.2 Multipass Renderingwith Layered EM Indexing

Assumingwe have arefractive objectwith n layersin its EM, we performn passesor its refractive
term,andn passedor theits reflective term. We multiply eachtermby the F' G functioninterpo-
lated by the graphicshardware acrosseachtriangle. The texture index for eachterm/layerpassis
generatedy intersectingthe outgoingray with the layer’s geometricimpostor suchasa sphere.
Takingthis point of intersectiorandsubtractinghe EM origin point yields a vectorthatformsthe
hardwareEM index, recordedwith the vertex. As in Chapters, we usea hardware-supportedube
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(a) Original mesh (b) Adaptive tessellation (c) T-junctions removed

Figure6.9: Adaptive Tessellationand T-junction removal. The original mesh,(a), is adaptvely
subdvidedwhenray pathsattheverticesaresuficiently different,(b). Theresultingt-junctionsare
removed by additionaltessellatiorof adjacentriangles,(c), illustratedwith dottedlines,to form a
triangulartessellation.

map sphericalparameterizationvhich doesnt requirenormalizationof this vector Note thatthe
textureindiceschangeperlayersincethedistanceso the EM spherearedifferentandthe outgoing
raysdo notemanatdrom the EM origin.

Whenrenderingfrom a viewpoint away from a pre-renderedample,a smoothermresultis ob-
tainedby interpolatingoetweernhetwo closeswiewpoints. Thus,we performdn passes2n for each
viewpoint,blendedoy therelative distancdo eachviewpoint. Raytracing,adaptve tessellationand
texture coordinatecomputationare performedjust onceper frame. Raytracingis performedwith
respecto theactualviewpoint, not from the adjacenwiewpoint samples.

Eachlayeris computedn a separatgassbecausef texture pipelinelimitationsin the current
graphicssystem(Microsoft Direct3D 7.0 runningon an Nvidia GeForcegraphicsaccelerator).To
begin the seriesof compositingopassedor the secondf thetwo summedshadingterms,the frame-
buffer's alphachannemustbecleared.Thisis accomplishedby renderinga polygonthatmultiplies
the framehuffer’s rgb valuesby 1 andits alphaby 0. We thenrenderits layersfrom front to back,
which sumesits contritution to theresultof thefirst term’s passesWith theadwentof programmable
shadingin inexpensve PC graphicshardware andthe ability to do four simultaneougexture ac-
cessesn eachpass,it will be possibleto reducethose4n passego n andavoid the alphaclear
step.
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6.5 Results

We testeda scenecontaininga glassteapot,a reflectve cup, a ring of columns,anddistantwalls.
EMs were parameterizetby viewpointscircling aroundthe teapotin 8° increments.We inferred
EMs from 5 viewpoints simultaneouslyuniformly distributedin a 7° rangeabove andbelov the
viewpoint plane. The scenecontainstwo lens objects,a teapotand cup; we usedour clustering
algorithmto select3 EM layersfor theteapotand2 for thecup. A quadrilateraimpostorwasused
for thesparsely-occupiedupenvironmentalayerof theteapot(Figure6.11,top),acylindrical shell
for the columnservironmentallayer of the teapot(Figure6.11, middle), andsphericalshellswere
usedfor all otherlayers.We alsotried a solutionthatwasconstrainedo a singleEM layerfor each
lensobject,still usingthe clusteringalgorithmto determineplacemenbf thesingleshell.

Figure 6.12 compareghe quality of our resultsfor two novel views: onein the planeof the
circle of viewpoints(a), andoneabove this plane(b). Using multiple EM layers,we achieze qual-
ity comparabldo the ray tracer Reconstructiorusinga singlelayeris noticeablyblurry because
of conflictswheredifferentpointsin the environmentmapto identicalonesin the sphericalshell
approximation.Moreover, the interactve renderingresultsfor the singlelayer solutionshawv sig-
nificant “popping” when switching betweenviewpoint samples. The multi-layer solution better
approximatesheervironment,providing smoothtransitionsbetweerviewpoints.

Togetherwe call themethodof ray continuatiorto reachoccludedyeometryfrom Section6.3.1,
andthe simultaneousolutionacrossmultiple viewpointsfrom Section6.3.3,EM disocclusiomre-
vention Figure6.10shaws the effectivenesof thesemethodsn eliminatingenvironmentaldisoc-
clusionswhich would be obvious otherwise.

| | 7=3 | 7=5 | 7=10 |
Raytracingat vertices 13.48 7.82 4.40
Texture coordinateggeneration 0.71 0.38 0.21
Tessellation 2.11 0.83 0.26
Other(includingrendering) 2.57 1.45 0.87
Totalframetime 18.87 10.48 5.74
Time reductionfactor 254 45.8 83.6
Raycount 1,023,876 | 570,481 | 298,684
Rayreductionfactor 6 10.8 20.6
Triangleintersectiortests 11,878,133| 6,543,993| 3,603,034
Intersectiorreductionfactor 14.2 25.7 46.7

Table6.1: Hybrid RenderingRuntimePerformance

To measureperformancewe tried threedifferentadaptve subdvision thresholdsof + = 3,
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(a) Without prevention (b) With prevention

Figure6.10: EM Disocclusion.

7 = 5 andrT = 10 (measuredn subpiels)in a3 x 3 subsampled40 x 480 resolutionrendering
(seeTable6.1). Performancevasmeasuredn secondson a 1080MHzAMD Athlon with Nvidia
GeForcegraphicscard; reductionfactorsarewith respecto ray tracingwithout hybrid rendering.
For comparisontheray tracerrequired480secondgso rendereachframe,using6,153,735aysand
168,313,768riangleintersectiortests. The versionwith 7 = 3 is shavn in Figure6.12;thethree
versionsarecomparedn Figure6.13. Thefasterr = 5 achievesgoodquality but suffersfrom some
artifactswhenanimated. The differenceis discerniblein the still imagein Figure6.12 asslightly
increasechoisealongedgessuchasthe bottomof the teapotand wherethe spoutjoins the body
At 7 = 10 with approximatelyanotherfactorof 2 reductionin renderingtime, the edgesbecome
jaggedbecaus@ef coarseessellationresultingin low quality: As we relaxtheadaptve subdvision
threshold the artifactsarefirst seenalongedgesecausehatis whereray pathchangesarelikely
to occur

Hybrid renderingvas25-84timesfasterthanauniformly-sampledaytracing,thoughbothused
identicalray castingcodeandthe greedyray pathshadingmodel. (Usingafull treeshadingmodel
wouldincuranadditionalfactorof 5.) Thisis notentirelyaccountedor by thereductionof roughly
afactorof 6-21in ray queriesor 14-47in triangleintersectiorntestsobtainedby hybrid rendering.
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Thereasorfor our increasederformances the increasedocality we achiere by ray tracingonly
throughthelensobjects geometryandthe hardwareacceleratiorof texture mapaccessAlthough
adaptve samplingreducedriangle intersectiontestsand ray queriesby roughly the samefactor
triangleintersectiontests(which includeray missesaswell asactualintersectionsprereducedoy
anadditionalfactorbecauséehe ervironmentis approximatedvith simplesphericakhells.

Thoughour performancdalls shortof real-time,significantopportunityremainsboth to opti-
mize the softwareandparameterglik e theinitial lensobjects tessellation)andto tradeof greater
approximatiorerrorfor higherspeed We notethatmorecomplicatecervironmentalgeometrywill
increasehe benefitof our useof approximatingshells. To speedup ray tracing,it may be adwan-
tageoudo exploit spatialandtemporalcoherencepossiblycombinedwith the useof higherorder
surfacesratherthanmemory-ineficient polygonaltessellationsin ary case we believe thatfuture
improvementto CPU speedsaindespeciallysupportfor ray tracingin graphicshardwarewill make
this approachdealfor real-timerenderingof realisticshiry andglassobjects.

6.5.1 Resultsfor Offline Rendering Acceleration

Onepossiblealternatve applicationof hybrid renderingis in speedingup the offline renderingof
realisticanimations.Hybrid renderingcould be usedto interpolatebetweerray tracedkey frames
at which view-dependentayeredenvironmentmapsare inferred. Table 6.2 compareghe costof
standardray-tracingof an example500 frame animationsequencavith onethat useshybrid ren-
dering. In makingthis comparisonwe accountfor all the costsof hybrid rendering,includingthe

\ | Singleframe | Sequencemultiplier | 500frames |

| Standarday-tracing | 8min. | 500frames | 4000min. |
Ray-tracingwith incoming/outgoing 25min. 7 key framesx 875min.
ray propagation 5 viewpoints
Inferring environmentmaps 60 min. 7 key frames 420min.
simultaneouslyrom 5 viewpoints
Hybrid renderingruntime 19sec. 500frames 160min.
Totaltime for hybrid rendering 1455min.
Time reductionfactor 2.7

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

pre-processingosts.In particular thereis the addedcostof incoming/outgoingay propagatiorat
theray-traceckey frames,the costof performingray-tracingat multiple viewpointsperkey frame
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to handledisocclusiong5 viewpoints/ley framein our example),andthe costof inferring erviron-
mentmapsat eachkey frame. We assume? key framesare neededor hybrid renderingbasedon
our experiencein faithfully reproducingthe entire 500 frame animation. In this comparisonwe
find that hybrid renderingis 2.7 timesfasterthan standardray-tracingusingthe samegreedyray
pathshadingmodel. We concludethatusinghybrid renderingto acceleratehe offline renderingof
realisticanimationds a promisingareafor furtherstudy
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(cup)

(wa?ls)

Layer Reflection termb,, Refraction termb, Inferred EMx from both terms

Figure6.11: Layered EMs inferr ed at a viewpoint samplefor a glassteapot (threelayers). A
guadrilateralvasusedfor thel  layer, acylindrical shellfor Ly, andasphericakhellfor L3. Shells
are parameterizetyy a six-facedcubemap. Entire MIPMAPs areinferred; only the finestlevel is

shawn.
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4

(b) Above viewpoint samples

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

Figure6.12: Hybrid rendering results. Theright two columnsweregeneratedy a PC graphics
card.
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(a) Ray-Traced (480 sec/frame)

(c) Hybridtau=5 (10.5 sec/frame) (d) Hybrid tau = 10 (5.7 sec/frame)

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



Chapter 7

Conclusion

7.1 Summary and Conclusions

Applicationslike entertainmenthuman-computeinterfaces scientificvisualization,andengineer
ing have increasinglyrequiredmore accuratesimulation of physicalprocesseghat are visually
perceptible Physicalsimulationmethodsareby naturecomputationallyintensie, andsuitableonly
for offline rendering.At the sametime, interactve graphicshardwarethatis optimizedfor render
ing texture-mappe@D geometryhascontinuedio getcheaperandfaster However, suchhardware,
basednthestandardenderingpipeling is inherentlyinadequatdor simulatingall the effectsthat
we mightwantin aninteractve rendering suchasindirectlighting with reflectionsyefractionsand
shadwvs. In our work, we have strived to bridgethe gapbetweenrealisticimagesynthesigech-
niguesand interactive renderingwith the traditionalgraphicspipeline. We proposeda three-step
modelfor achieving this goal. In thefirst step,we parameterizéhe multi-dimensionakpace and
renderthe imagescomposingthe spaceusing a high-quality offline renderer In the secondstep,
we compresghe parameterizedmagespaceefficiently by encodingthe imagesin termsof prim-
itives supportedby the graphicspipeline and exploiting multi-dimensionalcoherence.Finally, in
thethird step,we treatgraphicshardwareasa decoderandtake full advantageof its fastrendering
capabilitiesto reconstructhe original high-qualityimages.

Texture Inferenceby InverseRendering

The drasticimprovementsin performanceand costof the graphicspipelinein recentyearshas
enablednexpensve PCgraphicshardwareto performflexible andfasttexturemappingof polygons.
We exploit this texture mappingcapabilitythroughoutthis thesisby transformingthe high-quality
offline renderedmagesdnto analternatve representatiowith textureandervironmentmaps.When
performingan inverse renderingcorversionof this kind, it canbe challengingto presere fidelity

108
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to the original images.We have developeda novel methodfor texture inferenceto bestmatchthe
graphicshardwarerenderingto theinputray-tracedmagery

Our inferenceapproachis basedon the obseration that a texture pixel contributesto zeroor
moredisplay pixels. Neglectinghardware quantizationeffects, a texel thatis twice asbright con-
tributestwice as much. Hardware renderingcanthus be modeledas a linear system,called the
renderingmatrix, mappingtexels to display pixels. To find the renderingmatrix, we performtest
rendering®nthegraphicshardwarethatisolateeachtexel’s displaycontritution. Giventherender
ing matrix, A, we thenfind the least-squarebesttexture, z, which whenappliedmatcheghe ray
tracersimage,b. Thisresultsin thelinearsystemAx = b.

We comparedur texture inferencemethodwith two alternatve approachesa “forward map-
ping” methodin which texture samplesare mappedto the objects imagelayer andinterpolated
usinga high-qualityfilter, anda methodthat obviatesthe needfor anintermediatemagerepresen-
tation by renderingdirectly into textures. We find thatthesealternatve methodsproducea blurry
andinaccurateresultbecausehey do not accountfor how graphicshardwarefilters the textures.
In comparisonpur least-squaresptimizationmethodachieresa 2.4-3.4dB improvementin peak
signalto noiseratio whenrenderingwith an anisotropicfiltering modelin hardware. In addition,
a major benefitof our optimizationapproachs thatwe canplaceadditionalconstraintson the so-
lution. In particular we usea pyramidalregularizationtermto ensuresmoothnes theresulting
texture image,evenin regionsof the texture thatarenot used. Finally, it is worth mentioningthat
our least-squaretexture inferenceapproactgeneralizegasilyto ervironmentmaps.Ervironment
mapsare inherentlymore difficult to solve for than texture mapsbecause one-to-onemapping
betweerthe objectsurfaceandthetextureimagecannotbeguaranteednderall viewing conditions
aswith texture maps. In our solution,we apply the samemethodfor inferring ervironmentmaps
aswe do for texture maps,with the only differencebeingthatthe renderingmatrixis createdusing
testrenderingwith environmentmappinginsteadof texture mapping.

Onemay askwhatis the “asymptotic”value of our inverserenderingapproachasgraphicsfil-
tering hardwareimprovesin the future. Beforeansweringthis guestion we notethat high quality
filtering will alwaysbea challengdor graphicshardwarebecaus®f thelarge kernelsupportthata
high quality filter would entail. Currenthardwarerelieson pre-filteredVIIPMAP pyramids[Wil83],
andis capableof performingeitherisotropictrilinear filtering or anisotropicfiltering with limited
anisotroy factors.Assuminghigh-qualitytexturefiltering is free,we expectthatasgraphicdfilter-
ing hardware become<loserto ideal, the approachof renderingdirectly into texture mapswould
becomemore competitive with our inversefitting approach.However, from a pre-processingffi-
cieng/ standpointrenderingnto imageswith theaccompawing inverserenderingstepwill in most
casesdhe measurabljfesscostly thanrenderingdirectly into textures. We are primarily interested
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in the final imagethatappearson the screen.Renderingnto imageshasthe adwantageof placing
samplesvherethey contritute the mostto imagequality, andsowe canachiere equivalentimage
guality to renderingdirectly into texture mapswith a fewer total numberof samples.

Anotherrelatedquestioris whatis thevalueof highly optimizedinverserenderingf atrun-time
we maove away from theexactimagesamplesvhereinversefitting is performed Moving away from
pre-renderediiewpointsinherentlyreduceshe usefulnes®f our inversefitting approachbecause
inversefitting only compensatefor the hardwarefilter modelattheexactviewpoint samplesvhere
we matchto the input ray-tracedimagery Still, we canimagine applicationswherewe always
stay at the pre-renderegamples.Finally, asan answerto both questionswe have raisedabove,
we believe thataninversefitting methodwill alwaysbe neededo extracttexturesfrom imagesin
situationswherewe do not have accesgo theinnerworkingsof the systemgeneratingheimagery
Note that mosthigh quality rendererdn existencetoday produceimagesas output, not textures.
Ideally, we would like our overall systemto be ableto robustly work with ary high-qualityimage
rendererwithout requiringary modificationsto therenderingcode.Inferring texturesfrom images
independentlyof the renderingsystemusedto producethe imagesis thus a significantbenefit.
Althoughwe have focussedn syntheticimagerythroughoutthis thesis,we canalsoimagineour
inverserenderingapproachoeingappliedto real-world imagescapturedusingreal camerasvhen
combinedwith computervisiontechniquedor inferring objectgeometry

Parameterized Texture Compression

Inferring a separateéexture mapfor anobjectat eachpointin theimagespaceesultsin aparam-
eterizedexture. In ourwork on compressingparameterizetextures,we exploit coherencéetween
textureimagesthroughthe useof anadaptve Laplacianpyramid. The adaptve natureof this pyra-
mid recognizeghatnot all parameterin animagespaceareequallycoherentasis oftenassumed
in imagecoders We alsoexploit coherencehatis presentvithin a singletextureimagethroughthe
useof standard®D compressiomethodsuchasJPEGandwavelet-base@&PIHT encoding.To en-
hancecompressionyve separatehe diffuseandspeculatighting layers.We alsoemplgy automatic
bit allocationmethod€rom signalcompressionio allocatestorageacrosdevelswithin a Laplacian
pyramid, acrosdighting layers,andacrossobjects. While alternatve compressiorschemegould
have beenusedto compresghe parameterizetextures,we pickedthe Laplacianpyramidapproach
becausét avoids processindarge fractionsof the representatioto decodea giventextureimage,
thusenablingfastdecodingat run-time.

Image-basedendering(IBR) and othertechniquesompresimagesof views We compress

texturesinstead.Therearethreebenefitsto compressingparameterizetiexturesinsteadof param-
eterizedimagesproducedby the high-qualityrenderer First, encodinga separatdexture mapfor
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eachobjectbettercapturesdts coherencecrosshe parametespacendependenthyf wherein the
imageit appearsThisis especiallythe casefor diffusely shadedbjects.Secondpbjectsilhouettes
arecorrectlyrenderedrom actualgeometry Becauséhesilhouettesarenotencodedn imageform,
they suffer fewer compressiorartifacts.Finally, we canmove theviewpoint away from theoriginal
parametesampleswvithout revealinggeometriadisocclusions.

Resultsfor parameterizetiexturesshav that quite goodquality canbe achieved ata compres-
sion factorof 384:1andreasonableuality at 768:1. Unlike previous work in multi-dimensional
IBR, we alsoshaw our methoddo besuperiorto a stateof theartimagesequenceoderappliedto a
sensiblecollapseof the spacanto 1D. Specifically comparingMPEG4encodingof parameterized
imagesat 355:1with adaptve Laplacianencodingof parameterizedexturesat 379:1,we achiere
betterperceptuabuality, 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 summarywe have demonstrated completesystenthatachieveshigh quality
renderingof parameterizetinagespacestcompressiomatiosupto 800:1with interactie playback
on currentconsumegraphicscards.

GeneralizedMulti-dimensional Image Spaces

Onenovel aspectof our work is that we generalizeo imagespaceswith arbitrary parameters,
notjustviewpointor time. We arefreeto parameteriz¢heradianceield basedn time, positionof
lights or viewpoint, surfacereflectancepropertiespbjectpositions,or ary otherdegreesof freedom
in the sceneresultingin an arbitrary-dimensionaparameterizedmage space. To compile such
spacesanimageat eachpointin the parametespacanustberenderedsocompilationis exponen-
tial in dimension.We believe our compilationapproachs goodfor spacesn which all but oneor
two dimensionsare“secondary”;i.e., having relatively few samples.Examplesnclude viewpoint
movementalonga 1D trajectorywith limited side-to-sidanovement,viewpoint changesith lim-
ited, periodicmotionof somescenecomponentspr time or viewpoint changesoupledwith limited
changedo thelighting ervironment.

Parameterized Environment Maps

Oneof thedravbacksof capturingshadingeffectsasparameterizetkxture maps(PTMs)is that
we get a pastedon look for reflective objectswhenwe move our viewpoint away from the pre-
renderedriews. Traditionalervironmentmapshave beendevelopedin graphicgor handlingreflec-
tive objects,but fail to capturelocal reflectionsincluding effectslik e self-reflectionsand parallax
in thereflectedmagery Image-basedendering(IBR) methodgalulatethe 4D radiancefield, and
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canthusaccountfor all effects. However, for highly reflective surfacesit is not clearwhetherthe
requiredsamplingdensityof views (for view-basedBR) or of emittedradianceper surfacepoint
(for surface-basedBR) is practicalbecausef the amountof storagethatwould be entailed. We
proposeparameterizinggervironmentmapsinsteadof texture mapsto supportplausiblemovement
away from andbetweerthe pre-renderediewpoint samplesvhile maintaininglocal reflections.

Our parameterize@nvironmentmap (PEM) representatioiis layered,parameterizethy view-
point, andinferredto matchray-tracedmagery We computeervironmentmaptexture coordinates
by intersectingrayswith simple geometrythat approximateghe actualgeometryin the environ-
ment. Thisis in contrasto PTMswherethetexture coordinatesrestatic. Layeringallows different
ervironmentmapgeometrieso beusedto betterapproximateeachlayer, andalsosupportgarallax
betweenlayers. Parameterizingervironmentmapsby viewpoint hastwo benefits. First, we can
captureview-dependenshadingin the ervironment. Secondwe canaccountfor geometricerror
causedby approximatinghe environmentwith simplergeometry We computeenvironmentmaps
by inferringthemto matcharaytracedmageratherthanby renderingrom theobjectcenter Doing
this at eachviewpoint, we obtaina goodmatchthatcompensatefor geometricerror

PEMSs provide a faithful approximationto ray-tracedimagesat pre-renderediiewpoint sam-
ples and the ability to plausibly move away from thosesamplesusing real-time graphicshard-
ware. Specifically we have demonstratedesultsfor highly speculamirror-like local reflections
andshavedthatthe samemethodcanbe usedfor glossyobjects.Furthermorethis representation
is easily supportedn present-daygraphicshardware, and hasthe desirablepropertyof requiring
only spatiallycohereninemoryaccesses.

Hybrid Rendering

To handlerefractive objectsaway from the pre-renderediews, we developedhybrid rendering.
Hybrid renderingcombinegay tracing,which simulatescomplicateday bouncingoff local geom-
etry, with ervironmentmapswhich capturehe moredistantgeometry This exploits the hardwares
ability to accessandresampleexture mapsto reducethe numberof ray castsand considerthem
in amemory-coherendrder By inferring layeredEMs parameterizedby viewpoint, we presere
view-dependenshadingand parallaxeffectsin the ervironmentwithout performingunaccelerated
ray castghroughits complicatedyeometry To limit local ray-tracingcomputationwe useagreedy
ray pathshadingmodelthat prunesthe binaryray treegeneratedy refractive objectsto form just
two ray paths.We alsorestrictray queriesto triangle vertices,but performadaptve tessellatiorto
shootadditionalrayswhereneighboringray pathsdiffer sufficiently. With thesetechniquesye ob-
tainarealisticsimulationof highly speculareflectve andrefractive objects.As for highly reflective
objects,we expectimage-basedenderingmethodsto be impracticalfor highly refractive objects
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becausef the amountof storagethat would be entailed. Anotherbenefitof hybrid renderingis
that self-reflectionsare handledby ray tracingthe local geometryratherthanrepresentingt asa
parameterizedrvironmentmap,andsogoodresultsareachiezedwith asmuchastentimessparser
samplingof environmentmaps.

Hybrid renderingvas25-84timesfasterthana uniformly-sampleday tracing.Both usediden-
tical ray castingcodeandthe greedyray pathshadingmodel. Neverthelesshybrid renderingper
formancefalls shortof real-time,with resultsdemonstrateat 5-20 secondper frame. We believe
significantopportunityremainsbothto optimizethesoftwareandparametersandto tradeof greater
approximatiorerrorfor higherspeed We notethatmorecomplicatedervironmentalgeometrywill
increaseahe benefitof our useof approximatingshells. To speedup ray tracing, it may be adwan-
tageoudo exploit spatialandtemporalcoherencepossiblycombinedwith the useof higherorder
surfacesratherthanmemory-ineficient polygonaltessellationsin ary case we believe thatfuture
improvementto CPU speedsindespeciallysupportfor ray tracingin graphicshardwarewill make
this approachidealfor real-timerenderingof realisticshiny andglassobjects.

With hybrid rendering,we have introducedthe ideaof combiningray-tracingwith traditional
graphicshardware. This is typically not donebecausehe cost of ray-tracingcan be high and
unpredictablérom onescreerpixel to the next. The majorbenefitof this work is to make the cost
of ray tracinglow andpredictablewithout sacrificingquality. Lower cost,but probablynot higher
predictability resultsfrom our adaptve ray tracingalgorithm. Two of our othertechnique€nhance
both. We avoid large variationsin the ray tree of refractive objectsfrom one pixel to the next by
substitutingtwo ray paths. We also substitutea fixed setof simple shellsfor arbitrarily comple
environmentalgeometry

Futur e Implications

Whengraphicshardwareimproves,perhapsy moving awvay from traditionalZ-buffer rendering
toward supportfor ray-tracing,it is interestingto ask what contritutionsin our work will likely
remainimportant. The texture mappingand programmableshadingpartsof the existing graphics
pipelinearelikely to remainimportantprimitivesin ary future graphicshardware. We believe that
texture mappingis fundamentabecauseét efficiently encodessignalson surfacesasrectangular
imagesandallows differentsamplingratesfor differentsignalswith acommon(u, v) parameteri-
zation.In addition,evenwith ray-tracinghardware,therewill beaneedto reducecompleity sothat
therenderingcanbedonein real-time. Takingadwantageof texturemapping.ervironmentmapping,
andprogrammableshadingcapabilities,aswe have donein our work, is likely to be instrumental
for improving memorycoherenceandmanagingcompleity onfuturegraphicshardware.
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Choiceof Texture Parameterizations

In ourwork, we have choserto exploit two specifickindsof texture parameterizationsziewpoint-
independen{u,v) coordinateger vertex on eachmesh,and view-dependen{u, v) coordinates
computeddy intersectingoutgoingrayswith simplegeometridmpostors While thesearecertainly
not the only parameterizationthat one canimagine,we believe our choicesof parameterizations
have desirablecompressiomndinteractie renderingcharacteristicsFor example,onewell-knovn
parameterizatiothat we did not utilize is a view-dependentexture parameterizatiomvhereview-
basedmagesare projectively mappedonto objectsurfaces. One adwantageof projective textures
over traditionalonesis thatthey reducethe numberof imagesamplingpassesprojective textures
requirejust onesamplingpassfor projection,whereadraditionaltexturesinvolve a samplingpass
for inverserenderingand anotherfor texture filtering. Neverthelesswe believe our “intrinsic”
texture parameterizationg.e., viewpoint-independenfu,v) coordinategervertex) aresuperiorto
view-basedonesfor capturingthe view-independentighting in a single texture map ratherthan
a collectionof views to obtainbettercompression.Additionally, disocclusionsare handledwith-
out encodingwhich polygonsarevisible in which views or gatheringpolygonscorrespondingo
differentviews in separat@asseskor reflective andrefractive objects;t is advantageouso useen-
vironmentmapparameterizationgith simplegeometridmpostorsapproximatingactualgeometry
in the ervironment. Predictinghow reflectionsandrefractionsmove asthe view changesnables
plausiblemovementaway from the pre-renderediews.

Summary

In summarywe provide photorealisticenderingof multi-dimensionaparameterizednagespaces.
A distinguishingcharacteristioof our work is that we generalizeto image spaceswith arbitrary
parametersnot just radiancefields parameterizedby viewpoint asin image-basedendering,or
animationghroughl1D time asin movies. We computetexture mapsby inverserenderingfrom of-
fline ray-tracedmagery The parameterizetexturesarecompressedxploiting multi-dimensional
coherenceandcanbe quickly decodedor real-timeplaybackon graphicshardware. With param-
eterizedervironmentmapsandhybrid renderingwe allow for plausiblemovementaway from the
original sampledor highly speculareflectve andrefractve objectsthatwould beimpracticalwith
light field basednethods.

Our overall approachattemptsto bridgethe gapbetweenthe higherquality achievable offline
andwhatcanbedonein real-time.It is reasonabl#o assumehattherewill alwaysbeadifferencen
quality betweerthesetwo modesof rendering.We thereforeexpectthatinversefitting to primitives
supportedn real-timegraphicshardwarewill remainanimportantproblem.
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7.2 Recommendationdor Graphics Hardware

Oneimpedimentin our systemto real-timeplaybackis the meageisupportfor texture decodingin
graphicshardware. This bottleneckcanbe overcomeby absorbingsomeof the decodingfunction-
ality into the hardware. Indeed we expectthe ability to load highly compressetexturesdirectly to
hardwarein the nearfuture.

If we assumehattexturesarestoredin uncompressetbrm in systemmemory(i.e. no texture
decompressiois needed)dowvnloadingtexturesinto hardwarememorybecomeghe performance
bottleneck.Two waysto alleviate this bottleneckare highersystembus bandwidthandtransferof
compressedexturesacrossthe bus ratherthanraw images. A further enhancementvould be to
load compressegarametedependentexture block pyramidsdirectly to hardware. By exploiting
coherencebetweentexture imagesin a single block, the bus bandwidthrequirementsvould be
reduced.Supportfor parametedependentexture blocksin the applicationprogrammingnterface
(API) would malke this performanceptimizationpossible.

When splitting an objects lighting layersinto specularand diffuse terms, it is necessaryo
compresggammacorrectedtexturesfor the individual terms. This is becausegammacorrection
of thefinal imagemagnifiescompressiorerrorsin the dark regions. Oneconsequencef gamma
correctingthe individual texturesis thatthey mustbe inversegammacorrectedprior to summing
the two termsin the graphicshardware, whereall imageoperationgnustbe performedin linear
space.We notethatthe inversegammafunction employed, aswell asgammacorrectionat higher
precisionthanthe 8-bit frametuffer result,is a usefulcompaniorto hardwaredecompression.

Factoring surface reflectancefrom incident radiancein our parameterizegrvironmentmap
representations problematicon currenthardware with fixed point 8-bit texture arithmetic; it is
difficult to fit the dynamicrangeneededdy theincidentspeculadayer[Deb98l. We clip samples
thataretoo bright, sometimesgesultingin artificially dimmedhighlights. Solvingthis problemwill
requiremoredynamicrangein texture processingperhapsisingafloating pointrepresentation.

Finally, we would like hardware acceleratiorof ray-tracingfor local models,so that we can
performhybrid renderingwith refractve objectsin real-time.At somepoint, we expectthe current
graphicsarchitecturewill be augmentedvith someform of ray tracingcapability In thatcaseour
ideasof hybrid renderingandfitting accuratémpostorsmay prove very usefulto make ray tracing
morelocal andexploit texture-mapping.
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7.3 Future Work

The traditional graphicspipeline is becomingincreasinglyprogrammabldLin01]. One areafor
futurework is to explorethe useof moresophisticatednodelsfor hardwarerenderingto moreeffi-
ciently encodeparameterizednagespaceskor example we canimaginesimulatingrealisticlight-
ing by inversefitting to analyticalmodelsfor arealight sourceghatcanbe run on programmable
hardware. We canalsoimagine evaluatinghigherorder functionson programmabléhardware to
tradeof storagdor computationFor example,onecancomputediffuseshadingeffectsby evaluat-
ing quadratigpolynomialsateachpixel [Mal01, Ram01& We believe thatoursimplesumof diffuse
andspecularttexture mapsis but a first steptoward more predictive graphicsmodelssupportecoy
hardware to aid compression.In addition,the discipline of measuringcompressionmatiosvs. er
ror for encodingsof photorealistiamageryis perhapsa usefulbenchmarlfor proposedhardware
enhancements.

Extendingour work to deforminggeometryshouldbe possibleusingparametedependenge-
ometry compressiorjLen99. Anotherextensionis to matchphotorealisticcameramodels(e.g.,
imagerywith depthof field effects)in additionto photorealisticshading. This may be possible
with accumulation-bffer methods[Hae9Q or with hardware post-processin@n separatelyren-
deredsprites[Sny98]. Use of perceptualmetricsto guide compressiorand storageallocationis
anotherimportantextension[Lub95]. Furtherwork is alsorequiredto automaticallygeneratecon-
tiguous, sampling-dicient texture parameterizationsver arbitrary meshesusing a minimum of
maps[San0].

Anotherareaof future work is to studythe benefitsof hybrid renderingon compression.We
expectthatPEMsshouldbettercapturethecoherencén imagespacesomparedvith parameterized
texture mapsthatarestaticallymappecdn objects. Thedynamiccomputatiorof texture coordinates
by intersectingoutgoingrayswith the simpleimpostergeometrycanbe consideredo be a form of
motion prediction. This is yet anotherexample of taking advantageof moreinformationabouta
syntheticscendgo achiare greatercompression.

In our hybrid renderingapproachye presentlymatchimpostorsto atwo-termgreedyray path
shadingnodel.ldeally, wewouldlik e to fit impostordo matchthefull binarytreeray-tracingrather
thanourray pathapproximatiorto achieze greaterrealism.

During preprocessingwe currentlyray-traceeachimagein the multi-dimensionakpacende-
pendently Thisis very expensve andthe mainreasorwe arelimited to just a few dimensionsWe
think thereis opportunityto betterexploit coherencen the imagespaceto make the ray-tracing
more efficient, usingideassimilar to [Hal98]. Note thatevenif we have ray-tracingthat exploits
coherenceén the pre-processingt will clearlybeimpracticalto storetheimagesin uncompressed
form andthendo block-basedompressionsinceeventhis processings exponentialin dimension.
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Somehwy, the ray tracingresultswill have to be alreadyrepresentedn compressedorm across
blocksof the parametespace.

Finally, assumingwe can eliminatethe ray-tracingbottleneck,thenwe canbggin to consider
spacesvith higherdimensionsWe areinterestedn measuringstoragerequiredasthedimensiorof
theparameterizedpacegrowvs andhypothesizeéhatsuchgrowth is quite smallin mary usefulcases
becausef greatercoherenceWe alsobelieve thatpre-processedncodingof parameterizetmage
spaceswith higher dimensionswill make our approachapplicableto a wider rangeof graphics
applications.
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