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This thesisis dedicatedto thememoryof Dipl.–Ing. RichardStröll. He wasmy
great–uncle,andhecanbesaidto havestartedthepreferenceof theAustrianside
of my family for becomingengineers.

After studyingelectricalengineeringin the nineteentwentiesat the Vienna
University of Technology, he initially spentsometime at Siemens,but then
becameoneof the many victims of the GreatDepressionandwasunemployed
for several years. During the SecondWorld War, he worked for the German
aircraft company Heinkel, and was entrustedwith the developmentof various
aircraftcomponents.After thewar, hewasheldasa prisonerin theSoviet Union
undervery badconditions;whenhe camebackto Austria, his own motherdid
not recognizehim at first. He never fully recoveredfrom this ordeal,andlived
from his invalid’spensionafterwards.

I received my first mechanicaltoys asa Christmaspresentfrom him whenI
wasthreeyearsold, shortlybeforehis ratherearlydeathin 1973.I alsoremember
beingfascinatedby variousdesignsandmodelsof theinventionshemadeduring
his retirement,andwhich I foundin abox in theatticyearslater. Theseremnants,
togetherwith the family’s reminiscencesof him, substantiallyinfluencedmy
childhoodplansto becomean engineermyself – which eventuallyturnedout to
bejust whathappened.

Although it is from a field of sciencethat is beyond anything that existed
duringhis active working life, I do hopethathewould have liked this thesisfor
its technicalcontent.
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Kurzfassung

Qualitativ hochwertigeBildsyntheseverfahrenhabenim AllgemeinendasProb-
lem, daßsie bei Anwendungauf komplexe Szenenentwederzu langeRechen-
zeitenben̈otigen, oder daßihr Speicherplatzbedarfzu groß wird; bei manchen
ansonstendurchausbrauchbarenMethodentretenauchbeideProblemezugleich
auf.

Die Komplexität einer Szenedefiniert sich in diesemZusammenhangnor-
malerweiseüber die Anzahl der zu ihrer Modellierung ben̈otigten Grundob-
jekte. Die Ressourcenanforderungender im RahmendieserArbeit betrachteten
photorealistischenBildsyntheseverfahrensteigenmindestenslinear mit der An-
zahl der beteiligtenObjekte,woraussich ein direkterZusammenhangzwischen
derSzenenkomplexitätunddemLaufzeitverhaltenderBilderzeugungsprogramme
ergibt.

Darausleitet sich als ersterAnsatzdie Forderungab, möglichst nur solche
Modellierungsmethodenzu verwenden,die mit verḧaltnism̈aßigwenigenGrund-
objektenbereits imstandesind, Szenenausreichendzu beschreiben. Konkret
geht es darum, die in der Computergraphik–Industriederzeit übliche Darstel-
lungsweisedurch großeMengenan Polygonenzu vermeiden,und effizientere
Verfahrenwie ConstructiveSolidGeometry(kurz CSG)oderregelbasierteMod-
ellierungdurchAutomaten(wie etwaL–Systeme)zuverwenden.

DiesespeichersparendenMethodenzur Szenenbeschreibunghabenallerdings
den Nachteil, daßsie ausverschiedenenGründenbislangnicht zusammenmit
einer bestimmtenKlasse von hochwertigenBildsyntheseverfahren, den soge-
nanntenphotontracingmethods, verwendetwerdenkonnten.

DieseVerfahrenberechneneine Lösungder Lichtverteilungin einer Szene
durch Nachvollziehung der Lichtausbreitungmittels stochastischerMethoden.
DasErgebnisdieserSimulationwird dannin einemzweitenArbeitsschrittvon
einem beliebigenBlickpunkt aus dargestellt. Besonderswenn die Erzeugung
ganzerBildsequenzen– beispielsweisefür Animationen– erforderlichist, erspart
mansichdurchdieseTeilungdesAblaufesin 2 Phasen,von denendie erstepro
Szenenur einmaldurchgef̈uhrtwerdenmuß,einenwesentlichenAufwand.

AllerdingskannderansichnützlicheUmstand,daßdie VerteilungderLicht-
energie in der Szenein irgendeinerForm zwischendenbeidenArbeitsschritten
zwischengespeichertwerdenmuß, auch ein Problemdarstellen. Das ist dann
derFall, wennderartigeVerfahrenauf komplexeSzenenangewandtwerden.Bei
diesenwird derSpeicherplatzbedarfextremgroß,undkannunterUmsẗandendie
VerwendungsolcherMethodenüberhauptunmöglichmachen.

Im RahmendieserArbeit werdennun drei Ansätzeaufgezeigt,solchepho-
ton tracers dochauchfür komplexereUmgebungennutzenzu können.Der erste
präsentierteineMöglichkeit, durchdie direkteVerwendungvon CSG–Modellen
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die Szenenkomplexitätansichim VorfeldderBerechnungenzu reduzieren.
Der zweitesetztam ProblemdesSpeicheraufwandesfür die Lichtverteilung

an, und stellt ein Verfahrenvor, das für einzelnekomplexe Objekte lediglich
einelokaleNäherungfür die Beleuchtungspeichert.Dadurchwerdenzwar Ab-
weichungenvon der Ideallösungerzeugt,aberder dadurchdrastischreduzierte
Platzbedarfkann in manchenFällen die Einbindung komplexer Objekte erst
ermöglichen.

Derdritteerweitertdasim zweitenPunktvorgeschlageneVerfahreninsoferne,
als er die AnwendungdieserNäherungsverfahrenauch auf durch Automaten
lediglich implizit gegebeneObjekteermöglicht, waseineweitereentscheidende
Reduktiondeszur Durchführungvon Beleuchtungsberechnungenerforderlichen
Speicherplatzesmöglichmacht.

Im Anhang der Arbeit werdeneinige Aspekteder physikalischkorrekten
photorealistischenBildsyntheseabgehandelt.Sie stehenzwar nicht in direktem
Zusammenhangmit den im Hauptteil der Arbeit präsentiertenVerbesserungen,
sind aber insofernefür den Themenbereichrelevant, als es einer der Vorteile
von photontracingalgorithmsist, derartigeEffektein dieBildberechnungenein-
beziehenzu können. Die entsprechendenUntersuchungenwurdenebenfalls im
ZugederArbeit andieserDissertationvorgenommen.
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Abstract

Whenusedon complex scenes,many high quality imagesynthesismethodsen-
counterproblems. Thesecaneitherbe that their calculationtimesbecomeun-
acceptable,or that they would requireinordinateamountsof memory. Some–
otherwiseperfectlyuseful– methodsevensuffer from bothproblemsat once.

In this context, scenecomplexity is directly relatedto thenumberof geomet-
ric primitivesusedto modelthe scene.The resourcerequirementsof the image
synthesismethodswe considerin this work arelinkedto thenumberof involved
primitivesthroughanat leastlinearrelationship,which leadsto theobviouscon-
clusionthat a reductionin the numberof primitivesneededto modela sceneis
highly desirable.

An efficientwayof meetingthisgoalis to usescenedescriptionmethodswith
higherdescriptivepower thanthecurrentindustrystandardof polygonalmodels.
Good choicesin this areaare the approachof constructivesolid geometryand
rule–basedtechiquessuchasL–systems. However, thesememory–saving mod-
eling methodshave the disadvantagethat so far it hasnot beenpossibleto use
themin conjunctionwith aparticular, highly efficient classof globalillumination
methods,namelyphotontracingalgorithms.

Thesetechniquescalculatethe distribution of light in a scenethrough a
stochasticsimulationof light propagation. The result of thesecalculationsis
stored,and usedas a basisfor actually displayingthe scenein a secondstep.
This two–stepapproachis highly usefulandtime–saving if sequencesof images
– e.g. for animations– are to be rendered,sincethe first photontracingstepis
viewpoint–independentandonly hasto beperformedoncefor eachscene.

However, the usefulpropertyof retainingillumination information for later
usecanturn into a seriousproblemwhencomplex scenesareconsidered;in that
casethe memoryrequirementscangrow to suchdimensionsthat useof photon
tracingmethodsbecomestotally unfeasible.

In this thesiswe presentthreeapproacheswhich aim at making the useof
photontracerspossibleevenfor complex environments.Thefirst techniqueaims
at reducingtheoverallscenecomplexity by makingthedirectuseof CSGmodels
for lightmap–basedphotontracerspossible.

Thesecondaddressestheproblemof largememoryrequirementsfor thestor-
ageof illumination informationon complex objectsby introducinga specialtype
of approximativelightmapwhich is capableof averagingtheindirectillumination
on entireobjects.While this introducesartifacts,thedrasticreductionof needed
memorycanmake the– otherwiseimpossible– inclusionof complex objectsin a
photontracingsimulationfeasiblefor thefirst time.

The third extendsthesecondproposalby makingit possibleto usetheseap-
proximativedatastructuresevenonimplicitly definedobjects,suchasthosespec-
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ified by L–systems.
In theappendixwe cover severalaspectsof physicallycorrectpredictive ren-

dering. While they arenot directly relatedto the improvementspresentedin this
thesis,they are of interestin this context becausethe capabilityof performing
global illumination calculationswheretheseeffectsaretaken into consideration
is oneof the advantagesof photontracingmethods.Also, the resultswhich are
presentedin theappendixwereobtainedduringthework on themaintopicof the
thesis.
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Chapter 1

Intr oduction

1.1 Historical notes

Realistic images

Sincethetime whenneolithicpaintersfirst depictedanimalson thewalls of their
caves, it hasbeenthe desireof artists to capturethe appearanceof the world
thatsurroundsus in images.While themethodsemployedby paintersmayhave
changedover thecenturies,this basicgoal remainedat leastpartially valid right
up to recenttimes. Many examplescould be given to illustrate the proficiency
attainedby artistsof previouscenturies;particularlypleasantoneswould be the
extremely accurateDutch naturalistsof the 16th century, or the paintersof the
ItalianRenaissance,who,ascanbeseenfrom theexamplesin figures1.1and1.2,
developedthe capturingof a sceneon canvasto a degreeof perfectionthat has
few equals.

It hasto be noted,however, that even thenthe realismof an imagewasnot
necessarilya meansunto itself: althoughstunninglyrealisticin every detail, the
main objective of paintingslike the religious scenein figure 1.2 was arguably
not to convey an impressionof a real scenein the samesenseasa photograph
of a historicalevent might, but to presentthe viewer with a carefully arranged
settingthat fits the subjectat hand. Titian in particularwas a masterof using
carefullychosencolourandplacementof pictureelementsasa meansto unify a
compositionthatexpresseda giventopic; in a certainwider sense,therealismof
thepaintingwasonly a by–productof hisgeneralartisticintentions.

Beginningwith the19th century, rapidadvancesin bothtechnologyandartis-
tic expressionalteredthe world of pureart so radically that the hitherto tacitly
assumedconnectionbetweenrealisticimagesandartisticexpressionwasperma-
nently lost; a striking example,which at the time marked a culminationof this
development,andwhichdatesfrom theearly20th century, is shown in figure1.3.
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CHAPTER1. INTRODUCTION 2

Figure1.1: JanVermeer:The Geographer. 1668-1669,oil on canvas52 x 45.5
cm,StadelschesKunstinstitut,FrankfurtamMain. A primeexampleof thephoto-
graphicallyaccuratepaintingstyleemployedby theDutchmasterpaintersof the
17thcentury.

But althoughit wasnow eschewedby theartists,andmadeobsoletein some
areasthroughnew technologiessuchasphotography, the capability to produce
convincingly realistic synthetic imagesstill managedto grow into something
which canbeconsidereda technicalskill in itself.

Practiceof this skill was,apartfrom the fewer andfewer artistswho still be-
lievedin truly realisticpicturesasameansof expressingthemselves,moreor less
confinedto whatonewould nowadaysrefer to asvisualizationproblems,mainly
in the field of architectureanddesign. The degreeof realismachieved was, in
the traditionof academicpaintingfrom previouscenturies,confinedto what the
graphicartistscould infer throughobservation of similar scenesin reality and,
what usuallywasthemorelimiting factor, the effort warrantedby theprojectat
hand.
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Figure1.2: Titian: Madonnawith saintsandmembersof thePesarofamily. 1519-
26;Altar-painting:oil on canvas,478x 266cm;Churchof SantaMariadei Frari,
Venice.

New technicaladvancesbeyond the high level of realism alreadyattained
did not occur; the craftsmanshipof thosewho werenow referredto as illustra-
tors ratherthanpaintersstill restedon perspective drawing andwell–established
heuristicsfor the appearanceof objectsandscenes.Predictive imagesof alto-
gethernovel settingswere rare, sincethe tools for their creationwere lacking.
And there– at leastin principle– mattersrestedfor aconsiderabletime.

As in somany otherareasof our lives,this situationwassubstantiallyaltered
by theadventof thecurrentso–calledinformationage,andthewidespreadavail-
ability of vastcomputingpower thatit broughtto anunsuspectinggeneralpublic.
Sincecomputersareby definitioncalculatingmachines,it wasnot longaftertheir
introductionbeforeinterestarosein usingthemto predictwith mathematicalac-
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Figure1.3: PabloPicasso:ThreeMusicians(Musiciensauxmasques).Summer
1921,oil on canvas,200.7x 222.9cm, TheMuseumof ModernArt, New York.
Artistic expressionbeyondany realismin theconventionalsense.

curacy the appearanceof syntheticscenes.Unlikely contendersasthey initially
mighthaveseemed,electronicbrains(asthey wereincorrectlydubbedin theearly
daysof computing)have eventuallyturnedout to bea tool that is a highly useful
complementto canvasandeaselin the handsof modernartistsand illustrators
alike.

Developmentof computer-basedimagesynthesis

Thenecessarytheoreticalbackgroundfor computer–generatedphotorealisticim-
ageswasavailablelong beforeeventhe termwascoined,sincethepropertiesof
thehumanvisualsystem,andtheprocesseswhichgovernthepropagationandin-
teractionof light with our surroundings,werealreadywell understoodbeforethe
first computerwaseverbuilt.

However, this researchhadprimarily aimedat understandinganddescribing
theseprocesses.Due to the complexity of the problem,and the consequently
hugemathematicalworkloadinvolved,no–onehadpreviously put muchthought
to actuallyusing this knowledgeto actively calculatewhat the appearanceof a
givensyntheticscenewouldbeto ahumanobserver.
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The comparatively humble calculatingpower, storagefacilities and output
possibilitiesof earlymachinescausedcomputergraphicsinitially to evolve only
very gradually. Themajor initial breakthroughstowardsrealismwerethedevel-
opmentof key methodssuchasrecursive raytracing,radiositytechniquesandthe
developmentof practicablerealisticshadingmodels;thesemainlyoccurredin the
periodbetween1970and1990.Concurrentlyalmostall aspectsof light transport
in naturewereresearched;nowadaysit is moreor lesssafeto claim that– at least
in principle– theproblemof generatingarbitrarilyaccuratephotorealisticpictures
of givenscenesis solved.

As with somany otherareasof research,theobviousproblemwith theabove
statementis, of course,thephrase“in principle”.

1.2 Problemdomain of this thesis

As hintedabove, thetaskof generatingconvincing andcorrectphotorealisticim-
agesis, while understoodin theory, far from beingsolved in practice. Certain
comparatively simple,andunfortunatelyalso inherentlyinaccurate,techniques,
suchashardware–acceleratedrenderingandraytracing,have– within their limits
– beendevelopedto high degreesof reliability. However, most reasonablyso-
phisticatedandrealistic techniques(suchasradiosityor pathtracing) that have
beenproposedover thepasttwo decadesstill have problemsthatseverelyhinder
their widespreadacceptanceandusein consumerlevel products.The problems
they areproneto areverydiverse,andrangefrom unpredictableand/orunaccept-
ableexecutiontimesto exorbitantmemoryrequirementswhenusedon nontrivial
scenes.

Photon tracing

Oneof themorepromisingrealisticapproachesto calculatingconvincing images
of scenesare the techniquesthat fall into the broadcategory of photontracing
algorithms. As opposedto ray–basedmethodssuchas bidirectionalpath trac-
ing, andfinite elementmethodssuchasnormalradiosity, photontracingattempts
to reconstructlight transportin a scenethroughsamplingthepathsof randomly
chosenandpropagatedsimulatedlight particles. The interactionsof thesesam-
ple particleswith their environmentarerecordedin someway, andlater usedto
generateviewsof thescene.

The main advantageof this basicidea is that – sinceit is in effect a physi-
cally plausiblesimulationprocess– it hasno principal restrictionswith respect
to the physicalaccuracy obtainablewith it. It usuallyalso leadsto viewpoint–
independentintermediatesolutionsof the illumination in a scene,from which
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multipleviewsof thesamescenecanbegeneratedmuchmorequickly thanif the
underlyingsimulationhadto beperformedseparatelyeachtime.

Although the potentialbenefitsof suchan approachareobvious,so arealso
the drawbacks: for single views of a scenethey have to be comparedagainst
ray–basedapproacheswhich usemuchlessmemorywhile offering similar per-
formance,it is difficult to containthe computationaleffort to thosepartsof the
scenewhichactuallycontributeto thefinal image(aproblemcommonto all global
methods),thepotentiallyvery large memoryrequirementsto storethe illumina-
tion stateof thescene(which areusuallydependenton thescenesize,andmake
thesetechniquesunfeasiblefor very detailedand/orextensive settings),andthe
convergenceproblemsassociatedwith all stochasticmethods.

1.3 Purposeand outline of this thesis

Ourgoalis to improvetheability of certaintypesof photon–basedrenderingmeth-
odsto beusedon complex scenedescriptions.This is anapplicationareawhich
hasbeendeniedto thesetechniquesso far, mainly dueto the large memoryre-
quirementsof theoriginalalgorithms.

Before presentingour proposedimprovements, we first give a detailed
overview of thestateof theart in this generalarea,andof how themaintypesof
photontracerswork in particular. We thenoutline two enhancementsto existing
techniques,anddemonstratetheir viability by testingthemin variousrepresen-
tative settings.We concludethe thesisby outlining future directionsfor related
research.



Chapter 2

Stateof the Art in Rendering

In this chapterwe briefly statethe underlyingproblemof photorealisticimage
synthesis,anddiscusssomeof thedeterministicalgorithmspublishedsofar that
attemptto solve the problem. Sincethey areof centralimportanceto our work,
thestochasticapproachesto theproblemarediscussedseparatelyin chapter3.

2.1 The Rendering Equation

In a landmarkpaperJim Kajiya publisheda formal specificationof the relation-
shipswhichgoverntheprocessof light transportonamacroscopicscale[Kaj86].
Ultimately, all techiquesthatattemptto generaterealisticimagesare– in oneway
or another– basedon this renderingequation, which modelsthetransferof light
betweenall thesurfacesS in ascene.

L
�
x � ω ��� Le

�
x � ω �����

Ω
ρbd

�
x � ω � ω 	
� Li

�
x � ω 	
� cosθ 	 dω 	 (2.1)� L

�
x � ω � is theradiance(energy perunit timeperunit projectedareaperunit

solid angle)leaving point x in directionω.� Le
�
x � ω � is theselfemittedradianceatpoint x leaving in directionω.� Ω is thesetof all directionsω 	 coveringthehemisphereoverpointx.� ρbd
�
x � ω � ω 	 � is thebidirectionalreflectancedistribution function(in short,

BRDF) describingthe reflective propertiesof the surfaceat point x. It is
definedasthe ratio of the reflectedradiancein a givenoutgoingdirection
over theincomingflux densityin anotherdirection.� Li
�
x � ω 	 � is the incoming radianceat point x from direction ω 	 . It is re-

latedto theoutgoingradianceat thefirst surfacepoint x	 in directionω 	 by:

7
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Li
�
x � ω 	 ��� g

�
x � x	 �� L � x	 ��� ω 	 � , whereg

�
x � x	 � is ageometrytermthatequals

1��� x � x	 � 2 if x andx	 aremutuallyvisibleand0 if x andx	 areoccludedfrom
eachother.� cosθ 	 whereθ 	 is the anglebetweenω 	 andthe surfacenormalat point x,
changestheintegral to beover theprojectedsolid angle.

Therenderingequationis a Fredholmintegro–differentialequationof thesecond
kind. Systemsof this typecannotbesolvedanalytically, soall globalillumination
renderingalgorithmshave to useapproximationsto thecorrectsolution.

In thefollowing sectionwe presentseveralsuitabledeterministicapproxima-
tions that have beendevelopedso far, andin the following sectiondiscusstheir
key properties.

2.2 Raytracing Methods

This largegroupof methodsowesits popularnameto a particularrathersimple
technique,namelyraytracing;a moreappropriategeneralterm for themwould
probablybe ray–basedmethods. They areoriginally basedon an algorithmin-
troducedby Appel [App68] that tracesthepathof imaginarylight raysfrom the
eye of theobserver backinto thescene.Thepoint wherethis pathintersectsthe
pictureplanegetsits colour from the closestof the intersectionpointswith the
objectsin thescene.Whitted[Whi80] extendedthis methodto reflectionandre-
fractionrays,sothatimagesof reflectiveandtransparentobjectscanberendered.
Thiswasthefirst recursive raytracingmethod.

In orderto calculatethediffusepropagationof light, distributedraytracingwas
developedby Cook[CPC84]. A bettername– which is actuallyslowly replacing
the old term – for this methodis distribution raytracing, sincethe distribution
functionsfor variouseffects are usedby a Monte Carlo integration methodto
calculatetheilluminationof asurfacepointon anobject.

Pathtracing[Kaj86] is anoptimizationof distributedraytracing.In eachnode
of therecursiveraytree,only themostimportantray(estimatedby its influenceon
thefinal pixel intensity)is recursively followed. Togetherwith suitableadaptive
integrationmethodsthis comprisesan improvementon theoriginal MonteCarlo
algorithmfor raytracing.

Theadvantageof all thesemethodsis theexactcalculationof thenon–diffuse
propagationof light. Thereforereflective andtransparentobjectsandso–called
highlights, the reflectionsof light sourceson surfaces,can be easily rendered.
Thecalculationof thediffusepropagationof light is a theoreticalpossibility, but
its prohibitive cost in termsof computationtime limits the applicationof these
methods.
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For this reasona numberof approximationshave beenintroducedthat try to
speedupthecalculationof globalilluminationwith raytracing.In amethodbased
on pathtracing,developedby Wardet al. [WRC88], thecalculationof thediffuse
componentof the tracedray is not donefor eachray. Calculatedillumination
valuesarestoredat theobjectsurfacesandre–usedfor raysthatintersectthesame
surfacein thevicinity. Thedecisionif afreshcalculationof thediffusecomponent
hasto bedoneis madeby usingananalysisof theresultingerror.

Recentmethods,like bidirectionalpathtracing[LW93a] try to combineray-
tracing,which could alsobe calledbackward raytracing,sincethe raysarefol-
lowed from the eye backwards to their origin, with forward raytracing. By
optimally combiningthe informationgainedby forward andbackward raytrac-
ing [VG94a][VG95] additionalperformanceincreasescanbeachieved;aparticu-
larly promisingexampleof this is Metropolislight transport,whichwasproposed
by Veach[VG97].

Also, Suykensetal. [SW99a]investigatedtheuseof bidirectionalpathtracing
in thecontext of multipassmethods,andalsothecorrectweightingof thevarious
stagesof multipassrendering[SW99b].

2.3 Deterministic Radiosity Methods

Theclassictechniquessubsumedunderthegenericlabel“radiositymethods”sim-
plify theglobalilluminationproblemby dealingonly with its diffuse– or Lamber-
tian – part. Underthis assumptiontheradiosityB

�
x� is thedirectionindependent

radianceat a surfacepoint x. The bidirectionalreflectancedistribution function
ρbd

�
x � ω � ω 	 � in thiscasereducesto thediffusereflectionfactorρ

�
x� atpointx and

canbepulledout of theintegral in equation(2.1):

B
�
x��� E

�
x��� ρ

�
x����

Ω
B
�
x	
�� g � x � x	��� cosθ 	 dω (2.2)� B

�
x� denotesthe radiosityandE

�
x� the emission,both at point x. E

�
x� is

obviouslyonly greaterthan0 for light sources.� x	 denotesthefirst point visible from point x in directionω.

The key propertyof this simplification is that it makesthe precomputationof a
viewpoint–independentsolutionto thelight transportproblempossible.

The computationof sucha solutionto the integral (2.2) is greatlyfacilitated
if thesceneof interestis not describedin termsof continuoussurfaces,but rather
asa setof polygons(or other simpleprimitives) that arecalledpatchesin this
context. Thesepatchesarein effect a discretizationof the scene.If onefurther
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Figure2.1: The pathto the Cornell box. The imagesrangefrom Cindy Goral’s
first plain radiositybox, to thefinal imagesfrom thatparticularprogram,which
onecould comparedalongsidethe real objectswithout noticing any difference.
Imageby theCornellProgramof ComputerGraphics.

assumesconstantradiosityBi over theentiresurfaceof apatchPi, theformulafor
theradiosityof apatchturnsinto:

Bi � Ei � ρi  n

∑
j � 1

Fi j  B j (2.3)� ρi denotesthereflectionfactorof patchPi .� Fi j is the form factor of patchPj with respectto patchPi . This form factor
is thecosine-weightedintegralof thegeometrytermg

�
x � x	 � for all x on the

patchPi andall x	 onpatchPj . It indicatesthepercentageof the“sky” above
patchPi thatis coveredby patchPj ; thevalueof Fi j is 0 if patchPj is totally
occludedfrom theviewpointof patchPi . Thesumof all Fi j is 1 for patches
in closedscenes.

Bringing equation(2.3) into theform

Bi � ρi  n

∑
j � 1 � j �� i

Fi j  B j � Ei (2.4)

leadsus to a systemof equations(2.5) that can be solved for the Bi if the Fi j

are known. The Fii are always 0, sincea patchdoesnot contribute to its own
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illumination. Also, theEi areonly �� 0 if thepatchin questionis a light source.����� 1 � ρ1F12 ���� ρ1F1n� ρ2F21 1 ���� ρ2F2n
...

...
. . .

...� ρnFn1 � ρnFn2 �� 1

 "!!!#  ����� B1

B2
...

Bn

 "!!!# � ����� E1

E2
...

En

 "!!!# (2.5)

Since∑Fi j $ 1andρi $ 1, thematrixin equation(2.5)isdiagonallydominant,and
it canbeproventhat iterationmethodslike theGauss-Seidelor Jacobiiterations
converge to the true solution of the system. Theseiteration methodsconverge
quickly for theradiosityequationsystemandarenumericallystable.Onestepof
theiteration

Bk% 1
i � Ei � ρi  n

∑
j � 1

Bk
j  Fi j

�
i � 1 � 2 ��&
&'&
� n� (2.6)

correspondsto updatingthecurrentestimatesof all radiositiesBi by “gathering”
theradiositiesof all otherpatchesPj .

The implementationof this basicapproachrequiresthat one solvesseveral
intermediateproblems,whichwebriefly discussin thefollowing subsections.

2.3.1 Form Factor Calculation

In orderto beableto solvetheequationsystem(2.5)onehasto determinetheform
factorsFi j . Thesefactorsencodetheinfluenceof thepatchesi and j oneachother
asa singlecoefficient, andarea geometrical,illumination–independentproperty
of thescenegeometry.

If oneassumespatchPj to have areaA j theprojectionof Pj to theunit hemi-
sphereabove patchPi hasareaA( j (seefigure2.3). If theprojectionareais small
onecanassumeit to beidenticalto theprojectionareaon theappropriatetangen-
tial planeto theunit hemisphere;this assumptionmakesmathematicaltreatment
easier. With angleθ j oneobtainstheexpression

A( j � A j  cosθ j

r2 (2.7)

wherer is thedistancebetweenpatchesPi andPj . Theinfluenceof apatchis pro-
portionalto thecosineof theincidenceangle(Lambertianreflection);thesteeper,
thehighertheinfluence.This indicatesthat theareaof A( j projectedto thehemi-
spherebaseis theform factor;sincethis basehasareaπ weget

FA( j ) Pi
� Fi j � A( j  cosθi

π
(2.8)
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Figure2.2: Projectionof apatch 354
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Figure2.3: Participantsin hemisphereform factorcalculation

which leadsto

Fi j � A j  cosθ j  cosθi

r2π
(2.9)

as the expressionfor form factor influence;note that this doesnot take mutual
occlusionbetweenpatchesinto account. Also, it is very costly becauseof the
necessarycalculationof 2 cosinesandseveralmultiplications.

2.3.2 HemicubeMethods

To addressthe problemsonehaswith the determinationof “genuine” form fac-
tors,namelytheir high computationalcostandthedifficult integrationof mutual
visibility information,an approximative methodwasdevelopedby Cohenet al.
[CG85]; oneplacesa unit hemicubeover thepatchin question.Thesurrounding



CHAPTER2. STATE OFTHE ART IN RENDERING 13

sceneis projectedontoaz-buffer onthesurfacesof thishemicube(seefigure2.4);
eachpixel keepstrackof thenearestpatchthatis visible in its line of sight.

Pi

Pj

Figure2.4: Hemicube

To computea form factorFi j oneonly hasto sumup all Pj pixels,weighted
with thepixel form factor, afterprojectingpatchPj ontothehemicube.Sinceone
canprecomputethesepixel form factorsfor eachsizeof hemicubeusedin the
scenethereis little runtimepenaltyto this.

The biggestproblemwith this approachis that it is virtually impossibleto
completelyeliminatethe aliasingartifactsthat arecausedby the comparatively
coarseandscene–insensitive resolutionof the hemicubepixel mesh. However,
refinedversionsof themethodlikee.g.non–uniformmeshingof thehemicubein
orderto takedifferentpixel weightsinto accountcanbehighly efficient.

2.3.3 ProgressiveRefinement

The basicmethodpresentedat the beginning of the sectionhada patchgather
theinfluenceof its surroundingsduringtheiterativesolutionof theequationsys-
tem associatedwith thescene.If onelets a patchshootits contribution into the
sceneinstead,the result is an iterationprocessthat yields intermediatesolutions
of increasingaccuracy. The idea of progressive refinementwasfirst published
by Cohenin [CCWG88]. The shootingapproachlets the light sourcesactively
distributetheir light into thescene.Dueto thereciprocity theorem

Ai  Fi j � A j  Fj i (2.10)
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Figure2.5: Gatheringversusshooting

theshootinginfluenceof patchPi onpatchPj is givenby

B j i � ρ j  Bi  Fj i � ρ j  Bi  Fi j  Ai

A j
(2.11)

Onestepof theiterationthereforeis

B j � B j � B j i (2.12)

for all j. For a performancecomparisonof gatheringandshootingmethodssee
table2.1. In this tablen is thenumberof polygonsin thescene,and(for shoot-
ing only) s is the numberof necessaryiteration steps. Obviously shootingis
fasterthangatheringif thenumberof iterationstepsis smallerthanthenumberof
patches.This is veryprobablefor normalradiosityscenes.

To speeduptheconvergenceandtheappearanceof intermediatesolutionsone
canuseseveralenhancements,two of whichare:� For eachiterationstepthebrightestpatch(i.e. theonewith thehighestun-

shotradiosity)is selectedastheshooter, sinceits potentialinfluenceon the
sceneis greatest.� The unmodifiedalgorithm leadsto many polygonsstill beingcompletely
dark during the first passesof the algorithm. This can be overcomeby
initializing all polygonswith a defaultillumination that is successively de-
creasedasthecalculationproceeds(anideaakin to theambientfactormen-
tionedearlier).Theeffect is thatpreviews of thescenealreadylook plausi-
ble muchearlierduringthesimulationprocess.

2.3.4 Ray TracedForm Factors

Oneproblemwhich we have not addressedso far is that theextrapolationof the
computedoverallpatchilluminationinto thepatchvertices,whichis necessaryfor
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Gathering Shooting

Complexity of Fi j calculation O(n2) O(n  s)
Memoryfor Fi j n2 n  s
Complexity of iterationstep O(n2) (fewersteps) O(n) (moresteps)

Table2.1: Comparisonof plain gatheringandshootingtechniqueswith n patches
each,ands iterationstepsfor shooting.

Gouraudshadingof theresult,tendsto introduceaconsiderableerror. Onepossi-
ble solutionis to shoottheenergy availableto all otherpatchvertices, andto use
raytracingto determinethecorrectvisibility (seefigure2.6for anillustration).To
lessenaliasing,onecanchoosetheshootingpoint on surfaceof Pi stochastically
for eachray.

DCE

DBF

Figure2.6: Shootingradiosityto patchverticeswith patchocclusion

For this to work oneneedspatch–to–pointform factors.Whenwe discussed
patch–to–patchshooting,we found equation(2.12) for one iteration stepwith
equation(2.11)for theinfluencethatpatchPi hasonpatchPj . Thisactuallyis the
influenceof patchPi with respectto thepoint at thecenterof patchPj .

A goodapproximationof Fj i for smallpatchesis

Fj i G Ai

Ai � r2π
 cosθi  cosθ j  δi j (2.13)

δi j is 1 if Pi andPj have “visual contact”,0 if they areoccludedfrom eachother.
Since the formula in equation(2.13) turns out to be too inaccuratefor larger
patches,one resortsto splitting thosepatchesinto m smallerpieces,which in
turn leadsto

Fj i G m

∑
k� 1

Ai
m

Ai
m � r2π

 cosθi  cosθ j  δi j (2.14)
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asanapproximateexpressionfor theform factor. Thewayapatchis split is up to
theuser;evenirregularmeshesarepossible.

2.3.5 Substructuring

Sincethe illumination of an objectcantake any conceivableform, a fixed sub-
division of its surfacesinto patchesunnecessarilyconstrainsthe accuracy of the
solution.But fixedsubdivisionsareall oneis likely to getfrom a meshgenerator
preprocessingstepthatknowsnothingabouttheradiositydistribution in ascene.

A way to copewith this could be to generatea very densemeshof all the
surfacesin a scenein the hopethat the increasedaccuracy would make further
measuresunnecessary. This would be wastefulin a numberof ways; the worst
effect is that, sincethe complexity of all radiositycalculationsis at leastO

�
n2 � ,

every additionalpatchcostsdearlyin termsof performance.Also, mostof them
areusuallyuselessinsofar asthey contribute little or nothingto the accuracy of
thesolution.

Pi

Pj

Fiqj

element q

Figure2.7: Elementform factors

A moresensibleapproachis to retainlargepatches,but to split theseinto sub-
surfacescalledelements(seefigure2.8). Thedifferencefrom the“more patches”
approachlies in thefactthatonesolvestheradiositysystemfor thepatchesonly;
theelementsareusedasabetterrepresentationof theilluminationon thepatch.

Initially onecomputestheform factorsFiq j for all elementsof apatch;q is the
index of theelementin question.For a patchPi with k elementstheoverall form
factorFi j is computedaccordingto

Fi j � 1
Ai

k

∑
q� 1

Fiq j  Aq (2.15)

A conventionalradiositycomputationthatuseselementsproceedsasfollows:

1. Calculationof theelementform factorsFiq j
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object

surface

patcheselements

Figure2.8: Substructuringof anobjectsurface

2. Calculationof thepatchform factorsFi j

3. Solving of equationsystem(2.5), in other words obtainingthe Bi on the
basisof theFi j

4. Calculationof theelementradiositiesaccordingto

Bi j � Ei � ρi
1
Ai

n

∑
j � 1

Fiq j  B j (2.16)

2.3.6 Hierar chical Radiosity

This approach,proposedby Hanrahanet al. [HSA91], aims at simplifying the
determinationof patch–to–patchform factorsandis relatedto (anduses)thesub-
structuringtechniquepresentedin theprevioussection.It relieson the fact that,
aswith then–bodyproblemin physics,it doesnot make sensefor radiositycal-
culationsto resolve all interdependenciesbetweenpatchesindividually andwith
the highestpossibleaccuracy. A sizeableproportionof theseform factorsis, to
all intentsand purposesirrelevant, due to both the accuracy limits of machine
arithmeticandalsodiminutivesize.
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At the heartof the algorithm is a hierarchyof subdivided patches. At the
beginning onestartswith patches(referredto as nodes) that are comparatively
large in size, for examplewhole walls and desktops;they are usually already
subdividedto someshallow depth.

As thealgorithmdeterminestheinterrelationswith therestof theenvironment
for eachpatchby pairwisecomparisonwith eachof theotherpatches,it considers
the error that would be madeby usingthemat their currentmeshingdepthand,
if necessary, splits themfurther. Oneway of estimatingthis error is to compare
the form factorsbetweenthe patches;if it is larger thana certainthreshold,one
shouldprobablyratherusea finer subdivision to accommodateany variationsin
the illumination function. If the link oracle decidesthat one or both nodesin
questionshouldbesplit, theoracleis recursively calledfor eachcombinationof
the resultingsubnodes.If the two nodesare usablein their presentform they
arelinked together. A link representsa unidirectionalrelationshipbetweenpatch
elements.

After the form factorshave beendeterminedthis way, a normaltwo-stepra-
diosity solvingalgorithmis appliedto thematrix obtained.HR techniquesrepre-
sentthecurrentstateof theart for thiskind of solutionprocess.

2.3.7 Galerkin Radiosity

Galerkin radiosity was first proposedin [Zat93]. It usesthe Galerkin integral
equationtechniqueasamathematicalfoundation;themainimprovementoverthe
previoustechniquesis thatthesurfaceilluminationfunctionsareapproximatedby
polynomials,andnotassumedto beconstant.

For a discussionof this techniqueit is convenientto formulatethe radiosity
equationin parametricform, with

�
s� t � and

�
u � v� asthesurfaceparametersof Pi

andPj , respectively:

Bi
�
s� t �B� Ei

�
s� t ��� ∑

j

�H� Ki j
�
s� t � u � v�� B j

�
u � v� dvdu (2.17)

In thisequation,all thecomplexity of surfaceinteraction- thereflectioncoefficient
ρi
�
s� t � , theform factor(includingvisibility) FdAidA j

�
s� t � u � v� andtheareaA j

�
u � v�

- is abstractedinto asinglekernelfunctionKi j
�
s� t � u � v� :

Ki j
�
s� t � u � v�I� ρi

�
s� t �? FdAidA j

�
s� t � u � v�? A j

�
u � v� (2.18)

The areafunction A j
�
u � v� can be expandedin terms of the surface geometryJ

x j
�
u � v� :

A j
�
u � v�B�LKKKK KKKK ∂

J
x j
�
u � v�

∂u M ∂
J
x j
�
u � v�

∂v
KKKK KKKK (2.19)
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We now definethe inner product N f �gO W of two functions f
�
s� t � andg

�
s� t � with

respectto somesuitableweightingfunctionW
�
s� t � as

N f �gO W � 1�P 1

1�P 1

f
�
s� t �� g � s� t �� W �

s� t � dsdt (2.20)

for parametersin theinterval QR� 1 � 1S . Galerkinradiosityapproximatestheradios-
ity function Bi

�
s� t � by a weightedsumof orthonormalbasisfunctionsNk

�
s� t � .

Orthonormalin thiscontext meansthattheinnerproductof a functionNk with it-
self is always1,andthattheinnerproductof two distinctbasisfunctionsis always
0.

In his work Zatz usedbasisfunctionsdefinedby the productof two one-
dimensionalLegendreor Jacobipolynomialsin differentvariables.

Now we canapproximatethe radiosityfunction of a surfacei usinga setof
orthonormalbasisfunctionsNk andanassociatedweightingfunctionW:

B j
�
s� t � G ∑

k

Bk
j  Nk

�
s� t � (2.21)

wherethecoefficientsBk
i aregivenby theinnerproduct

Bk
i �TN Bi �Nk O W (2.22)

TheGalerkinmethoddeterminestheoptimalapproximationcoefficientsBk
i for a

setof orthonormalbasisfunctionswith respectto the exact parametricradiosity
equation(2.17)andtheGalerkinerrormetric.

The Bi
�
s� t � term in equation(2.17) can be expandedin termsof the basis

Nl
�
u � v� by usingequation(2.21):

Bi
�
s� t ��� Ei

�
s� t ��� ∑

j
∑
l

U
Bl

j ��V� Ki j
�
s� t � u � v�� Nl

�
u � v� dudvW (2.23)

SincethecoefficientsBl
j do not dependon u andv they canbemovedoutsidethe

integral. Next wecalculatetheinnerproductof bothsideswith Nk
�
s� t � . By using

bilinearity andequation(2.22)wecanthenwrite

Bk
i � Ek

i � ∑
j
∑
l

U
Bl

j YXZ�[� Ki j
�
s� t � u � v�� Nl

�
u � v� dudv KKKNk

�
s� t �"\]W (2.24)

The inner product dependson known information only: the kernel function
Ki j

�
s� t � u � v� is determinedby the environment,Nk

�
s� t � andNl

�
u � v� are the ba-

sisfunctionsof choice.Theactualevaluationof theinnerproductturnsout to be
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rathercomplex, sincefour integrals(two of the explicit, two from thedefinition
of the inner product)have to be solved. This makesit an obvious candidatefor
numericalmethods,e.g. MonteCarlo integrationor specialquadraturerulesthat
areparticularlywell suitedto thebasisfunctionsused[Ger95].Theinnerproduct
Kkl

i j in equation(2.24)is referredto asthekernelmatrix:

Kkl
i j � XC�V� Ki j

�
s� t � u � v�� Nl

�
u � v� dudv KKKNk

�
s� t � \ (2.25)

With thisnotationtheradiositycoefficientsBk
i canbeobtainedfrom thefollowing

setof equations:
Bk

i � Ek
i � ∑

j
∑
l

Bl
j  Kkl

i j (2.26)

Thekernelmatrixputsradiosityfunctionson differentsurfacesinto relation.Kkl
i j ,

Bk
i andEk

i correspondto theform factormatrix, theradiositiesandtheemittance
valuesin “classical”radiosity.

Sincethe surfaceindicesi, j andthe function indicesk,l areindependentof
oneanother, equation(2.26) is a two-dimensionalmatrix equationjust like the
conventionalradiosityequation(2.3). For thesake of concisenessandclarity the
indicesi and j canbereplacedby new indicesp � k  n � i andq � l  n � j where
n denotesthenumberof surfacesin thescene.Equation(2.26)canthenbewritten
as

Bp � Ep � ∑
q

Bq  Kpq (2.27)

Thissetof equationscanbesolvedwith any standardtechniquefor largesystems
of linearequations.

In thepaperwherehefirst proposedGalerkinradiosityZatz investigatedba-
sis functionsbasedon LegendreandJacobipolynomials. The first areeasierto
compute,but thereis a problemwith edgesingularitiesnearthe commonedge
of mutuallyvisible, adjacentsurfaces.Therethe form factorFdAidA j approaches
infinity asa pole of ordertwo becausethe distancebetweendAi anddA j in the
denominatorgoestowardszero.

Thereare,however, a numberof problemswith this approach.The first and
major problemof the Galerkinmethodis that the complexity of calculatingthe
kernelmatrix (with its coefficientsKkl

i j ) goesup with O
�
k4 � if k is the orderof

thepolynomialswhich areusedto representtheradiosityfunction. In additionto
that,higherorderpolynomialstendto exhibit anartifactcalled“ringing” which is
known from imageprocessing:hardbordersbetweenilluminatedandnonillumi-
natedareason thesamepatchwill produceghostbordersin thevicinity.



CHAPTER2. STATE OFTHE ART IN RENDERING 21

2.3.8 Deterministic Radiosity Methods in Practice

Robustness

Dueto thefact thatdeterministicradiositymethodsareby far theoldestexisting
techniquesfor solvingtheglobal illumination problem,andbecauseof their usu-
ally comparatively simplealgorithms,their behaviour hasbeenstudiedin great
detail and is very well understood.The resultingrobustnessand– within their
limits – dependabilityhasled to their adoptionasan enhancementin numerous
commercialsoftwarepackages,and– apartfrom the Radiancesystemby Greg
Ward–virtually all globalilluminationsoftwarein productionusenowadaysuses
somevariantof theabovementionedapproaches.

Realism

Whenthevisualquality of their resultsis considered,all thetechiquespresented
in the previous sectionsuffer from the samemain drawback,namelythe initial
assumptionthat all contributions except the perfectly diffuse term are ignored.
Sceneswhich truly exhibit suchcharactersticsarerarein practice;this relegates
radiositymethodsto thoseareaswhereapproximativesolutionsof diffuseversions
of asceneareacceptablesubstitutes.In suchareasthey performwell, andarequite
widely used.

A typicalexampleof this wouldbearchitecturallighting simulationsoftware,
which is usuallynotconcernedwith thegenerationof truly photorealisticimages,
but with thedeliveringof an illumination estimationthat– within certainthresh-
olds– canbeconsideredto bereliable.

However, if onewantsto includearbitrarysurfacecharacteristics,transparent
or specularobjectsandeffectslikedispersionor polarizationin animage,onehas
to look elsewherefor global illumination techniquesthatpermit their accomoda-
tion.

Complexity

Using any of the of the abovementionedmethodson highly complex scenesis
usually problematic,but manageable.A substantialnumberof techniqueshas
beenpublishedfor improving the characteristicsof radiosity methodsfor such
scenes.

Rushmeieretal. [RPV93] suggestedtheuseof geometricsimplification(GSII)
in orderto reducecomputationtime for form–factorbasedradiosity. They elimi-
natesmall, isolatedpatchesandreplaceclustersof objectswith simple,optically
equivalentboxes,which areusedfor theradiositycalculations.Their approachis
anextensionof a progressive multi–passrenderingmethodproposedby Chenet
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Figure 2.9: This famousscene,which at the time it wascreatedwas the most
complex radiositysolutionobtainedup to then,is intendedasanexampleof how
convincing a “conventional” radiosityimagecanlook if thesettingis right. The
fact thatno illumination exceptthatbetweenperfectlydiffusesurfacesanddirect
contributions from lightsourcesare represented,is definitely not the first thing
that onenoticesaboutthis scene. Imageby the Cornell Programof Computer
Graphics.

al. [CRMT91]. Theauthorsdevelopatheoreticalbasisin orderto determinewhen
theuseof GSII is appropriatein ascene.

2.4 Combined Methods

Standardraytracingandradiositymethodshave complementarystrongandweak
points,andthereforeanumberof combinedmethodshavebeendevelopedin order
to renderimageswith global diffuseillumination andexact reflectionandtrans-
parency calculations. In a numberof casesthesemethodsusetechniquesfrom
bothraytracingandradiositymethods,andthereforethey cannotbeeasilysaidto
beeitherof thetwo.

A lot of thesealgorithmsusea two phasestrategy: in thefirst phasethedif-
fuseinterreflectionis calculatedandin thesecondphasearaytracingalgorithmis
usedto rendertheeffectsarisingfrom non–diffusereflection.Thusthesemethods
sacrificetheviewpoint–independentsolutionfor a morerealisticimagefrom the
chosenviewpoint.
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An extensionof theradiosityalgorithmhasbeenproposedby Immel [ICG86].
The non–diffuse light propagationis calculatedwith a rasterizedcubederived
from the hemicubethat is placedaroundthe centerof gravity of eachpolygon.
Eachcell onthesurfaceof thiscubeholdsenergy valuesof incomingandoutgoing
light. The outgoinglight energy is calculatedusing the bidirectionalreflection
function of the polygon. The secondphaseconsistsof gatheringthe valuesfor
outgoingenergy for all thosedirectionsthatpoint to theviewpoint.

A two passmethodbasedon a similar radiosity algorithm which allows
the propagationof diffuse light via perfect mirrors was introducedby Wal-
lace [WCG87]. The secondpass,a methodderived from raytracingusesa z–
buffer to integratetheareaaroundthereflectionrayor refractionray. This allows
renderingof highlightsarisingfrom arealight sources.

An improvedcalculationof theform factorswasproposedby Sillion [SP89]:
heusesraytracingandcircumventsthealiasing–problemsof thehemicube.This
methodis alsolimited to planarpolygons.

Heckbert[Hec90a] usesa two passmethodthat usesa forward ray tracerto
calculatediffuse illumination valuesin the first phaseandstorethem in a data
structurederivedfrom texturemapping.A texturecoordinatesystemis assigned
to eachsurfaceof eachobjectanda quadtreein this coordinatesystemis usedto
storeillumination values.Anotherquadtreeis usedto assigndifferentweightsto
illumination rays,in orderto adaptively refinethedistributionof light energy.

Someof thesecombinedmethodsmake it possibleto rendereffectslikecaus-
tics: multiple indirect illumination of someobjectsby otherreflectingor trans-
parentobjects(e.g.thelight patternat theshadow sideof anilluminateddrinking
glass). A numberof thesemethodscompletelyseparatethe calculationof ideal
diffuseilluminationandexactly reflectedandtransmittedlight. Generalreflection
functions,which would allow intermediatekinds of light propagation,areoften
ignored.

Duringthelastfew yearsit hasbecomestandardpracticein theradiositycom-
munity to usea raytracingbackendfor the final imagegeneration.A lot of the
newer radiositymethodscould thereforealsobe calledcombinedmethods,but
in mostof thesemethodsthefinal raytracingstepjust obtainsthepreviously cal-
culatedvaluesfor diffuse illumination and usestheseinsteadof shootingrays
towardseachlight source.



Chapter 3

StochasticGlobal Illumination
Methods

Thereareanumberof methodsandalgorithmswhich togethercomprisethebasis
of therenderingalgorithmsdiscussedin thiswork,andwhichweeventuallyaimto
applyto morecomplex scenesthanwashithertopossible.Theaimof thischapter
is to providethereaderwith abrief overview of thesetechniquesandrelatedareas.

3.1 Moti vation

As can be inferred from section2.1, the generationof truly realistic images
amountsto thesolving of thecomplex integro–differentialequationgiven there.
Attemptsto solve it analyticallyareboundto fail, at first glancemainly because
theequationexpandsinto aninfinite cascade,whichin theorytransformstheprob-
lem into the solutionof an equationwith infinite dimensionality. The physical
counterpartto this mathematicalformalismis thepropagationof light in a scene
via – potentiallyinifinitely many – interreflectionsandbounces;eachpropagation
stepcorrespondsto a recursionlevel in thecascade.

In practice,thefactthatlight is not interreflectedinfinitely many timesreduces
the problemto an integral of finite dimensionality. However, the dimensionof
this integral still remainsextremelyhigh evenfor simplenontrivial scenes.This,
togetherwith the usually very complex structureof the integrand,still renders
analyticaltreatmentof theproblemmoreor lesspointless.

3.2 Monte Carlo Integration

As it turnsout, deterministicnumericintegrationtechniques– suchasthefinite
elementapproachusedfor conventionalradiosity– canonly yield crudelyapprox-

24
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imativesolutionsto suchaproblem.
An inherently more elegant approachare stochasticintegration methods,

which arealsoreferredto asMonteCarlo methods.They areproventechniques
for solvingof high–dimensionalintegrals,andactuallypredatethewholefield of
computergraphics.Earlyapplicationsfor whichtheseapproacheswereusedwere
neutrontransportproblems[SG69] andthermalheattransfer[SH81].

Sincetheir first practicaluseoriginatedin therathersecretivenuclearphysics
researchcommunitiesduringthecoldwarera,researchersfrom bothsuperpowers
of thetime independentlydevelopedvery similar techniques.Dueto thefact that
asizeableamountof theresearchthatwasperformedfor theseprogrammesis still
classified,theexacthistoryof their developmentis not yet quiteclear. Also, the
intriguingpossibilitythatsubstantialimprovementsonknownalgorithmsstill wait
to bedeclassifiedis notentirelyto bediscounted,althoughit is ratherimprobable.

The renderingtechniqueswhich dependon thesestochasticapproachescan
be broadlydivided into two main groups,namelythosewhich areusedto gen-
eratesingle imagesfrom a particular viewpoint, and thosewhich – similar to
conventionalradiositycomputations– yield viewpoint–independentsolutionsof
theillumination in ascene.

Themainadvantagesanddrawbacksof thesetwo typesof approacharesome-
whatcomplementary, sopracticalimplementationssometimesarehybridmethods
which attemptto take thebestfrom bothworlds.

3.3 Viewpoint DependentRenderingTechniques

Sincethey do not have to rely on any additionaldatastructuresapartfrom the
scenedescription,andthey do not imposeany restrictionson thenatureof light
propagationandthe objectsinvolved, thesearegenerallythe mostflexible, and
potentiallythemostpowerful renderingmethodsknown.

However, while considerableadvanceshave beenmadein this area,themain
drawbacksof this grouparevery high computationalcost (to the extent of ren-
deringthemimpracticablefor thissolereason),andthepossibilityof prominently
visible varianceartifactsin theimages.Also, every imagehassimilarly high ren-
deringcost,sothesetechniquesarenotwell suitedfor animationpurposes.

Althoughthis familiy of techniquesis not thefocusof this thesis,wewill give
a brief overview oversomeimportantrepresentativeshere.

3.3.1 Distrib ution Raytracing

A naivefirst approachto stochasticrenderingasproposedby Cooketal. [CPC98]
castsrays into the scenein exactly the sameway asnormal raytracing;the key
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extensionis that at eachsurfaceintersection,the ray is propagatedaccordingto
theprobabilitydistributionof thesurfaceBRDFat thatpoint. Also, somekind of
stochasticarealightsourcesamplingis usuallyemployed.

While this versionof raytracingsill lacksglobalillumination, it is alreadyca-
pableof renderingsoft shadows andarbitrarysurfacecharacteristics.It canalso
very easilyaccommodateeffectssuchasdepthof field andmotionblur. Render-
ing timesaregenerallyhigh, andtheobtainedsolutioncanstill exhibit variance
problems.

3.3.2 Path Tracing

In thesamepaperin which heformulatedtherenderingequation[Kaj86], Kajiya
alsousedwhatwaslatertermedapathtracerto computehis results.

The basic idea behindthis techniqueis to castrays into the sceneaccord-
ing to theprobabilitydistribution of the involvedsurfacesin a fashionsimilar to
distribution raytracing. The key differenceis that, insteadof normal light and
shadow raycalculations,agivenpathis terminatedaftera randomnumberof sur-
faceinteractions,andoneattemptsto connectthe last point in the pathdirectly
to a lightsource.The outcomeof this operationcontributesto the pixel in ques-
tion; typically, dozensof suchraysare castfor eachpixel in order to gathera
useableestimateof thepixel colour. In this way global illumination information
is gathered,andall conceivabletypesof surfacesandobjectscanberendered.

However, thereareproblems,mainly with respectto performance:while this
methodis unbiasedandeventuallyconvergesto thecorrectsolution,it is alsovery
inefficient, sincemostof thepathswhich arecastinto thescenecontributeonly
very little to thefinal image.Typical reasonsfor thiscanbeif thefinal connection
to thelightsourceis blocked,or thepathinvolvessequencesof surfaceswith low
reflectivity.

Sincethe most expensive operationin any ray–basedrendereris the actual
castingandtracingof rays,very long renderingtimesandvisible noiseartifacts
which areveryhardto remove,aretypicalhallmarksof naivepathtracers.

3.3.3 Bidir ectional Path Tracing

A first substantialimprovementover basicpath tracing was bidirectional path
tracing,which wasindependentlydevelopedby LafortuneandWillems [LW94]
[LW93b] andVeachandGuibas[VG95] [VG94b].

Simply put,oneof theworstproblemswith naivepathtracersis thatfor non-
trivial geometricalsetupswith alargenumberof occluders(especiallyobjectsnear
or aroundthe lightsources,e.g.lampshades),it is comparatively hardto acquire
pathswhich contributesignificantlyto thepixel estimatewhenall oneis doingis
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to castrayswhichstartat theeyepoint.As mentionedbefore,for eachusefulpath
a largenumberof pathswith blockedlight connectionarecastin sucha case.

This behaviour canbe significantly improved if the raycastingschemeis al-
teredto trace two stochasticallydistributed rays into the scene,one startingat
the eyepoint (as in a normalpathtracer),andthe secondonestartingat oneof
thelightsources.At eachintersection,thelightsourcecontributionsareevaluated.
Thefinal connectionstepis thenmadebetweentheendpointsof thesetwo paths;
in mosttypicalscenesthisgreatlyincreasesthechanceof obtainingausefulpath.

While this approachdoesnot limit thegeneralityof thepathtracingconcept,
andsignificantlyreducesrenderingtimes,bidirectionalpathtracersstill needvery
long renderingtimes,andarealsostill proneto problemsconcerningvisible vari-
anceartifacts.

3.3.4 Metr opolis Light Transport

With the introductionof Metropolis light transport[VG97], VeachandGuibas
proposeda highly sophisticatedvariantof pathtracingwhich for certainscenes
offerslargeperformancegainsovernormalbidirectionalpathtracing.

Sinceraycastingoperationsarethemostcomputationallyexpensive partof a
renderingsystem,any reductionin thenumberof tracedpathsis a desirablegoal.
More specifically, evenwith a bidirectionalpathtracerit is still highly desirable
to further reducethe numberof thosepathswhich do not contribute to the final
image.

The key ideaof Metropolis light transportis to re–useexisting pathswhich
have alreadyprovento bevalid connections.This hasto be donein sucha way
that thesimulationis still unbiased,which is basicallyachievedby applyingper-
mutationsin path space(alsoreferredto asmutations) to existing paths.Collo-
quially speakingthis canbedescribedastrying to get themostout of a paththat
hasalreadyproven to be useful,which is doneby changingit “a little bit” – as
muchasonecangetawaywith withoutbreakingthesimulationprocess.

Theartbehinddoingthisin practiceis thatany deterministicchoiceof mutated
pathswould introduceabiasinto theMonteCarloprocess,sotheactualmutation
strategieshave to bechosenverycarefully.

Thebasicstrategy arebidirectionalmutations, whichareresponsiblefor mak-
ing largechangesto thepath.A givenpathsegmentcanbereplacedby anentirely
differentsubpath;amongstotherthingsthis canalsoalter the lengthof thepath.
Perturbations, the act of changingthe directionof a pathby small amounts,are
very useful for the renderingof caustics.The final examplewhich is given by
VeachandGuibasarelenssubpathmutations, which serve to stratify thesamples
over theimageplane;hereonly thelenssubpathof agivenpathis altered.
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Recently, investigationsby Szirmay–Kaloset al. [SKDP99] have shedmore
light onthegeneralpropertiesof MLT. Thefactthatonehaslet thesimulationpro-
cessrunfor sometimebeforeit has“settleddown” enoughfor mutationstrategies
to be applicableintroducesa start–upbias that canadverselyaffect the perfor-
mancefor sometypesof scenes.

3.4 Viewpoint IndependentRendering Techniques

Techniquesfrom this secondgroup are generallycapableof generatingimage
sequencesof a given scene– e.g.for animations– with comparatively little ad-
ditional effort, but alwaysincludea – potentiallyvery time–consuming– initial
processingstep,andalsohave considerableadditionalstoragerequirementsbe-
yond the spaceneededfor the basicscenedescription. Due to the fact that the
obtainedillumination solutionhasto be storedin someform, theseapproaches
arealsoproneto any artifactswhich this storageprocessimplies.

Sincewe proposeto extendpreciselysuchmethodsfor operationon complex
scenesin the remainderof this thesis,we describethemin moredetail thanthe
techniquesfrom thefirst group.

3.4.1 BasicMonte Carlo Radiosity

Contraryto theinherentlylimited finite elementapproachof conventionalradios-
ity methodsdiscussedin section2.3, the term “Monte Carlo radiosity” usually
denotesa physicallyplausiblesimulationof theenergy transferin a scene.Rays
arestochasticallyshotfrom emittingpatchesinto theenvironment,andeachray
representsonephotonor light ray thatcarriesaportionof thetotalemissionin the
scene.This portion is transferredto the nearestpatchhit by the ray. Theactual
weightby which thephotonis countedat this patchis dependenton theway the
energy is furtherpropagatedby thealgorithm.

Although the basicideabehindthemis similar, several differentflavoursof
Monte Carlo radiosity methodswith sometimesconsiderablydiffering perfor-
mancecharacteristicsexist. Thediscriminationcriteriaare:� thesimulationof photons: somealgorithmssimulatethecompletepathof a

singlephoton,with reflectionsandrefractions,beforegoingon to thenext
photon. Otheralgorithmscarry eachphotononly from onesurfaceto the
next, storetheenergy at thereceiving surface,andcontinuethesimulation
from therein thenext iterationstep.� the simulationof the photoninteraction with each surface: it is possible
to continuethe pathof a photonbasedon the probability given by BRDF
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if the surface,or photonswith partial energy canbe propagatedafter the
interactionwith asurface.Theformeraresometimesreferredto asRussian
roulettemethods,while thelatterareknown asfractionalphotontracers.

Therearea numberof additionalschemeswhich aretheoreticallypossible;
commonto themall is thatthey needto counttheenergy depositedat each
surfacein adifferentway in orderto obtainanunbiasedestimate.

Themostimportantstochasticradiosityalgorithmscanall bederivedfrom oneof
thefollowing original algorithms:

3.4.2 Shirley’s Algorithm [Shi90]

Thisalgorithmis basedonProgressiveRefinementRadiosity, but theform factors
for patchesareapproximatedby stochasticshootingof raysbetweenthem.

3.4.3 Particle Tracing

In this methodproposedby PattanaikandMudur [PM92] raysrepresentingparti-
cles(alsoreferredto asphotons) areemitted(or shot) from thelight sources;the
numbershotis proportionalto thecontributionof theemitterto thetotalemission
in thescene.This ensuresthatevery particlecarriesa similar amountof flux en-
ergyΦ. Therayoriginsfor thesephotonsarenormallyuniformly distributedover

Figure3.1: Relationbetweena non-uniformemissionfunction andthe starting
locationsfor raysshotfrom apatch

thesurfaceof theemittingpatch.It is alsopossibleto modelvaryingbrightnessof
light sourcesby applyinganappropriateweightingfunction to thestartingloca-
tions (seeillustration3.1); areaswheremany photonsoriginatearebrighterthan
thosewith low particleemittance(notethat this is only possiblewhenparticles
have thesameweight). Onceunderway, theparticlestravelling throughtheen-
vironmentmimic thebehaviour of real light particlesinsofarasthey arediffusely
or specularlyreflected,refractedandfinally absorbedin interactionwith surfaces.
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The decisionwhich interactionis to be taken is madestochasticallyaccording
to the BRDF of the surfaces. This meansthat particlestravel to their eventual
destinationwithout their content(i.e. the“energy packet” containingradiosityin-
formation)beingsplit (althoughtheir contentis modifiedto accommodateeffects
like colourbleeding).Any changesin directionaremodelledthroughtheproba-
bility of thecorrespondinginteraction.

3.4.4 The StochasticRay Method

In this methodintroducedby Neumannet al. [NPT% 95] aniterationstepconsists
of stochasticallydistributing theenergy of all patchessimultaneouslythroughthe
environmentby only onereflectionstep. An averageover many suchiterations
yieldsanalmostconvergedsolution;however, dueto memoryandefficiency con-
straintsit is virtually impossibleto keeptrack of all steps. Neumanntherefore
proposedanapproachwheretheresultsofarandtheoutcomeof thelastshooting
steparecombinedin suchaway thattheimportanceof thelatterdecreasesasthe
simulationproceeds.Expressedwith Bi asthesolutionin stepi, Rn

s astheshooting
resultfor stepn, andτi astheweightingfactorfor stepi ,this reads

Bn � τnBn P 1 � �
1 � τn � Rn

s (3.1)

A suitablesequencefor theweightingfactorτ is for instancetheharmonicseries
1
n. One drawback of this methodis that the illumination energy spreadsvery
slowly throughthe scene;this canbe overcomeby addinga preprocessingstep
thatscatterslargeportionsof theinitial energy throughthescene.Shirley [Shi91]
shows that the numberof raysneededto computea solutionof given accuracy
with Monte Carlo radiosity is linear to the numberof patchesin the scene,as
long asall patchesin thesceneareof similar size. Theaccuracy of MonteCarlo
solutionsis measuredby the varianceof the radiosity in the scene. All Monte
Carlotypealgorithms(notonly theonesfor radiosity),sharethepropertythatthe
varianceof a solutionhasthe complexity O

�
1�5^ N � , for N beingthe numberof

samplestaken(or in MonteCarloradiosity, thenumberof raysshot).

3.4.5 StochasticGalerkin Radiosity

In moststochasticradiositymethods,oneof theproblemsthathaveto besolvedis
thereconstructionof theradiosityfunctionoverasurfacebasedonasetof random
samplesacrossthis surface. The samplescanbe viewed asparticlesor photons
thathavereachedthesurfaceat thecurrentstageof thesimulation,andthephoton
densityfunction encodesthe radiosity function. Thus the reconstructionof the
radiosityfunction canbe viewed asa density-estimationproblem. Shirley et al.
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[SWH% 95] proposeda solutionwhich is basedon the ideaof splatting,i.e. the
photonsleave their energy not only in the form of delta-spikes,but in the form
of a kernel function that describesthe depositionof the photon’s energy on the
surface.

A completelydifferent approachcan be derived from the Galerkin method
[Zat93]. Feda[Fed96] hasshown that the Galerkin methodcan be adaptedto
stochasticmethodsusinga Monte Carlo evaluationof the kernel integral. This
sectionwill giveashortdescriptionof themethod.

TheradiosityfunctionB j
�
u � v� of asurface j canbeprojectedinto thespaceof

thebasisfunctions _ Nk ` by calculatingthecorrespondingcoefficientsBk
j , which

aregivenby thecorrespondinginnerproducts.If thebasisfunctionsaredefined
over theparameterinterval Q a � bS M Q c � d S theinnerproductsaregivenby:N B j �Nk O W �a� b

a
� d

c
B j
�
u � v�? Nk

�
u � v�? W �

u � v� dvdu (3.2)

This integral canbesolvednumericallyusingMonteCarloquadraturein thefol-
lowing way: N B j �Nk O W G �

b � a�? � d � c�
m

m

∑
i � 1

B j
�
ξi �? Nk

�
ξi �� W �

ξi � (3.3)

wheretheξi areuniformly distributedover theparameterinterval. This is a very
simple,andthereforevery inefficient typeof MonteCarlointegration.

Thisequationcannotbedirectlyusedto calculatethecoefficientsfor thebasis
function,sincetheradiosityfunctionB j

�
ξi � is notknown in advance.Thedensity

of thesamplingpoints,asprovidedby theradiositysimulation,correspondsto the
radiosity function. This fact canbe usedto modify the method: equation(3.3)
is basedon a uniform samplingstrategy. It is, however, very easilychangedto
non-uniformsampling,by introducinga probability densityfunction (PDF) f j .
For non-uniformsamplingwe thereforeget:N B j �Nk O W G 1

mj

mj

∑
i � 1

B j
�
ξi �? Nk

�
ξi �? W �

ξi �
f j
�
ξi � (3.4)

wherethesamplesξi aredistributedaccordingto f j , for short:ξi b f j . Theenergy
flux functionis transformedto thePDF f j by normalization:

f j
�
u � v��� B j

�
u � v�� A j

�
u � v�c b

a
c d
c B j

�
s� t �� A j

�
s� t � dt ds

G B j
�
u � v�� A j

�
u � v�

mj  Φ (3.5)

Heremj is thenumberof photonsthatarereflectedandemittedon thesurface j,
andΦ is the energy flux carriedby eachphoton. Note that the denominatorof
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thefirst formulationof equation(3.5) is the total outgoingenergy, which canbe
written astheenergy carriedby all outgoingphotons.Combiningequations(3.4)
and(3.5)wefind thattheinnerproductcanbeevaluatedbyN B j �Nk O W G Φ  mj

∑
i � 1

Nk
�
ξi �� W �

ξi �
A j
�
ξi � whereξi b f j (3.6)

The stochasticevaluation of the Galerkin integral is thereforereducedto a
weightedsum of the basisfunctionsevaluatedat the points wherephotonsare
emittedor reflected.

3.4.6 The Global Lines Method

Somethingthatis commonto all previouslymentionedtechniquesis thatthey can
beconsideredlocal algorithmsinsofar asthepropagationof photonsalongtheir
pathsis primarily dependenton the local geometryencounteredby the particle
duringits travels.

MateuSbertet al. [SPNP96]proposedan entirely differentapproachthat –
insteadof tracingphotonpathsfrom thelightsources– castsglobal lines through
a scene;thesetraversethescenefrom endto end,andall intersectionswith any
objectthey encounteris recorded.All mutuallight transfersarethenperformed
betweenthesceneintersectionpointsthatlie on theserandomlychosenpaths.

While the global lines techniqueis quite efficient by itself, it performsbest
when it is precededby a shootingstepwherethe lightsourceenergy is initially
distributedthroughthescene.

Althoughtheperformanceof thealgorithmis quite impressive, it doessuffer
from a few drawbacks,suchas that in its original form it is only applicableto
diffusescenes,andthat the mostefficient way to castraysin arbitraryscenesis
not quiteclear.

3.5 Methodsof Recording PhotonHits

Apart from theexacttypeof MonteCarloradiosityalgorithmused,thesecondkey
characteristicof any implementationwhich is basedon thetechniquesoutlinedin
the previous sectionis how the illumination function of the scenein questionis
stored– andreconstructed– from thedatagatheredduringthesimulation.

Thereare two basicoptionsfor storing the interactionsthat occur during a
photontracingsimulation. The first recordsevery single interactionseparately;
thispreservesall theinformationgainedduringthesimulation(andhence– when
doneproperly– ensuresmaximalfidelity of theresults),but needslargeamounts
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of storagespaceandhaspotentialperformanceproblemsduringthereconstruction
process.

Thesecondpossibility is to usea discretizedfunctionalrepresentationof the
illumination function on surfacesor in volumes,and to updatethis representa-
tion accordingto the gatheredphotonhits. The main advantageshereare the
controllableamountof storageusedfor the illumination representation,andthe
somewhatbetterpredictabilityof whena convergentsolutionhasbeenobtained.
In thefollowing sectionswedescribethetwo approachesin moredetail.

3.5.1 PhotonMaps

The conceptof photonmaps, wherethe incidencesof the individual photonson
surfacesin the scenearestoredin a global datastructurewith all their informa-
tion – suchasincomingdirection,locationandintensity– wasfirst proposedby
Jensen[Jen96, Jen97].

While the initial recordingof thephotonhits is a conceptuallysimpletask–
albeit onewith the minor disadvantageof needinghugeamountsof memoryif
large numbersof photonsare traced– the challengingpart of this techniqueis
thereconstructionof the illumination functionfrom theserandomlyplacedpoint
samplesof theillumination function.

In orderto computetheradianceLr at a givenpoint x in thescene,onebasi-
cally hasto locatethen photonsnearestto x andaddup their influences.While
this would benext to impossibleif a bruteforceapproachwereused,thesearch
for thesen photonscanbedoneefficiently if thephotonsarestoredin a balanced
kD–tree. The balancingof the kD–tree,which canbe quite computationallyin-
tensive,hasto bedoneonly once– afterthephotontracingpass,whichoriginally
leavestotally unorderedphotonhits in agloballist, is over.

PerformanceConsiderations

A key advantageof photonmapsoverthelightmapapproachdiscussedin thenext
sectionis that, sincephotonhits arestoredin global coordinates,the methodis
theoreticallytotally independentof theobjectrepresentationsusedfor thescene.
Specifically, aspointedout by Jensen[JC98], photonmapsnaturallyextend to
cover participatingmedia,andrequireno propertiesof the geometricprimitives
in asceneotherthanthatthey canbeintersectedor traversedby a ray.

In practice,photonmapsare not usedaloneduring the renderingpass;for
specularand highly glossysurfacesMonte Carlo samplingis used,and direct
illuminationis calculatedusingshadow rays.Activedensitycontrolduringphoton
mapacquisitionwasdemonstratedby Suykens[SW00].
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Usability in Complex Scenes

Jensen[Jen97] pointsout that his method,while it is (unlike mostotherphoton
tracingmethods)not particularlyproneto varianceproblemsdue to undersam-
pling, hasthedisadvantagethat it tendsto uselargeamountsof memoryevenfor
comparatively small scenes(cf. thememoryusagestatisticsgiven in the paper),
makingit a lessthanoptimalchoicefor complex scenes.

3.5.2 PhotonTracing using Lightmaps

The secondmajor approachto storingthe samplesgatheredduring the shooting
passis to usephotonlightmapsthatcover thefacesof thegeometricprimitivesin
thescene(seefigure3.2)andstoretheenergy depositedby photonhits there.

Weusetheterm“photonlightmaps”to reflecttheusageof thesedatastructures
in aphotontracingenvironment;theconceptof suchradiositytextureswasintro-
ducedin abidirectionalraytracingcontext underthenameof Rexesby Heckbertin
[Hec90b].While thedatastructuresthatwe usefor storingirradiancearesimilar,
we employ a different,moreefficient methodof determiningthe actualindirect
illumination. Any kind of functionalrepresentationcanbeusedfor therecording

Figure3.2: Photonlightmapsappliedto thefacesof basicgeometricprimitives.

of photonhits on theselightmaps;althoughhigher–orderbaseshave beenused
(e.g.by Zatz[Zat93]; theproblemis alsodiscussedby Bekaert[Bek99]),themost
commonlyimplementedsolutionsuseconstantandbilinear representations(see
figure3.3for acomparison).This is mainlybecausethenumberof hitsneededfor
a stableestimaterisessharplywith theorderof representation,but alsobecause
issuessuchashow exactly a high–qualityinterpolationof the lightmapelements
canbeperformed,turnout to beunexpectedlythorny for higherorderrepresenta-
tions. Photonlightmapscanbeappliedto thefacesof basicgeometricprimitives
muchin the sameway astexture maps,asshown in figure 3.2. While the “tex-
els” on theselightmapsareseparate(patch–like) “buckets” into which photons
fall, therealobjectgeometryis usedduringthesimulationandthefinal rendering
pass.Also, the whole lightmapis considereda coherententity (asopposedto a
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functional representation

marks spots of photon incidence

constant linear

Figure3.3: Constantandlinearrepresentationof thesamesetof photonhits on a
surface.Higher–orderrepresentationswork in a similarway.

sumof independentpatches):afactthatis highly usefulfor interpolationpurposes
duringthefinal renderingpass.

It hasto benotedthat the regular subdivision of the lightmapsshown in fig-
ure3.2is in nowaymandatory;onecanuseany meshingand/oranadaptivehier-
archicalapproach,asoriginally demonstratedby Heckbert[Hec90b]or (adapted
for photontracing)by Tobler et al. [TWFP97] for this task. The radiosityof a

Figure3.4: Uninterpolatedradiositysolutionsusingconstantandlinearlightmap
texels. Thearguablymoreconvincing appearanceof the linearsolutionis offset
by thefactthatit requiresmorephotonhits,andis harderto interpolateproperly.



CHAPTER3. STOCHASTICGLOBAL ILLUMIN ATION METHODS 36

planarlightmaptexel j is (atany timeduringthesimulation)

B j � 1
A j

 mj  Φ (3.7)

wheremj is thenumberof particlesreceivedby texel j, A j its surfaceareaandΦ
theenergy carriedby onephoton.

This shows the necessitythat during the setupphaseof the simulationthe
surfaceareahasto becomputedfor eachlightmaptexel; a requirementthatincurs
aconsiderableexecutiontimepenaltyif curvedandarbitrarilytransformedobjects
areused,especiallyin thepresenceof CSGintersectionsthatmayclip off partof
the texelsasdiscussedin Wilkie et al. [WTP98]; especiallythe latterproblemis
discussedin detail in chapter5.

The surfaceareaof a texel is also the reasonwhy it is necessaryto usea
“good” surfacetesselationwith no singularitiesfor the lightmaps. For example
a normal,singlepatchglobe–like texturemappingon a sphereis not suitablefor
texel storagebecauseof the singularitiesat the poles;in our systemwe e.g.use
tesselationinto 8 trianglesfor spheres;this configurationavoids singularitiesat
thepatchjoints.

PerformanceConsiderations

Similar to Jensen’s PhotonMaps,photonlightmapsarenormallynot usedalone
– their advantagesarebestput to usein thecontext of a multipassrendererthat
e.g.usesarealight sourcesamplingto determinethedirect illumination at a sur-
facepoint, andthe informationin the lightmapsfor all othercontributions. The
only modificationonehasto make to thephotontracingalgorithmto accommo-
datefor this is, thatin thiscasethelightmapsstartrecordingphotonhitsonly after
their first bouncefrom asurface.

Comparedwith Jensen’sphotonmaps,lightmapsare– dueto theirdiscretiza-
tion of theilluminationfunctiononasurface– inherentlylesscapableof resolving
fine illuminationdetails,suchasthosewhichonecanfind e.g.in causticpatterns.
Theirmainstrengthlies in thefactthatin normal,mainlydiffuseandslowly vary-
ing illuminationconstellationsonlargesurfaces(i.e.atypicalarchitecturalinterior
scene),they usefar lessmemory, andarealsoslightly fasterto processduringthe
final renderingpass.

Due to theseproperties,we deemlightmapsto be worthy of further inves-
tigation. Even thoughthey are in somecases– notably causticsand specular
reflectionpatterns–not capableof generatingresultsof thesamehigh quality as
photonmapswith comparableeffort, their significantlylower memoryfootprint
makesthemthebetterchoiceasa startingpoint for adaptationsto complex envi-
ronments.
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Figure 3.5: Causticpatterns,suchas the bright and dark areascausedby the
reflectionfrom, andrefractionthroughthe transparentobjectsin this scene,are
a phenomenonthat is moreefficiently traceableby a rendererthat usesphoton
mapsthanwith lightmaps.However, if thelightmapresolutionis sethighenough,
equivalentimagesarepossible,asthis imagedemonstrates.
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Usability in Complex Scenes

Lightmapsin theiroriginal form takebadlyto complex scenesfor threemainrea-
sons.Thedatastructuresthat recordphotonhits aremaintainedlocally for each
primitive in thescene,leadingto moreor lessfixedmemoryrequirementsperge-
ometricprimitive. While this is practicablefor Cornellbox environments,it does
not work for e.g.a forestwith a hugenumberof needleson onetreealone.Also,
in orderto performa meaningfulreconstructionof the illumination on a surface,
acertainnumberof photonhitshasto berecordedoneachphotonlightmap.This
is clearly impracticalfor complex scenes,especiallysincethe shootingof pho-
tonsbecomesmoreexpensive as the numberof participatingobjectsincreases.
Finally, the costof performingexact surfaceareacalculationsis prohibitive for
largescenes.

It hasto be notedthatonehasto addressall thesethreeissues(areaestima-
tion, memoryconsumptionandconvergencespeed)simultaneouslyif onewants
to makelightmap–basedphotontracingsuitablefor usein complex environments;
everysingleoneof theseproblemswould renderit impracticablefor thepurpose.
In chapter5 we take a first steptowardsthis goal,andexpandfurther on this in
thefollowing chapters.



Chapter 4

Modeling complexscenes

In thischapterweaimto provideanoverview of thetechniquesusedfor efficiently
specifyingscenedescriptions.Their main goal – to keepmemoryusagewithin
reasonablebounds– implies thatasfew geometricprimitivesaspossibleshould
be usedin theprocess,andthat implicit and/orrule–baseddefinitionsof objects
oughtto beemployedwheneverpossible.

Thecurrentpreoccupationof thecomputergraphicsindustrywith hardware–
acceleratedrenderinghasled to a situationwheretrianglesandpolygons,which
areactuallyinappropriatefor anexactrepresentationof mostscenes,areby farthe
mostcommonlyusedgeometricprimitives.Becauseof theirlow expressivity, they
usuallyhave to beemployed in comparatively vastquantitiesif visual fidelity is
to bemaintained.This inherentlyraisesscenecomplexities in awaywhichwould
actuallybeavoidable.

Most of the techniquesoutlinedin this chapterarenot asfrequentlyusedas
they oughtto be,sincethey attemptto movebeyondthis industrystandardanduse
moreadvancedconceptsfor representingobjects.This doesnot diminishthefact
thatthey areimportanttoolsfor reducingscenecomplexity, which in turn greatly
easestheburdenonglobalillumination techniques.

4.1 Constructivesolid geometry

Constructive Solid Geometry(CSG)is oneof themostefficient objectrepresen-
tationsfor ray tracing. All kindsof solidswith a well–definedboundaryandin-
terior/exterior classificationcanbecombinedby threeBooleanoperatorsto build
up complex scenes.

Eachsceneis definedby a binary expressionconsistingof CSG operators
and primitives. The operator d createsthe union of two volumes,operator e
their intersectionandtheoperatorf subtractsthevolumeof thesecondoperand

39
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from thevolumeof thefirst. Transformationsareeitherassociatedwith primitive
objectsor incorporatedinto CSGexpressionsasunaryoperators.

A

B

A

B

A

B

Figure4.1: 2D examplesof the threeCSGoperators.From left to right union,
intersectionandsubtractionareshown, with theresultshown in darkgrey. Note
that,unlike theothertwo, subtractionis notasymmetricaloperation.

4.1.1 Raytracing CSG Models

Booleanoperationsof simpleobjects(CSGmodels)wereoriginally introducedto
theray tracingworld by GoldsteinandNagel[GN71].

Duringmodeling,suchexpressionsarerepresentedasbinarytrees,calledCSG
treesor scenegraphs, andwhicharecapableof beingtraversedby therayintersec-
tion procedure.The elementsof thesetreesarereferredto asnodes, andduring
operationswhich involve a traversalof the treea traversal state is maintained.
During a traversal,thestateholdsthecurrentlyactive properties,suchasthecur-
rentmaterial,surfacetypeor 3D transformations;they areput on this stack–like
datastructureasthecorrespondingattributenodesarepassedonthewaydown in
thegraph,andremovedon thewayup.

As a simplifying preparationto theactualraytracingof a scene,thetransfor-
mationmatrices– whicharenormallydistributedovertheentirescenegraph– are
usuallypusheddown andstoredin theleavesof aCSGtree,sothatarayhasto be
mappedfrom world spaceinto primitiveobjectspaceonly once.Thissignificantly
savescomputationtimeduringrendering.

All intersectionsof a ray with primitivesin the leavesof a CSGtreearecol-
lectedin a list, which is usuallyreferredto ashit list in thecontext of a raytracer.
The Booleanoperatorscanthenbe performeddirectly on the intersectioninter-
vals of this ray hitlist. The three–dimensionalproblemof combiningprimitive
volumesis therebyreducedto theone–dimensionalproblemof combininginter-
valsof a ray [Rot82].

An alternative datastructurefor the representationof CSGexpressionsis a
directedacyclic graph(DAG), whereprimitive objectsare storedonly once,a
featurethatwascalledobjectinstancingin [RW80]. This impliesthattransforma-
tionsarestoredasinternalnodesof aCSGDAG, which haveonly onesuccessor.
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This structuresavesmemoryif thedescriptionof theprimitive is large,but when
usedin a ray tracingcontext it hasthedrawbackthata ray hasto betransformed
morethanonceon its way throughthegraphto aprimitivenode.

Figure 4.2: Thesetwo imagesare a good examplesof whereCSG is a supe-
rior modelingparadigmcomparedwith polygon–basedapproaches.The highly
detailedtype 310 steamlocomotive modelcontainsonly 3744geometricprimi-
tives(morethana third of which areparaboloidsfor theindividual rivets),while
lessthan380 suffice for the biplane(the majority areengineparts). Sincethere
is a large numberof curved surfacesin eachmodel one would needordersof
magnitudemorepolygonsto adequatelydescribethemin similar quality. (steam
locomotivemodelby KatharinaWeisleinandDr. WolfgangFreund)

4.1.2 CSG Models in Practice

While CSGmodelsarea naturalmatchfor ray–basedrenderingmethods,other
techniqueshave difficulties with them. Direct real–timerendering(e.g. using
OpenGL)of CSGmodelsis impossibledueto the lack of high–level geometric
objectsin most renderinghardwareandlow–level APIs. Although several effi-
cientschemeshave beenpublishedthatutilize the informationin thez–buffer of
a graphicsacceleratorto properlydisplayCSGintersections,native CSGis still
very rare.CSGmodelsalsohaveto betesselatedbeforeuse,which is bothwaste-
ful with respectto storagespace,anddiscardsthe high–level informationabout
theinvolvedprimitives.

Apart from thesereal–timerenderingissues,CSGmodelsarealsoplaguedby
theproblemthatdegenerateintersectioncasescanoccurthroughthroughcareless
modeling.An exampleof this would becoplanarfaceson objects;hit lists from
suchconfigurationsarenot properlyresolvable.
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Theseproblems,togetherwith the inherentpreferenceof industry for poly-
gons,have led to a situationwhereCSGis usuallyofferedasanoptionin model-
ing programs,but is normallynotusedfor theactualobjectrepresentationsduring
rendering,wherepolygonaltesselationsof CSGintersectionsarepreferred.

4.2 Nontraditional Object Descriptions

While CSG is a stepin the right direction if oneaims at reducingthe number
of geometricprimitivesneededto describea scene,the possibilitiesof all con-
ventional,primitive–baseddeclarativemodelingparadigmsaresomewhatlimited
whenit comesto representationsof naturalobjects.

Describingthingslikeclouds,terrainor plantsrequirestechniqueswhichtran-
scendthe“exactobjectblueprint” approachwhich is normallyused.During the
pasttwo decades,two mainclassesof suchnon–traditionalobjectmodelingtech-
niqueshave beendeveloped,althoughthe dividing line betweenthemis some-
timesabit blurred.

4.2.1 Fractals

Fractals,the first of thesetwo groups,wereactuallyalreadydiscoveredaround
the turn of the lastcenturyby mathematiciansworking in settheory, but lack of
computingpower meantthat– apartfrom a few very easyspecimenssuchasthe
Kochcurve– they couldnot beproperlydisplayedbeforetheadventof computer
graphics.

The term fractal derives from the fact that it is possibleto defineobjects–
usually as the convergent limit of an iterative process– that have a fractional
topologicaldimension.While this characterizationis not particularlyintuitive, it
is oneof thefew commondenominatorsin awholerangeof techniques,whichcan
be usedto generateobjectswith appearancesthat rangefrom nature–like things
suchas clouds, to merely strangeshapeslike Mengersponges,and downright
bizarreobjectslike3D quaternionfractals.

Sincetheactualfractalis usuallya limit surfaceor shapethatis theendresult
of aninfinite iterationprocess,mostpracticalapplicationsuseapproximationsto
them,which areobtainedby terminatingthe iterationsaftera certainnumberof
steps.

A distinguishingfeaturewhich appliesto mosttypesof fractal with varying
degreesof intensityandobviousnessis self–similarity. While the famousMan-
delbrotsetcontainsinfinitely many slightly modifiedcopiesof itself in all sizes,
fractal terrainsrealizethis propertythroughstatisticallysimilar appearanceat ar-
bitrary magnifications– no matterhow closeonezoomsin, theviewedportionof
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thesurfaceis alwaysaswrinkledasthewholearea.

Figure4.3: Representativesof variousfractal types. In clockwiseorder, starting
from thetop left: acloseupof theMandelbrotset,a3D renderingof aquaternion
fractal,a fractal landscapeanda fractalcloudsimulation. (Quaternionimageby
GodwinVickers,landscapeimagesby KenMusgrave)

Thetasksfor which fractalsarenowadayscommonlyusedasmodelingtools
in computergraphicsare the descriptionof clouds(througha classof methods
which is usuallyreferredto asplasmafractals), andterraingeneration.Thelatter
areusually iterative andrecursive displacementmethodsthat operateon terrain
grids.For addedrealismit is notuncommonto addpost–processingstepssuchas
erosionmodelsto contourmesheswhichweregeneratedbysuchfractalprocesses.

4.2.2 L–Systems

While fractalmethodsarevery usefultoolsfor efficient generationof severalob-
ject types,suchascloudsor terrain,they fall seriouslyshortin someotherareas,
particularlythedescriptionof plantsandotherorganizedstructures.

An obviouspropertywhich speaksagainsttheuseof fractalsfor plantsis that
– apartfrom somerareexceptionssuchasbroccoli – plantsarenot self–similar
acrossscaleranges.They alsoexhibit anorderedgrowth structurewhich makes
the useof rule–basedsystemswhich simulatethe underlyingprocessesto some
degreeamuchmorefeasibleproposition.
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Similar to fractals,the main techniquewhich hasproven useful in this con-
text doesnot originatefrom thefield of computergraphics.Aristid Lindenmayer
originally introducedtheconceptof parallel rewriting systems(which werelater
renamedL–systemsafter their inventor) to biology as a simulationfor cellular
interactions[Lin68].

However, the basicideaof representingstateasa setof symbolswhich are
recursively modifedby repeatedapplicationof certainruleshasprovento beuni-
versalenoughto beadaptedfor usesoutsidebiology. Severaldifferentversionsof
thesameprinciplehavebeendeveloped;webriefly discusssomeof them.

D0L–Systems

The simplesttype of theseL–systemsaredeterministic, andare commonlyre-
ferredto asD0L–systems. As all otherversions,they arerewriting systemswhich
operateon stringsof symbols(which are chosenfrom a predefinedalphabet),
anditeratively generateoutputstringsby applicationof their rewriting rules(also
calledproductions) to thesestrings.Theoutputstringsarethenrecursively used
asinputsof thenext iteration;thestepwhich generatesthis new outputis called
derivation. An initial string,theaxiom, mustalsobedefinedasstartingpoint for
theiteration.

0L–systemsarealsoknown ascontext–freeL–systems. They canformally be
definedby a triplet L : g V � ω � P h , whereV is the usedalphabet(a finite setof
symbols),ω is the axiom (a string from V), andP is the applicablefinite setof
substitutionrules,theproductions.

As anexamplewedemonstratethesimplesystemL : gi_ a � b ` � b �j_ a k ab� b k
a ` h in “action”. In thefirst derivationsteptheaxiomb is replacedby a according
to the secondproduction. In the secondstepthe productiona k ab is applied,
which yields ab. The third stepreplacesboth symbolsof the string in parallel
usingtheappropriateproductions(thosewhichtakeaandbasinput,respectively),
which leadsto theresultaba.

In general,thederivationof astrings2 from a strings1 is denotedby s1 l s2.
Theresults of thenth derivationstepcanbewrittenass � hn � ω � . In ourexample
thederivationsequenceis b l a l ab l aba l abaab l &�&�& , ande.g.h5 � b� l
abaababa.

The Turtle Inter pretation

As defined in the previous section, D0L–systemsare not particularly useful
for computergraphicsyet, since they only generatestrings, and not objects.
Prusinkiewicz proposeda graphicalinterpretationfor thestringsymbols[Pru86]
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of suchsystemsthatis basedontheturtle graphicsof theLISP–likeprogramming
languageLOGO,which waspopularonhomecomputersof thetime.

Theturtle is astatefuldrawing cursorwhichcanbemovedaroundthedrawing
areaby a simplecommandset. The commandsareF (move onestepof length
d anddraw a line), f (thesame,only without drawing a line), � (turn clockwise
by an angleof δ, and � (same,only counterclockwise).An exampleof sucha
commandsequenceis givenin figure4.4.

Figure4.4: A simpleshapeencodedwith turtle commands.Thesteplengthd is
1, andtheturningangleδ is 90 degrees.Thecommandsequenceto generatethis
outputwouldbeFFF � F f F � F � F f � F � FF � F � FFF.

Oneshortcomingof thecommandsetin thequotedform is thatit is impossible
to generatebranches.This functionality canbe addedto the systemby adding
two new commandsin theform of openingandclosingbrackets( Q and S ). These
pushandpop thestateof the turtle ontoandfrom thestack,respectively. These
bracketed(D)0L–systemswereintroducedby Prusinkiewicz [Pru87]; figure 4.5
deomstratesanexample.

StochasticL–Systems

Even thoughwe are now able to generatebranchingstructureswith L–system
turtle graphics,theoutputof theseautomataleavesquitea lot to bedesiredwhen
it is comparedwith realplants.Oneobservationis that,althoughtheir basicplan
is similar, hardlyany two plantsareeverquitealike.

Thisleadsusto thepropositionof Eichhorstetal. [ES80] to introducerandom-
nessinto the productionsof a system.In particularthis meansthatwe cannow
specifymultipleproductionswith agivenpredecessor, andassignaprobabilityto
eachof them(thesumof theseprobabilitieshasto beone).Formally, astochastic
L–systemis now aquadrupletL : g V � ω � P� π h ; thenew componentπ : P k �

0 � 1S
containstheprobabilitiesfor eachproduction.
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b
m

ranching point

Figure4.5: A simplebranchingshapeencodedwith turtle commands.The step
lengthd is 1, andthe turning angleδ is 45 degrees.The commandsequenceto
generatethis structureis F Q�� F QR� F S F S F Qn� F Qn� F S F S F Q�� F S F, and the segments
with thearrows wouldbethosewherea furtherrecursionwouldaddelements.

This implies that,during a singlerewriting step,multiple occurrencesof the
samesymbolcan – accordingto the probabilitesof the possibleproductions–
be replacedby the result of different rules. If only one rule exists for a given
predecessor, its probabilityhasto beone.

Context–Sensitive L–Systems

An evenfinerwayof controllingthegrowth of structuresis to takethecontext of a
givensymbol(i.e. its neighbours)into accountbeforerulesareappliedto it. This
is differentfrom just applyinga rule to the groupformedby the symbolandits
neighbours,sincethe context cannotbe modifiedby the production;it canonly
influencetheselectionof anappropriaterule.

Thenumberof context symbolsleft andright of the mainsymbolwhich are
usedis arbitraryandcanbechosenby theuser. In practice,it is apparentlyrareto
usemorethanoneor two context symbols;suchL–systemsarereferredto as1L
and2L–systems,respectively (this alsoexplainsthenotation0L for context–free
systems).

Parametric L–Systems

However, the possibilitesofferedby 2L–systemsarestill limited insofar as the
rulesethasno way of influencingthe behaviour of the turtle beyond the simple
drawing commandslisted earlier, which correspondto the insertionof geomet-
ric primitivesin 3D. While this sufficesfor the creationof fractalsandartificial
branchingstructures,the largenumberof factorswhich govern thedevelopment
of real plantsmakessucha restrictedsysteman unlikely contenderfor a good
simulation.
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A major improvementcanbe realizedby allowing the systemto modify the
parametersof turtle movementaccordingto the currentstate.Theseparameter-
izedL–systems, which wereintroducedby Prusinkiewicz et al. [PLH88], arefar
moregeneralandsophisticatedasthey finally enabletheuserto describevarious
repetitive objectslike fractal terrain,linear fractals,plantsor seashells.Further-
more,they potentiallyallow mutualinfluencesof thevisualappearanceof these
objects,andinterdependency of theirgeometry.

Thesesystemsoperateonstringsof modules, whichconsistof asymbolanda
finite setof associatedparameters.If V is thealphabetof thesystem,thenV M Ro
definesamodule;Ro is thesetof all finite setsof parametervalues.A modulecan
bewrittenasM

�
a0 ��&�&�&�� an � , with M p V anda0 ��&�&�&j� an p Ro .

Formally, a stochasticpL–systemcan be written as a quadrupletL : g
V � Eω � P h . The differencesto the previous definitionsarethe inclusionof E –
the formal set of parameters– and changesin scope– ω p �

V M Ro � % , and Pp �
V M E o.� M L

�
E � M �

V M A
�
E ����o . �

V M Ro:� % is the setof non–emptymodule
strings,L

�
E � is thesetof all valid logical expressions,andA

�
E � is thesetof all

valid arithmeticexpressionsthatcanbespecifiedusingparametersfrom E.
Productionsare now written in the form of predecessor: condition k

successor, as in e.g.F
�
t � : t h 0 k F

�
t � 1� F � 4� . A productionp canonly be

appliedto amodulem if thesymbolof mandthepredecessorsymbolof p match,
thenumberof parametersof thepredecessorandm matchandtheconditionin p
evaluatesto true.

As definedhere,pL–systemsaredeterministic,but they canalsoexpressthe
samestructuresasstochasticL–systemsif callsto arandomfunctionarepermitted
in productionrules(bothin theconditionandsuccesorparts).This moreflexible
approachobviatestheneedfor explicit choosingprobabilitesπ for theindividual
rules.

ω : X
�
6� (4.1)

p1 : X
�
l � : l � 0 krq enerateTetrahedron

� �
p2 : X

�
l � : l h 0 k T1X

�
l � 1��� T2X

�
l � 1��� T3X

�
l � 1��� T4X

�
l � 1�

Therulesetshown above is a simpleexampleto illustratetheseconcepts.It is
thepL–systemfor thegenerationof a Sierpinskitetrahedron;theDCSGcounter-
part for this systemis shown in figure 4.7. By specifyingX

�
6� asthe axiom ω,

we determinethat this systemwill generatea Sierpinskitetrahedronof recursion
level 6. Productionsp1 and p2 representa conditionalbranch: if l h 0, then l
is decrementedby oneandthe transformationsTn areappliedto the four recur-
sively emittedX. TheTn areresponsiblefor theshrinkingandtranslatingof the
sub–tetrahedraat thecorners..
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4.3 Dir ectedCyclic SceneGraphs

GervautzandTraxler[GT96] proposedto useDirectedCyclic SceneGraphs(DC-
SGs)basedon pL–systems.Theresultis anobjectinstancingtechniquefor pro-
cedurallydefinedcomplex scenesthatis well suitedfor representationof complex
naturalscenes.

Figure4.6: DCGswereusedto model (throughautomatictreeplacement)and
representthis scene.It wasrenderedon a machinewith 64 MB of RAM, which
was not enoughto keepthe entire scenein memory. Imageby Dr. Christoph
Traxler.

PL–DCSGsare a powerful extensionto the DCSGsusedby Hart and de-
Fanti [HD91] for ray tracingof linearfractals.TraxlerandGervautz[TG97] also
demonstratedthecombinationandcooperationof differentpL–systemsto simu-
late the spreadof faunaon a fractal terrainaccordingto naturalconstraints(i.e.
consideringsealevel, timber line andsouthslopes).This allows therenderingof
hugescenesconsistingof avastamountof primitivesrepresentedby only asmall
setof interlinkedDCSGs;anexampleof their work canbeseenin figure4.6.

4.3.1 PL-systemsfor CSG Expressions

BecauseCSG expressionscan be seenas strings, it is possibleto derive them
from a pL–system.It is an essentialaspectof pL–systemsthat the geometryof
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thegeneratedobjectsevolvesfrom the derivationsequence.For this reasonit is
advantageousto specifytransformationsasparameterizedunaryoperatorswithin
theCSGexpressions.

As pointedout in detailby Gervautzetal. [GT96], onehasto becarefulwhen
designingapL–systemthatis supposedto generateavalid CSGobject.Themain
problemis that the derivation sequencecannotbe stoppedarbitrarily as when
usingpL–systems,wheretheturtle ignoresmodulesthatdonotbelongto its com-
mandset;theresultof thederivationprocesshasto bea setof well–formedCSG
expressions.

This hastwo consequences:first, rulescanonly beappliedto modules(gen-
eratingrules),andsecond,at leastonerule which finally substitutesall variables
with a stringof terminals(terminatingrules)mustexist for everymodule.

4.3.2 Translation of pL-systemsinto Cyclic CSG Graphs

Thefirst stepis to interprettheright handsideof eachrule(thestringfollowing the
derivationsymbol k ) asanormalCSGexpression,andto instanceany modulesin
theseexpressionsasspecialscenegraphnodeswhichfit into theschemedescribed
in section4.1.1.In thiswaywecanbuild anormalCSGtreewith cyclic elements
– which correspondto branchingrules– out of eachright handside. After that,
therulesareencodedin anotherspecialtypeof node.Wewill discusstheworking
of thesenodesin turn.

For the following explanationsit is necessaryto recall that in our rendering
system,the currentstateof a pL–systemis storedby the raytracingscenegraph
traversalstate,which normallyholdssuchinformationasthecurrenttransforma-
tion matrix; this informationhasto be extendedto include the currentlyactive
rulesandthecurrentvariablebindings.

4.3.3 Value Nodes

Transformationsandotherscenegraphnodeswhich aredependenton numeric
valueshave to have the capability to optionally evaluatevaluenodesinsteadof
hardcodednumericvalues. In the caseof pL–systemrules,valuenodesthat are
capableof performingtheneededcalculations– suchasincrementanddecrement
of branchinganglesandindices,andperforminglogical evaluationsofconditions
– areused.

It is worthnotingthatvaluenodesarealsodesirablein a renderingsystemfor
reasonsotherthansupportfor pL–systems;e.g.shadinglanguageconstructsare
alsodependenton similar features,andalsorequirespecialvaluenodes(suchas
colourinterpolation)thatnormallyhave little relevanceto pL–systems.
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4.3.4 ReferenceNodes

Referencenodesprovide the equivalentto pointerswithin a cyclic graphin our
system. However, they are not actual pointers,but rathersimply provide the
uniquestring which identifiestheir targets. This string is thenusedto obtaina
referencefrom thenamebindingsin thetraversalstate.

In this way our implementationof cyclic scenegraphsis technicallystill a
DAG, while providing full DCGfunctionality;thismadetheimplementationeas-
ier, sincewecouldrely on thetestedDAG code.

4.3.5 AssignmentNodes

Thesenodesstoretherelationshipsbetweenparameters(or variables) andactual
values.Thevaluescanbeeithernumeric,or theresultof valuenodes.Parameters
areidentifiedby theirnames,i.e.a uniquestring,andthetaskof thesenodesis to
pushtheircontentontothetraversalstackwhenthey arepassedonthewaydown,
andto popit off againon thewayup.

4.3.6 Rule Nodes

Thesenodescontaintheactualruleswhich governthebehaviour of apL–system.
They alsopushtheir contentsonto therule stackwhenpassed,andremove their
contributionagainwhenit is no longerneeded.

In orderto provide a compact,yet instructive,exampleof theseconcepts,we
show the sectionof a cyclic scenegraphthat generatesa classicalstrictly self–
similar fractal,theSierpinskitetrahedron,in Figure4.7.DCSGsfor actualnatural
objectslikee.g.treesoperateonexactly thesameprinciples,but aremorecompli-
catedandlesssuitedasdemonstrationobjects.If oneweree.g.to includethede-
tailedfindingsof WeberandPenn[WP95]aboutrealistictreemodelsin aDCSG,
theresultwouldbeaveryrealistictree,but thescenegraphwouldbemuchharder
to decipher.

4.4 Raytracing of Cyclic CSG Graphs

Raytracingis doneaswith any normalsceneby traversingtheCSG–graphin are-
cursiveway. As in conventionalraytracingwith CSG–trees,theray is intersected
with all primitive objectsthat are found to be within the possiblerangeof the
ray (e.g.throughboundingboxtests),andthegatheredintersectioninformationis
combinedafterwardsby Booleanoperationsin theoperatornodes.
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Figure4.7: Representationof a Sierpinskitetrahedronof recursionlevel 6 asa
cyclic CSGgraph. The level of recursionis determinedby the variableassign-
ment level � 6 at the beginning of the DCSG.The triangle symbol denotesa
tetrahederonprimitive,while thecirclesareCSGORoperators.Theactualcyclic
referencesarenotmadethroughpointers,but ratherthroughsymbolnamestrings
likestart.

If DCSGelementsarepresent,theonly differencesto thestandardDAG ray-
castingalgorithmlie in thewaythesespecialnodeswork; mostof thishasalready
beenexplainedin theprevioussection.

Oneareawhichrequiresspecialattentionis boundingboxesandtheefficiency
of intersectiontests. In the beginning, all DCGsare unfoldedonceduring the
scenesetupphasein order to determinetheir boundingboxes. The generated
objectsarenot retained,andonly the obtainedboundinginformation is stored.
During theactualraycasting,only thoseobjectsareinstantiatedwhosebounding
volumesare intersectedby the ray; in this way, only a small percentageof the
scenehasto bekeptin memeoryat agiventime.

However, thisconstantdiscardingof just instantiatedobjectsis usuallywaste-
ful, becauseneighbouringraystendto intersectthesameobjects. It is therefore
advisableto maintaina cacheof recentlyexpandedDCG objects,andto replace
theleastrecentlyusedinstancein thecacheonceanew instancehasto becreated.
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This schemecanyield considerableperformancegains,but it hasto betuned
well in orderto beeffective. A toosmallcacheactuallyperformsworsethannone
at all dueto theadministrativeoverheadincurred,while largecachesarewasteful
on memoryandyield only smallperformancegainsbecausethereis usuallyonly
a limited amountof ray–to–raycoherencewhich is exploitablein ascene.



Chapter 5

PhotonTracing for CSGSolids

5.1 Moti vation

After having presentedthe necessarybackgroundin the precedingchapters,we
now presentin thisandthenext two chaptersthreesuccessiveimprovementsto the
basicphotontracingalgorithmwhich greatlyimprove their usabilityon complex
scenes.

As canbeseenfrom section2.3,a majorstumbling–blockfor usingconven-
tional viewpoint–independentglobal illumination algorithmson complex scenes
is the fact that thesetechniquesrequirethe sceneto be discretizedinto planar
patchesbeforeany light transportsimulationis performed.

Evenfor scenesthatdonotcontaincurvedsurfaces,thisdiscretizationgreatly
increasesthe numberof objectsthat participatein the calculations.This in turn
greatlyreducesthe sizeandcomplexity of the scenesfor which it is possibleto
computea solution, sincethe limits of the usedalgorithms– in this casewith
respectto the numberof objectsthat can be processed– naturally remainthe
same.

5.1.1 Avoiding SceneTesselation

An obviouspointfor improvementhereis to ensurethatnotesselationof thescene
is necessaryin thefirst place– thissolvestheissuesconventionalalgorithmsface
concerningbothcomplexity andapplicabilityto sceneswith nonplanarobjects.

Becausethey break the one–to–onecorrespondencebetweeengeometrical
primitivesin asceneandthedatastructuresusedto computeandstoretheillumi-
nationsolution,bothlightmapsandphotonmapsoffer themselvesassolutionsin
this context; in bothcasesthereis no longera needfor anexplicit discretization
of theinvolvedobjects.
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Thisof coursemeansthatit is possibleto retaintheoriginal,untesselatedscene
descriptionduringtheentireprocessof imagesynthesis,which for typical scenes
amountsto ahugedecreasein scenecomplexity. This in turnmakesglobalillumi-
nationcalculationsfeasiblefor scenesthatwould bewell beyondthecapabilities
of theinvolvedalgorithms,if they hadto betreatedin tesselatedform.

This led us to the conclusionthat the useof photonmapsand lightmapsin
sceneswhich are modelledusing comparatively few high–orderprimitives by
methodologiessuchasCSG,is a feasiblefirst steptowardsobtainingglobal il-
luminationsolutionsfor morecomplex scenes.

Sincebotharejust differentstoragemethodsfor theillumination information
gatheredduringaphotontracingsimulation(asdescribedin thepreviouschapter),
themainquestionis how well they canbeusedonmodelsthatarespecifiedusing
CSG.

5.2 CSG Objectsand PhotonTracing

Sincephotontracersmodelthepropagationof photonsthrougha sceneby using
ray intersectionmethodsthat take theexactgeometryof any involvedCSGsolid
into account,weare–asaby–productof theraycastingprocess–alreadyprovided
with photonhits on thesurfacesof theprimitivesthat theCSGsolidsconsistof.
This enablesusto correctlyreconstructthe illumination functionon theexposed
surfacepartsof theseprimitives.

5.2.1 Lightmaps and CSG

Sincethey arein effectaspecialkind of “texture” appliedto theobjects,lightmaps
that areattachedto the facesof geometricprimitivesremainin placeandfunc-
tional whenCSGoperationsareappliedto theseprimitives.Thepartswhich are
not totally coveredor removedby otherobjectstake part in thesimulationasre-
cipientsof photonenergiesin just theway they would if no CSGoperationshad
beenappliedto the primitive to which they areattached.This is a fundamental
advantageof photon–tracingalgorithmsover form–factorbasedapproaches.

Thetexelson theselightmapsfall into two categories: thosewhich areinter-
sectedby an objectboundaryof somesort, and thosewhich arenot. The illu-
minationrepresentationon thelatter is correctwithout furthermodifications(this
includestexels which arecompletelyremoved by CSGoperations;they simply
remaininert). Properlytreatingtheformercaserequiressomeextra measuresto
betaken.

Theartifactspossibledueto complex CSGintersectiongeometrycanbesu-
pressedby splitting the texel in question. Figure5.1 shows someof the cases
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a) b) c) d)

e) f) g) h)

Figure5.1: Casesof CSGintersectionsseenfrom theviewpoint of lightmaptex-
els: a) andb) Oneor moreopaqueobjectscover partof thetexel surface.c) Part
of the surfaceis coveredby a non–opaqueobject. d) An opaqueobjectdivides
thetexel into two disjoint regions.e) Thin objectssuchaspolygonsdo not cover
any texel spacebut causea split. f) Very irregular dividing lines betweentexel
split regionscanleadto problemswith the accuracy of the shadow–maskedges
and(in this case)theaffiliation quad–tree(seethesectionon texel splitting for an
explanation).g) andh) Both requiresomekind of triangulationto beperformed
if low–orderbasesareusedto representtheillumination.

thatcanoccurwherea texel hasto besplit into several independentillumination
representations(thatwe referto assub–texels) in orderto avoid shadow andlight
leaks.

Sincethereis no limit to thecomplexity of theCSGoperationsthataffect the
areaof oneparticulartexel, any practicalsolutionhasto besuitedto handlingan
unlimited numberof arbitrarily shapedsplits, with the possibility of employing
someheuristicin orderto cull unnecessarysplitsthatwould not impair theaccu-
racy of the solutionbeyond somegiven degree(assuggestedby Rossignacand
Voelcker [RV89]).

For split texelsbotharea estimationandupdatingthe functionalrepresenta-
tions becomesmorecomplex due to the fact that thosepartsof a texel that are
coveredor subtractedby otherprimitiveshave to beignored.Fortunately, thead-
ditional informationneededis alreadycomputedduring the splitting phaseand
only hasto besuitablyevaluated.

5.2.2 Splitting of Texels

In orderto determinewhetheratexelhasto besplit atall (andif so,into how many
pieces),we needanalgorithmthatis ableto detectandoutlineany geometrically
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a) b) c)

Figure 5.2: Texel split detectionand management:a) For eachsamplinggrid
squareraysarecastalongthe edgesto detectobject intersections.b) Sub–texel
affiliation informationusedfor areacomputationsis storedonaper–grid–element
basis.c) A casewherea quad–treedatastructurehasto bemaintainedto disam-
biguateaffiliation of ray intersectionswith respectto boththelight anddarkgrey
texel areas,which bothbelongto only oneobjecteach(seethesectionon identi-
fying texelsfor anexplanation).Note that thequad–treesubdivision hasonly to
go to a level whereanunambiguoustraversalaffiliation list canbemaintained.

disjoint regionswithin somegivensurfaceareaon aCSGprimitive.
Thesolutionto findinggeometricintersectionsis to castsamplingrayson the

surfaceof the texel. We assumethat the meshingof the lightmap provides us
with reasonablyplanartexels; this is no additionalmeshingconstraintsinceany
significanttexel curvaturewould(in mostcases)impair theefficiency andvalidity
of theilluminationrepresentation,andthereforehasto beavoidedby thelightmap
mesheranyway.

Gathering the Data Neededto Decide

In order to supply the dataneededto identify coherentregions we proposeto
usea marchingalgorithmfor 2D samplinggrid elements(analogousto Lorensen
andCline’s marching cubes[LC87] in 3D) on the surfaceof a texel. Sinceall
informationabouttheobjectsis available,onecanresolve the2D equivalentsof
the edge–tracingambiguitiesmentioned(for instance)by NielsonandHamann
in [NH91]. Both the locationinformation(where,that is within which primitive,
thesamplinggrid elementslie with respectto theCSGoperationsperformed)and
thecoordinatesof any intersectionpointsongrid elementbordersareretainedfor
processingby theactualsplitting algorithm.

While this approachin its simplestincarnationcan miss intersectionswith
very thin or oddlyshapedobjects(e.g.if they lie totally within meshelements),it
canbemadeverythoroughby usinganadaptiveextensionin thespirit of ACSGM

[TGP96]andothers.
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a) b)

Figure5.3: Detectingcasesthatrequiretriangulation(in thiscaseof thelight gray
areas)by examiningthetopologyof thesub–texel borders:a) Closedloop inside
thesub–texel. b) Largenegativeangle(markedby adashedcircle).

Identifying and Creating Sub–Texels

The informationgatheredduring themarchingstepis first usedto determinethe
numberof sub–texelsneededby countingthenumberof disjoint regions. If any
object intersectionswerefound within the texel we usea sweep–linealgorithm
that identifiescoherentregionson thebasisof samplinggrid vertex andintersec-
tion point data. During this sweepwe alsoconstructa polygonalapproximation
of thesub–texel bordersasaby–product.

CaseslikeFigure5.1f) and5.1g) cannow bedetectedby scanningfor closed
loopsinsidethesub–texelsor hardcornersin thebordersof thosesub–texelsthat
would warrantsplitting asshown in Figure5.3 (the definition of “hard corner”
dependson thedesiredquality of therepresentation).If any indicatorsarefound
theoffendingsub–texel is split usingsomefitting triangulation.

After having determinedthenumberof sub–texelswethenmakeuseof thelo-
cationinformationat thesamplinggrid vertices.It is usedto computethefraction
of the texel surfacecoveredby the individual sub–texels. The grid information
is alsousedto defineshadowmasks(assuggestedby Zatz in [Zat93]) for each
sub–texel; all partsof the texel thata sub–texel is not responsiblefor addto the
mask. Sinceeachsub–texel maintainsan illumination representationthatwould
normallycover theentiretexel, this maskingis necessaryto removehiddenareas
correctly, andto avoid interpolationerrorsat renderingtime (seeFigure5.4 for
an illustration). Due to the arbitraryshapeof the sub–texel boundariesit is not
feasibleto representthemdirectlyasunclippedpatcheswithout masking.

For instance,in Figure5.2 b) the black samplingdotsareusedto definethe
shadow maskfor thelight grey area.To improveaccuracy theobjectintersection
points on the grid lines canbe usedin addition. It hasto be notedthat, given
a correctly split texel, imperfectshadow masksare the only possiblesourceof
artifactsin theilluminationrepresentationwithin thelimits definedby theimplicit
meshingandthefunctionalrepresentation.
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sub–texel B

sub–texel A

“parent” texel

Figure5.4: Sumof sub–texelsthat togethercoversthewholeareaof their parent
texel. Eachsub–texel usesa functional representationto storethe illumination
thatrangesover theentiretexel space.Only theshadedareasarevalid; therestis
removedby shadow masks.Theshadow maskswould ideally coincidewith the
hatchedareas.

Wethenproceedto constructamappingdatastructurethatstoresthetraversal
affiliations for thevariousregionsof the texel. Sincea texel typically hasa very
smallnumberof sub–texels,alinearlist usuallysufficesfor thistask.Thetraversal
affiliation determineswhich sub–texel to choosebasedon the materialandgeo-
metricprimitive last traversedby a photonor ray and,if this is not unambiguous
by itself, thecoordinatesof thehit onthetexel. Themostrecentlytraversedmate-
rial andprimitiveareinformationprovidedasaby–productof theray intersection
computationsinvolvedin bothphotontracing(i.e. duringtheradiositysimulation)
andray–tracing(i.e. at renderingtime). Relying on this informationmakesthe
decisionwhichsub–texel to chooseimmuneagainstartifactsresultingfrom object
boundaryaliasing.

For theexampleshown in Figure5.4 theaffiliation mappingwould consistof
two entries: if the last traversedmaterialof a ray was“dark grey”, choosesub–
texel A, otherwisechoosesub–texel B.

Only for texels that have ambiguousintersectiongeometries(that is, where
the materiallast traversedis not a sufficient criterion for sub–texel selectionby
itself) we have to constructa quad–treedatastructureasshown in Figure5.2 c)
thatallows usto selecttheappropriatesub–texel by usingadditionalinformation
aboutthecoordinateswhich interestuson thetexel. As canbeseenfrom Figure
5.2 c), thesplitting of thequad–treeonly hasto go to a level whereeachleaf of
thetreehasanunambiguoustraversalaffiliation list. Notethatuseof aquad–tree
for this purposeis notessential;othersimilardatastructurescouldalsobeused.
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Memory and PerformanceConsiderations

Unsplit texels(whichin “normal” scenesconstitutethevastmajority)donotcause
any splitting overheadandonly their functionalrepresentationsarestored.Nor-
mally, mostsplit texels requirethe maintenanceof a short list of traversalaffil-
iationsin additionto their possiblynumeroussub–texel illumination representa-
tions. For the (normally few) remaining“hard cases”an additionaloverheadis
causedby thequad–treeusedto disambiguatetexel references.

For sceneswith an averagegeometriccomplexity, the memoryfootprint of
CSG–enabledlightmapsis notsignificantlyhigherthanthatof ordinaryfunctional
radiositylightmaps.

Most additionalcomputations(theclassificationandsplitting of texels)occur
during the set–upphaseof the simulation. The run–timepenalty is limited to
theadditionalstepsneededto choosea sub–texel whena ray intersectswith split
texels. No run–timepenaltyis incurredfor ray intersectionswith unsplit texels,
so that theperformancelossof both theradiositysimulationandtheray–tracing
remainswithin acceptablelimits.
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Figure5.5: Interpolatedandnoninterpolatedrenderingof a simple test case:a
cylinderandaspherecombinedwith thethreebasicCSGoperators.



Chapter 6

Approximative Lightmaps

In chapter5 we took a first steptowardsbeingableto usemorecomplex models
in a global illumination environment. This is achieved by no longerhaving to
tesselatethescenedescriptionevenfor lightmap–basedphotontracingalgorithms,
which useconsiderablylessmemorythantheir photonmapcounterparts,andare
therefore– in spiteof theirhigheralgorithmiccomplexity – bettersuitedfor large
environments.

While thiscertainlyconstitutesabig improvementoverprior techniqueswhere
photontracingwasperformedon a tesselatedscene,thegainspossiblefrom this
approacharestill a dropin anoceanif oneconsiderstruly complex scenes,such
ase.g.forests.

On thecontrary, theuntesselatedCSGapproachdiscussedin chapter5 canin
certaincasesturnoutto behaveconsiderablyworsethanaconventionaltechnique.
For instance,a workabletesselationof a treemodelmight implicitly reducethe
complexity of themodelby e.g.substitutingindividualintricatelymodelledleaves
with singlepolygonsfor thedurationof thesimulation,whereastheCSGapproach
would be stuck with the much more (andprobablyunnecessarily)complicated
originalmodel.

6.1 ApproximativeIllumination Solutions

This observationleadsusto our working hypothesisfor thesecondimprovement
we want to introduce:that the key to obtainingusableglobal illumination algo-
rithms for complex sceneslies in the useof suitableapproximative techniques,
bothfrom theperspectiveof memoryrequirementsandcalculationtimes.

A qualitativeargumentto furtherthisview is that,asageneralrule, it is fairly
safeto assumethat themorecomplex a scenegets,the lesslikely anobserver is
to noticeindividualerrorsin its illumination.
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This, of course,only holds true as long as theseerrorsdo not lead to indi-
vidual prominentartifacts,or systematicallydistort theappearanceof thescene.
Thecomplexity of perceptually–drivenrenderingmethods– thescienceof trad-
ing accuracy for performancegains,while preferablykeepingtheerrorsincurred
to imperceptiblelevels – is testimony to the fact that decidingwhich tradeoffs
onecansafelymake is a questionwhich often posesa worseproblemthanthe
illuminationsituationthey areappliedto.

However, when facedwith the problemof gettingglobal illumination algo-
rithms to work on highly complex scenes,we do not follow the goal of percep-
tually drivenmethods,althoughthe settingis very similar. Our focusis slightly
shifted insofar ascertainimplicit errorscanbe deemedan acceptableprice for
gettingany resultsatall for largescenes,whereasperceptuallydrivenapproaches
usually try to maximizeperformancewithout compromisingthe quality of the
results.

6.1.1 ApproximativePhotonTracing

In a photontracingenvironment,the obvious point to addresswhenonewants
to tradeaccuracy for lower memoryusageandhigherspeed,arethe datastruc-
turesusedfor storageof thegatheredilluminationinformation,andnot thephoton
tracingprocessitself.

Photonmapsoffer little possibilitiesin this respect,but alreadyhave the in-
herentadvantagethat, sincethey areto a high degreeindependentof the scene
descriptionthey areusedon, they alwaysat leastfail asgracefullyaspossiblein
the event of too having received too few photonhits for a meaningfulresulton
complex geometry, anddo notdistorttheoverall simulation.

In thecaseof lightmaps,theone–to–onecorrespondencebetweenobjectsur-
facesandlightmapsis wastefulin all thosecircumstanceswherethe exact illu-
minationon thesesurfacesis not of particularimportanceaslong asthe overall
appearanceof the sceneremainsintact. Typical exampleswould be treeswhen
observed from a distance,wherethe exact illumination on individual leaves is
usuallynot important,aslong asthewholetreehascorrectbrightness.

This leadsus to the conclusionthat an approximative versionof lightmaps
wouldbeakey improvementto photontracingalgorithms[WTP00a].

6.2 Orientation Lightmaps

Thelogicalsteptowardssuchanapproximativetypeof illuminationstoragestruc-
ture is to disassociatethe lightmapsfrom actualobjects,andto modify themso
thatthey simultaneouslycoverwholegroupsof objects.
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In orderto achieve this, we proposea lightmap–like datastructurethataver-
agesall incomingirradiancefor complex objectsbasedon thesurfacenormalof
the photonhit point. We call this an orientationlightmap(OL for short)dueto
thesurfacenormaldependentway it storestheillumination of theobjectit “cov-
ers”. Theproposalis in a way akin to thework of Rushmeier[RPV93] in that,in
respectof photonstorage,it performsanimplicit geometricsimplificationfor the
objectit is assignedto. However, dueto themarkedly differentnatureof photon
tracing,this is alsowherethesimilarity ends.

We averagethe photonhits basedon normaldirection,ratherthanthe more
obvious direction of incidence,becausethe latter is not possiblefor simple
lightmaps. The reconstructionof the illumination at a given surfacepoint ac-
cordingto equation3.7 requiresknowledgeof thesurfaceareaassociatedwith a
given lightmaptexel. Thereis unfortunatelyno meaningfulway to averagethe
surfaceareaof anobjectbasedon thedirectionsof photonincidence.However,
sinceit is possibleto averagetheareaof anobjectaccordingto surfacenormals,
wechoseto usethis approachinstead.

Topologically, an orientation lightmap can be thought of as a spherical
lightmapthat surroundstheobjectof interest.As shown in figure6.1, theplace
where incoming irradianceis storeddependson the photonhit normal. Con-
sequently, evaluationof the irradiancefor any surfacepoint during subsequent
renderingpassesis basedon its surfacenormalonly; all pointson theunderlying
objectwith thesamesurfacenormalhave thesameirradiance.

They canbeseenasa local,directionallydependenttermwhich is determined
throughthephotontracingsimulation.Orientationlightmapsserve thesamepur-
poseastheenvironmentmapsproposedby Reinhardetal. [RTJ94];themaindif-
ferenceis thatthe“content” of OLs is generatedduringthephotontracingphase
of rendering,anddoesnothave to beacquiredmanually.

While this techniqueobviously canleadto potentiallyhugeerrorsin theillu-
minationof anobject(in that light energy is “spread”acrossnonconvex objects),
wecontendthatthis is still ausefulapproachfor awidevarietyof cases.Thelimit
casefor whichorientationlightmapsyield thesameresultsasnormallightmapsis
whenbothareappliedto spheres;theeffect of applyingOLs to a simplenoncon-
vex object(a torus)canbeseenfrom figure6.2.

6.2.1 Properties

Orientationlightmapsdo not loseor generateenergy during the photontracing
pass.They maintaintheoverall appearanceof theobjectthey “cover” well if the
objectis reasonablyisotropic,andarevery fastto insertin ascenegraph— much
fasterthan normal lightmaps,sincethey do not have to perform an exact area
calculationfor eachcomponentof the objectin question(seesubsection6.3 for
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Figure6.1: How anorientationlightmap,appliedto a genericnonconvex object,
storesphotonhits. Thephotons1, 2 and3 all hit differentpointsof thesurface,
but 1 and3 aresubsumedin thelightmapentryB sincetheir surfacenormalsare
thesame.

details). Due to the fact that they areusuallyresponsiblefor largerobjects,they
gatherlarge numbersof photonhits, which in turn yields an irradianceestimate
with lowervariance.

Also, orientationlightmapscanbefreelymixedwith normallightmapsin one
photontracingsimulation,meaningthatsomeobjectscancarrynormalandothers
orientationlightmaps,justasthedesiredaccuracy of thesolutionrequires.It is at
thediscretionof theuseror renderingapplicationto insertsuchlightmapsinstead
of normaloneswherever it is deemedappropriateto doso.

If theobjectsin questionaresuitable,it is alsopossibleto useOLs hierarchi-
cally (seefigure 6.3 for an example). It is even possibleto useOLs above the
“genuine”lightmapsin ascene.In thiscasethey serveasabackup:they areused
to reconstructtheilluminationfor thoseobjectsthatthey coverwherethevariance
of thenormallightmapsis too high.

6.2.2 Applicability

Themainareaof applicationfor our methodis therenderingof complex objects
thateitherwill not comeunderclosescrutiny by theobserver, or thataresimply
too complex for thenormallightmap–per–primitiveapproachto work on a given
setup.

Generally, they arenota techniquethatonewoulduseif it canbeavoided,but
areratherintendedfor thosecircumstanceswherephotontracingwouldnotwork
in its original form. In suchcasesthey canmake a renderingpossiblethatwould
otherwisefail, sometimesevenwithout anoticeabledegradationin quality.
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Figure6.2: Comparisonof normalandorientationlightmaps:Normal (left) and
orientation(middleandright) lightmapsappliedto a tilted torus.Thetwo images
on the left wererenderedusingthe two–passrendererdescribedin the text; the
imageon theright is similar to themiddle image,exceptthata photon–tracing–
only setupwasusedto betterdemonstratetheartifactsof OL averaging.Overall,
the imagesshow theerror incurredby direction-dependentaveragingof the illu-
minationonasimplenonconvex objectto berathersmall.

They arealsousefulif onewantsto saveonrenderingtime by actively reduc-
ing theaccuracy of thesolutionin thosepartsof thescenewhich areguaranteed
to beviewedonly at greaterdistances,or notat all.

However, they arenot anoptimalchoicefor certaintypesof objects,suchas
thosewith only asmallnumberof surfacenormaldirections(suchase.g.acubeor
similar polygonalobjects).While OLs still functioncorrectlywithin their limits
in suchcases,they causea very strongaveragingeffect which is normally not
desirable.

6.2.3 PhotonTracing with OLs

Whenperformingphotontracingcalculationsfor a scene(which in this casewe
assumetoberepresentedbyadirectedgraph),thefirst stepis to insertthelightmap
datastructureswhich will hold the received photonsamplesinto the graph. As
shown in figure6.4,this canbedonevirtually anywherein thescenegraph.

At this time thenecessarymeshingof thelightmapsinto texelsis determined
andtheappropriatedatastructuresareallocated.During this phasethe lightmap
alsocomputestheareaof theunderlyingobject(s);for orientationlightmapswe
usethe stochasticalgorithm that we presentin subsection6.3 in order to gain
acceptableperformance. The areavalue computedfor a lightmap texel on an
orientationlightmapis an estimateof that part of the surfaceareaof the under-
lying object,which hassurfacenormalsthatpoint in thedirectiontheorientation
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Figure6.3: An exampleof thehierarchicalapplicationof orientationlightmaps,
in this caseon thebranchof a tree. In sucha setupthe lowestlevel of thehier-
archywhich hasreceiveda significantamountof photonhits is usedfor display
purposes.

lightmaptexel covers. Oncethe lightmapsare in place,the actualphotontrac-
ing passis performed.It is importantto notethat in the caseof objectsthat are
coveredby an OL the real objectgeometryis still usedfor photon–objectinter-
sections;only thestorageof illumination is doneontheOLs. In this way theOLs
do notaltertheflux of photonsin thescenein any way.

Oncethetracingis complete,thegatheredirradiancevalueson thelightmaps
(normalandorientation)areinterpolated.Thefinal stepin therenderingprocess
is a raytracingpassthat usesthe information in the lightmapsto determinethe
illuminationof theobjectsin thescene.

6.3 StochasticAr eaEstimation

For theconceptof orientationlightmapsto be feasibleit is essentialthataneffi-
cientareaestimationmethod,thatdoesnotusethebruteforceapproachof explic-
itly calculatingthesurfaceareaof all geometricprimitivesin acomplex object,is
used.

Weuseastochasticareaestimationmethodthatdeterminesthesurfaceareaof
anobjectby evaluatinga certainnumberof samplingpointson its surface.There
is no restrictionon thegeometryof the object,otherthanthat it hasto be made
up of partsthat have

�
u � v� –parameterisablefacesor consistof patcheswith this

property— for objectsmodeledusingCSGor B–rep,this is typically thecase.
We first discusstheproposedmethodfor thecaseof a singlepatch,andthen

show its extensionfor compoundobjects.



CHAPTER6. APPROXIMATIVE LIGHTMAPS 67

Box Sphere

Trafo3D Trafo3D

CSG
OR

Cylinder Cylinder

Trafo3D Trafo3D

CSG
SUB

Trafo3D Trafo3D

CSG
OR

1 111

22

3
n = possible insertion point

Figure6.4: Possibleinsertionpointsfor orientationlightmapsin a scenegraph.
They canbeplacedvirtually anywhereabovegeometricobjectswherethestochas-
tic areaestimationwouldwork.

6.3.1 Ar eaof a SinglePatch

On a surfacepatchwith
�
u � v� –parameterisationthe areafunction A

�
u � v� canbe

expandedin termsof thesurfacegeometry
J
x
�
u � v� asfollows:

A
�
u � v�I� KKKK KKKK ∂

J
x
�
u � v�

∂u M ∂
J
x
�
u � v�

∂v
KKKK KKKK (6.1)

Thismeansthatevaluationof theintegral

Apatch � ��� A
�
u � v� dudv (6.2)

yieldsthesurfaceareaof patchwhenthedoubleintegrationis performedoverthe
entire

�
u � v� parameterrange.This evaluationcanbe carriedout numericallyby

generatingn randompointspk (k � 1 &�&�& n) on thesurfaceof thepatchandnumer-
ically differentiatingthe surfaceat thesepoints(seefigure 6.5 for a schematic).
Theareaof eachof thesesamplesis

Ak � �'�du M dv �'��
�u �
�jY�R� v �'� (6.3)

whereu andv arethe“dif ferential”tangentvectorsin u andv direction— in effect
theε for thenumericdifferentiation.If thesamplesaredistributedevenly across
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uv
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Figure6.5: A possibilityfor numericdifferentiationat a samplepoint on a patch:
In the vicinity of a randomlychosensamplingpoint, four additionalpointsare
selectedandusedto constructfour crossproducts,theaverageof which is usedas
thenormalvectorandareasample.

the
�
u � v� parameterspaceof thepatch,anapproximationof theentirepatcharea

canbecomputedusing

Apatch G Auv  1n  n

∑
k � 1

Ak (6.4)

whereAuv is theareaof the
�
u � v� region over which thepatchis defined,n is the

numberof samplesperpatchandAk aretheareavaluesof theindividualsamples.
The crossproductdu M dv, which hasto be calculatedduring this process,is the
normalvectorneededto determinewhich texel of theOL thesampleis addedto.

Eachsamplingpoint contributesto thesurfaceareaof thenormaldirectionit
represents;thesamplesareaddedto theareaestimateof theOL texel that “con-
tains” their direction(theareaestimateis inititalised to zerofor all directionsat
the startof the estimationprocess).This eventuallyyields a valid areaestimate
for eachtexel in the OL. After the areaestimation,OL texels that cover normal
directionsthatarenotpresentin theobjectwill still haveanareaof zero,but since
they areneverusedduringthesimulation,this doesnotconstituteaproblem.

6.3.2 Ar eaof a CompoundObject

For determiningtheareaof acompoundobjectconsistingof mpartsonegenerates
s samples,which are distributed evenly over the m parts (irrespective of their
relative sizes,sincethis propertyis not known at this time). It hasto be noted
thats canbe(evenconsiderably)smallerthanm in somecases;for objectswhich
aremadeupof largenumbersof similarparts,we typically donothaveto sample
everysingleoneof them.

This yields ni samplingpoints(where∑m
i � 1ni � s) for eachpart of the com-

poundobject,wherethe processoutlinedfor singlepatchesis applied. All one
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hasto do is to incorporatetheinformationgatheredfrom thesesampleson all the
objectpartsinto theOL that “surrounds”thecomplex objectin thesameway as
if thesampleswerefrom asinglepatch.



Chapter 7

Lightmaps for Cyclic SceneGraphs

Theintroductionof orientationlightmapsin chapter6 enablesusto useanapprox-
imative versionof the lightmap approachto photontracing on highly complex
objects.

While this is alreadya largesteptowardsmakingphotontracingpossiblefor
large scenes,the fact that orientationlightmapsstill have an explicit link to the
objectswhich they cover – by having to be placedin the scenegraphdirectly
above themasshown in figure6.4– hinderstheir usageon objectsmodelledwith
oneof the mostmemory–saving modelingtechniquesknown, namelythe rule–
basedobjectdefinitionswhich weoutlinedin section4.3.

This deniesustheuseof orientationlightmapson exactly thekindsof object
which would benefitthemostfrom their availability. This is theproblemwhich
weaddressin thefollowing sections.

7.1 Rule–DefinedObjectsand Global Illumination

Raytracingandinteractive displayusinga z–buffer arethe renderingtechniques
which aresofar normallyusedin conjunctionwith DCSGs.However, for high–
quality realistic imagesynthesisthesemethodsareobviously not sufficient. As
typical examples,the resultspublishedin the paperof Traxler and Gervautz
[TG97] show that the forestcanopiesarefar too dark, becausethe mutual illu-
minationandtranslucency of plantmembersareignoredwith plain raytracing(to
saynothingof z–buffer renderings).

Ontheotherhand,certainview–dependentfeatureslikespecularityandreflec-
tionsarenotoverly importantfor suchscenes,whichagainsuggeststhepossibility
of usingapproximativemethods.

Fromtheseobservationswe derivedour motivation to applyour approxima-
tivephoton–tracingbasedglobalillumination renderingtechniquesto DCSGsfor
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pL–systemswithoutlosingtheirkey property– theirunmatchedlow memorycon-
sumption.

7.2 Lightmaps and DCSGs

Thenon–explicit natureof ascenegraphthatcontainsDCSGsmakesthestraight-
forward attachmentof lightmaps(or similar global illumination datastructures)
to theobjectsthey have to cover impossible.Doing this would requireunrolling
of thecyclic graphs,anddestroy thelow memoryfootprintpropertyof rule–based
objectdescriptions.

Also, even if one useda referenceindexing scheme– like e.g. the one we
describefor orientationlightmapsin section7.4– for theinclusionof “ordinary”
lightmapsin DCSGs,the usuallyhugenumberof primitive objectsin a DCSG
objectwould rendersuchanapproachimpracticable.

Whathasto bedoneis to reducethenumberof globalilluminationdatastruc-
turesusedin therenderingprocess,without reducingthecomplexity of theDCSG
object.This is whereorientationlightmapscomeinto play.

7.2.1 Combining Orientation Lightmaps and DCSGs

Dueto thefact that they cancover multiple objects,andthat they do not rely on
individual propertiesof theseobjects,orientationlightmapsareanexcellentpos-
sibilty to let DCSGobjectsbeusedin photontracingrendering,if oneis content
with only anapproximativesolutionfor their illumination.

It hasto benotedthatthefollowing techniqueappliesto theuseof OLs in the
context of anyrulebasedmodelingenvironmentthatis basedoncyclic extensions
to ascenegraph(suchasOpenL–systems[MP96] or context–sensitiveL–systems
[PJM94]);wejustusedgenericpL–systemsfor ourreferenceimplementation,but
theapproachis generalenoughto beof commonuse.

7.3 Orientation Lightmaps for Entir eDCSGs

The insertionof OLs over DCSGobjectsis in no way different from lightmap
insertionover“normal” geometricobjects.Sincethedataneededto instantiatean
orientationlightmapcanbegatheredfrom traversalsof theDCSG,no flattening
of thescenegraphhasto beperformed.Theonly distinctionfrom insertionover
a normalsectionof thescenegraphis theslight executiontime penaltyfor cyclic
graphtraversalwith its slowersymbolicreferences.
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However, for mostapplicationsasingleorientationlightmaparoundtheentire
objectgeneratedby a DCSGwill bea too coarseapproximation,so it would be
highly desirableif onewereableto insertOLs above partsof suchanobject,but
without having to unroll thecyclic graph.

7.4 Orientation Lightmaps for Parts of a DCSG

InsertingOLs insidea DCSGobject is actuallyquite easy. Sincethe individual
objectsgeneratedby a DCSGarenon–pertinent,onehasto separatethe OL in-
stancesfrom their point of usage. The key idea hereis to usea storagenode
directly above theDCSGthatmaintainsall OLs thatbelongin thecyclic partof
thegraph,andthat thecyclic partof thegraphonly containsstubsat appropriate
locationsthatreferto instancesin thisOL list. An illustrationof thisprinciplecan
beseenin Figure7.1.

The main questionsin this context are whereone ought to placesuchOL
insertionstubsin theDCSG,andhow thecorrespondenceof OL instancesin the
storagenodeandOL stubscanbeestablishedefficiently.

7.4.1 Choiceof Insertion Points

In our system,the userdeterminespossibleinsertionpoints for OLs within the
DCSGstructuremanuallyduringthemodelingphase.Sincetheuseof OLswithin
a DCSG entailsboth the dangersof excessmemoryconsumption(if too many
OLs are inserted)or of an overly inaccuratesolution(if too few areused),and
modelingwith L–systemsis avery intricatetaskto begin with, theinsertionis left
at thediscretionof thescenedesigner.

Normally, oneusesratherfew, strategically placedOLs in a DCSGat spots
thataremoreor lesspredefinedby thenatureof the modelledobject,so thead-
ditional work for thescenedesignerstayswithin bounds.In thecaseof trees,it
is e.g.intuitively advisableto have separateOLs for the interior of theplant (i.e.
the trunk andthe main branches)andfor sectionsof the foliage. However, it is
alsoconceivablethat appropriateheuristicsfor an automatedinsertioncould be
devisede.g.alongthelinesof theabovementionedgenericrulesfor trees,but that
problemis beyondthescopeof this thesis.

A potentialproblemwheninsertingOL stubsinto a repetitive DCSG(manu-
ally or otherwise)is thatonenormallydoesnotwantto insertOLsaboveasymbol
at every recursionof a DCSG,andthatsuitableinsertionpointsareinitally lack-
ing. An exampleof this would be OL insertionin the Sierpinski tetrahedron;
inspectionof the scenegraphin Figure4.7 revealsthat in the unmodifiedgraph
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therearenoinsertionpointsexceptfor theterminalsymbol(thetetrahedronprim-
itive),theselectionnodeatevery level of recursion,or theentireDCSGavailable.
The solutionis to usea selective, recursion–level dependentinsertionthrougha
simpleconditionalmechanismasshown in Figure7.1.

7.4.2 Corr espondencebetweenOLs and their Stubs

During traversalsof thecyclic partof thescenegraph,a referenceto thelightmap
storagenodeabovetheDCSGis storedin thetraversalstate.Any operationsonor
beneathanorientationlightmapstubin theDCSGthatneedto accessthecurrently
relevantOL instance(suchasphotonhitsduringthetracingphase,or illumination
computationsduringraytracing)have to querythestoragenodefor a referenceto
“their” lightmap.

The key usedfor searchand retrieval is the uniqueaddressof the OL stub
within the traversalof thecyclic graphsection.This addressis easilygenerated
by notingwhich branchwastakenat all nodesin theDCSGthathave morethan
onesubnode.This string of decisions(in our case,the numbersof the selected
subnodes)that leadsto a particularnodeis uniquewithin theDCSG,andis auto-
maticallyconcatenatedasaby–productof graphtraversal.
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startif level > 0
select subode 1
else subnode 2
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Figure7.1: Insertingorientationlightmapsinto a DCSGat a specificlevel of re-
cursion:in this example,anOL stubnode(symbolizedby a hexagon)is inserted
only at recursionlevel 4 into theSierpinskitetrahedronexamplefrom Figure4.7.
Thescenegraphtraversalstatemaintainsa referenceto theOL storenodeit en-
counteredbeforeenteringthe cyclic graph,andthe approporiateOL instanceis
selectedby thestubat renderingtime.



Chapter 8

Results

In this chapterwepresentin aunifiedform theresultsof usingthetechniqueswe
introducedin chapters5, 6 and7. We implementedall proposedmethodsasan
extensionto theStochasticGalerkinRadiositysystemin theAdvancedRendering
Toolkit ART underdevelopmentat the Iinstitute of ComputerGraphicsof the
ViennaUniversityof Technology.

8.1 PhotonTracing for CSG Models

In accordancewith our assumptions,the only tangibleexecution–timepenalties
for using the CSG–aware lightmapswe implementedin ART accordingto the
descriptiongivenin chapter5 wereincurredatstart–uptime. Apart from that,we
experiencedno significantslowdownsduring the simulationsthemselves. Also,
thememoryfootprint of thelightmapswasnot increasedsignificantly. As a very
simplespecimen,figure8.1showsthethreeCSGoperationsfrom figure5.5in one
picture,while theleft partof figure8.2demonstratesamorecomplex example.

8.2 Orientation Lightmaps

We implementedthe orientationlightmapsclassesasderivativesof the normal
photonlightmapsalreadyin use. The main differencesof the OL classesarein
the setupmethods(i.e. the areaestimationcodeoutlined in section6.3). The
rendererusesa two–passmethodwhich utilises arealight sourcesamplingfor
thecalculationof direct illumination,andtheinformationin thelightmapsfor all
othercontributions.

Theresultswehaveobtainedarepromising.For comparisons,weusedaCSG
modelof a toy locomotive asa casewhereit is still easilypossibleto compute
bothanexactsolutionandanOL approximation;the resultsareshown in figure
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Figure8.1: ThethreebasicCSGoperatorsdemonstratedin a radiositysetting.

8.2. The advantageof the OL approachwith respectto areacomputationtime
is evident (600vs. 5 secondson a PPro/200),andtheartifactsincurredby their
applicationare, while noticeablein comparisonwith the exact solution, subtle
enoughto demonstratetheusefulnessof themethodon complex, nonconvex ob-
jects. Dif ferencesaremostnoticeableon thewheels,especiallyon the largeone
beneaththe “driverscabin”: asto be expected,this part of the engine,which is
only illuminatedby indirectlight, exhibitsa lackof self–shadowing.

The two othertestcaseswe presentarea sphereflake anda treemodel. The
sphereflake is modeledto recursionlevel 4 — it consistsof 7381 randomly
colouredspheres.Figure8.3 shows the differencebetweencovering the entire
objectby a singleOL, or coveringthefirst–generation“children” with their own
OLs. Theoverallappearanceof bothsolutionsis convincing,which indicatesthat
in somecasesa singleOL canbesufficient evenfor objectsthatconsistof many
differentcomponents,especiallyin non–criticalilluminationsituations.

The treein figure8.4 wasmanuallymodelledalongthe linesof a L–system;
theentireobjectconsistsof roughly120,000CSGprimitives. It is coveredby a
hierarchyof OLs; eachmajor partof the tree(suchasthebranches)hasits own
OL. Area estimationfor this object took about180 secondsof CPU time on a
PentiumII/450 with 20000areasamplesper OL. The visual appearanceof the
treeis reasonablygood,sincetheoveralbrightnessis correct,andthespreading
of illuminationacrosstheentiretreeis preventedby theuseof multipleOLs.
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Figure 8.2: Comparisonof normal and orientationlightmaps: a CSG model
of a locomotive renderedusingconventionalphotonmaps(left) andorientation
lightmaps(right).

8.3 Orientation Lightmaps for Cyclic Graphs

Thefirst objectswe renderedin orderto testour implementationof DCSGswere
classicalDCSGshapes,theMengerspongeandSierpinskitetrahedron.In what
was,afterinitial consternation,aperfectlyunderstandableresult,bothobjectspro-
videdratherunsatisfactoryresultswhenviewedin a radiositysetting,but not be-
causeour implementationwasto blame.Bothobjectsareself–similarfractalsand
assuchexhibit an innerstructurethat “swallows” considerableamountsof light,
which in turn is disadvantageousto the useof orientationlightmaps. However,
asour experimentswith otherobjectssuggest,this effect is really only a problem
with self–similarobjects.

The sympoidaltreeshown in Figure8.5 proved to be a morerewardingtest
case. We appliedorientationlightmapsto eachof the branches,which yielded
about20 OLs for anobjectthat,whenflattened,would consistof roughly40000
primitives. The cyclic CSGgraph,including all transformation,colour andma-
terial nodesthatarenot essentialfor thestructureof theplant,is madeup of just
roughly 200 nodes.We observed raycastingoperationson the DCSGtreeto be
about20-30%slower thanon equivalentinstantiatedobjects.With 100kphotons
shotand2000areasamplesperOL taken,therenderingat a resolutionof 640by
640 pixels took 700 seconds.Memory usageof the 20 OLs andthe raycasting
DCSGunrolling cachewasminimal comparedwith whatanunrolledversionof
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Figure 8.3: Comparisonof orientationlightmap usage:a sphereflake rendered
usingoneOL for the entireobject (left) andoneOL for eachlevel of the sub-
flake (right). Theoverall appearanceof thetwo solutionsis similar, althoughthe
solutionwith severalOLs is naturallymoreaccurate.

thegraphwouldhaveused.
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Figure8.4: Makingcomplex modelsusablefor photontracing:anexplicitly mod-
eledtree,which consistsof roughly120000CSGprimitivesandis coveredby a
hierarchyof orientationlightmaps.
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Figure 8.5: Orientationlightmapson rule–definedobjects. A simple tree gen-
eratedby two rulesets:one for growing the main stem, the other for growing
branchesat theappropriatelocationsandfitting shape,with twigs andleavesat-
tached. The tree generatorrulesetis, apartfrom the more realistic translucent
maple–like leaves,similar to oneof the examplesusedby TraxlerandGervautz
[TG97]. Note that the multitudeof differentleaf orientations,togetherwith the
factthatmultipleOLswereused(onefor eachbranch),leadsto avisualsensation
thatis freeof discernibleOL–inducedartifacts.



Chapter 9

Conclusion

We presentedthreeimprovementsthat enableus to usea particular, physically
plausible and viewpoint–independentglobal illumination algorithm – namely
lightmap–basedstochasticphotonradiosity– on far morecomplex scenesthan
waspossiblebeforehand.

1. In chapter5, we introducedanapproachthatenableslightmap–basedmeth-
odsto operatedirectly on objectsmodelledthroughCSGoperations,and
to maintainillumination representationson themthat offer a high degree
of accuracy dueto theexact ray–CSGobjectintersectionsusedto classify
photonhits.

2. In chapter6, we presentedan approximative versionof lightmapscalled
orientationlightmaps. They breaktheproblematicone–to–onecorrespon-
dencebetweenobjectsandlightmapsin complex scenes,andcanbesimul-
taneouslyusedon multiple objects.They averagethephotonhits on these
objects,but do not alter theenergy flow in thesceneduringthesimulation
processin any way.

3. Basedon theseorientationlightmaps,we presenteda straightforwardway
of combiningrule–basedobjectgenerationandphotontracingin awaythat
appropriatelyexploits theadvantagesof both in orderto make viewpoint–
independentglobaliluminationpossiblefor procedurallydefinedobjectsin
chapter7.

In additionto makingtheuseof DCSGsin conjunctionwith photonradiositypos-
siblefor thefirst time,ourextensionsefficiently addresstheproblemswith respect
to complex scenesthatwe identifiedwith theoriginal photontracingalgorithmat
theendof section3.5.2:
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1. Memoryconsumption:By comparisonwith thebestphotontracingmethod
for normal scenesso far, the photonmapsof Jensen[Jen96,Jen97],our
combinedmethodsoffer the advantageof usingfar lessmemory;with in-
creasingscenecomplexity this differenceeven increasesin favour of our
method.

2. Variance of the solution: By averagingall hits on a complex object ori-
entationlightmapsmanageto obtain a sufficiently stablesolution from a
reasonablenumberof photonhits, irrespective of the numberof geomet-
ric primitivesin theobject,while incurringartifactsthatarein mostcases
apparentlynotparticularlyprominent.

3. Area estimation: We presenteda stochasticareasamplingalgorithmthat
is optimally suitedfor usein conjunctionwith orientationlightmaps,and
thathasexcellentperformancecharacteristicsevenfor complex compound
objects.

Thedownsideto theorientationlightmappartof our approachis thatthesolution
oneobtainsby their useis practicallyalwayslocally inaccurateto somedegree.
However, sinceit is anadd–onto theconventionallightmapmethod,it leavesthe
controlof to which extentit is beingemployed,andhencewhaterroris incurred,
to thescenedesigner.

Whenseenin context, we deemthe artifactsincurredto be a fair price for
beingableto renderhighly complex sceneswith aphysicallybasedglobalillumi-
nationmodelwithoutneedinghugesystemresources,especiallysinceonehasthe
possibility of usingthe proposedorientationlightmapsonly in perceptuallyless
importantpartsof asceneif extremelyhighaccuracy is desired.



Appendix A

SelectedPhysicalAspectsof
Rendering

In order to underlinethe importanceof the stochasticglobal illumination tech-
niquesweaimto extendin this thesis,especiallywhencomparedwith thevarious
deterministicapproachesfrom chapter2, this appendixgives a brief overview
of threeaspectsof photorealisticgraphicswhich areimpossibleto integrateinto
a viewpoint–independentglobal illumination calculationby meansother than
MonteCarlo rendering.Thesearedispersionof light in transparentobjects,and
the inclusion of polarizationinformation and fluorescenceeffects in the image
synthesisprocess.

A.1 Dispersionin Dielectric Materials

Dispersionoccurswherepolychromaticlight is split into its spectralcomponents
on a refractive materialboundary, dueto the fact that the index of refractionin
transparentmaterialsis dependenton the wavelengthof the incident light. To
complicatematters,this dependency on wavelengthis non-linearandrelatedto
materialconstantsthathave to bemeasuredin experiments.

A.1.1 SellmeierCoefficients

Themostwidely usedmethodof specifyingthedispersioncurve for materialsin
thevisualrangeis to usetheso–calledSellmeierapproximation. Severalbasically
similar formsexist thatdiffer only in thenumberof empiricalconstantsin struc-
turally similar equations.Thenumberof theseconstantsusuallydependson the
measurementprocessby which thedatafor theapproximationis obtained.
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FigureA.1: Refractive indicesfor several materials. From top: diamond,lead
crystalandseveralotherglasstypes.Noticethevaryingamountof dispersionand
non–linearityfor differentmaterials.

A typical example is the glasscatalogof the company Schott Glaswerke,
which is oneof the worldwide leadingsuppliersof technicalglass. In the cat-
alog the technicaldataof the several hundredtypesof glassthat the company
sellsis listed,andfor specifyingdispersiontheform

n2 � λ �?� 1 � B1λ2

λ2 � C1
� B2λ2

λ2 � C2
� B3λ2

λ2 � C3
(A.1)

is used,wheren is the index of refractionat wavelengthλ. Thecataloglists
coefficient valuesof Bn andCn for thedifferentglasstypes(rangingfrom normal
window glassto highly dispersive leadcrystal). In this particularcaseonecan
computethe index of refractionfor wavelengthsfrom ultraviolet to far infrared
with a relative errorof lessthan1.0E-5from just six coefficientsperglasstype.
This makesthecataloga valuablesourcefor accuratedispersiondata,especially
sinceit canbedownloadedfrom thecompany websitefreeof chargeandcontains
specimensof all themainbasicglasstypes(i.e. flints, crowns,leadcrystalaso.).

Thereare also numerousother sourcesof similar freely available material
measurementswhereone can obtain measurementsof genuinematerialsother
than glass(e.g. diamondsand other gemstones),both on the web and in book
form. @BookMinnaert:1954:LCO,author= ”M. Minnaert”, title = ”Light and
Color in theOpenAir”, year= ”1954”, publisher= ”Dover”,
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A.1.2 PhotonTracing Dispersion

The inclusionof dispersionin a renderingsystembringsaboutan effect which
“standard”deterministicraycastingcannothandle:thata previously sharplyde-
fined primary ray suddenlyfansout acrossa solid angle[WTP00b]. However,
suchan effect is readily traceableby spectralversionsof Monte Carlo photon
tracingmethods.

If spectraare representedby n non–overlappingspectralbands,a photon
tracer, on encounteringa refractionwith dispersion,shootsn new photons,each
with only thecolourcontributionof channeln differentfrom zero,in thedirection
correspondingto theaveragewavelengthof theband,andadditionallyjitters this
averagewavelengthby asmuchashalf thewidth of thespectralbandin orderto
uniformly cover theentirespectrum.

Due to the spreadingof eachcontribution acrossoneneigbouringband,the
maximumfan–outin thiscaseis 2, whichin conjunctionwith multipleinterreflec-
tionscouldleadto aconsiderableslowdown comparedwith thedeterministicver-
sion,especiallywhennestedinterreflectionsareviewed.However, in practicewe
foundtherenderingtimesto beonly up to two timesslower thanin thedetermin-
istic case,indicatingthattheincreasein fan–outaffectsonly thefirst refraction.

If no jittering is performed,theresultingreductionto n frequencies,andhence
n discreteanglesof refraction,leadsto geometricaliasing,which canposea se-
rious problemwhendispersioneffectsarecloselyviewed, andwhennoticeable
dispersioncausticsarepresent.However, for imagesthatexhibit only smalldis-
persioneffects,like e.g.colouredfringesin glasses,the deterministicapproach,
which usesslightly lessCPUtime, is perfectlyvalid.

The fan–outon subsequentrefractionsis 1 in this case,sincefor eachband
a monochromaticphoton,which cannotbe split any further, is propagated.The
maximumincreasein computationtime is n–fold for eachphotonthat entersa
dispersivemedium.

A.2 Polarization Effects

Polarizationhasreceivedparticularlylittle attentionin therenderingcommunity
because– while of coursebeingessentialfor speciallycontrivedsetupsthate.g.
containpolarizingfilters– it seeminglydoesnotcontributeveryprominenteffects
to theappearanceof anaveragescene.This misconceptionis in part fosteredby
the fact that the humaneye is normally not capableof distinguishingpolarized
from unpolarizedlight1.

1Contraryto commonbelief trainedobserverscandistinguishpolarizedfrom unpolarizedlight
with the nakedeye. Namedafter its discoverer, the effect is known asHaidinger’s brushandis
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Figure A.2: Dispersioneffects on a doubleprism, calculatedwith a stochastic
raytracer.

Oneof themainareaswhereit in factdoesmake a substantialdifferenceare
outdoorscenes;this is dueto theusuallyquitestrongpolarizationof skylight, as
onecanfind documentedin G. P. Können’s book [Kön85] aboutpolarizedlight
in nature.But sincesuchscenesarecurrentlystill problematicalfor photorealis-
tic renderersfor a numberof other, moreobviousreasons(e.g.scenecomplexity
andrelatedglobal illumination issues),this hasnot beengivena lot of attention
yet. Otherknown effectswhich dependon polarizationsupportarecertaindark-
eningor discolourizationpatternsin metalobjectsandtheir reflections,andthe
darkeningof certainfacetsin transparentobjectssuchascrystals.

describedby Minnaertin his bookaboutlight in outdoorsurroundings[Min54].
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A.2.1 Polarized Light

While for a largenumberof purposesit is sufficient to describelight asanelec-
tromagneticwave of a certainfrequency that travels linearly throughspaceasa
discreteray (or a setof suchrays),closerexperimentalexaminationrevealsthat
sucha wavetrainalsooscillatesin a planeperpendicularto its propagation.The
exactdescriptionof thisphenomenonrequiresmorethatjust thenotionof radiant
intensity, which theconventionalrepresentationof light provides.

Thenatureof this oscillationcanbeseenfrom themicroscopicdescriptionof
polarization,whichcloselyfollowsthatgivenby Shumaker[Shu77].Weconsider
a single steadily radiatingoscillator (the light source)at a distantpoint of the
negative Z–axis,andimaginethatwe canrecordtheelectricfield2 presentat the
origin dueto this oscillator. Exceptat distancesfrom the light sourceof a few
wavelengthsor less,theZ componentof theelectricfield will benegligible and
thefield will lie in theX–Y plane.TheX andY field componentswill beof the
form

Ex � Vx  � 2π  ν  t � δx � QV  m P 1S
Ey � Vy  � 2π  ν  t � δy � (A.2)

whereVx andVy aretheamplitudesQV  m P 1S , ν is the frequency QHzS , δx andδy

arethephasesQ radS of theelectromagneticwavetrain,andt is thetime Q sS . Figure
A.3 illustrateshow this electricfield vectorE changesover time for four typical
configurations.

Causesof Light Polarization

Apart from skylight, it is comparatively rarefor light to be emittedin polarized
form. In mostcases,polarizedlight is the resultof interactionwith transmitting
mediaor surfaces. The correctsimulationof suchprocessesis at the core of
predictive rendering,soashortoverview of this topic recommendsitself.

Thesimplestcaseis thatof light interactingwith anopticallysmoothsurface.
This scenariocanbe adequatelydescribedby the Fresnelequations, which are
solutionsto Maxwell’swaveequationsfor light wavefronts.They havebeenused
in computergraphicsat leastsinceCook and Torranceproposedtheir famous
reflectancemodel [CT81], and most applicationsusethem in a form which is
simplifiedin onewayor another.

2Theelectricandmagneticfield vectorsareperpendicularto eachotherandto thepropagation
of the radiation.Thediscussioncouldequallywell bebasedon themagneticfield; which of the
two is usedis not important.
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FigureA.3: Left: Four examplesof thepatternstracedout by thetip of theelec-
tric field vector in the X–Y plane: a) shows light which is linearly polarizedin
the vertical direction; the horizontalcomponentEx is alwayszero. b) is a more
generalversionof linear polarizationwherethe axis of polarizationis tilted by
an angleof α from horizontal,andc) shows right circular polarizedlight. The
fourth exampled) shows elliptically polarizedlight, which is thegeneralcaseof
equation(A.2). (Imageredrawn from Shumaker [Shu77])Right: Geometryof
a ray–surfaceintersectionwith anoptically smoothphaseboundarybetweentwo
substances,asdescribedby theequationset(A.3). A transmittedray T only oc-
curs in when two dielectricmediainterface; in this case,all energy that is not
reflectedis refracted,i.e.T � I � R. TheE–vectorsfor thetransmittedrayEt � and
Et � have beenomittedfor betterpictureclarity. The

�
E �.� E��� componentshere

correspondto the
�
x � y� componentsin thedrawing on theleft.

FresnelTerms

In their full form (thederivationof which cane.g.befoundin [SH92]), they con-
sistof two pairsof equations.Accordingto thereflectiongeometryin figureA.3,
the first pair determinesthe proportionof incident light which is reflectedsepa-
rately for thex andy componentsof the incidentwavetrain. This relationshipis
commonlyknown, andcanbefoundin numerouscomputergraphicstextbooks.

Thesecondpair, which is muchharderto find in computergraphicsliterature,
descibestheretardancethattheincidentlight is subjectedto, which is therelative
phaseshift that theverticalandhorizontalcomponentsof thewavetrainundergo
duringreflection.In figureA.4 weshow theresultsfor two typical materials:one
conductor, a classof materialswhich hasa complex index of refractionand is
alwaysopaque,andonedielectric,which in pureform is usuallytransparent,and
hasa real–valuedindex of refraction.

WequotetheFresnelequationsfor adielectric–complex interface.This is the
generalcase,sinceonly oneof two mediaat an interfacecanbeconductive (and
henceopaque),anda dielectric–dielectricinterfacewith two real–valuedindices
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of refractioncanalsobedescribedby this formalism.

F� � θ � η �I� a2 � b2 � 2acosθ � cos2 θ
a2 � b2 � 2acosθ � cos2 θ

F� � θ � η �I� a2 � b2 � 2asinθ tanθ � sin2θ tan2 θ
a2 � b2 � 2asinθ tanθ � sin2θ tan2 θ

F� � θ � η �
tanδ � � 2cosθ

cos2θ � a2 � b2

tanδ �I� 2bcosθ Q � n2 � k2 � b � 2nkaS�
n2 � k2 � 2cos2 θ � a2 � b2

with

2a2 ��� �
n2 � k2 � sin2 θ � 2 � 4n2k2 � n2 � k2 � sin2 θ

2b2 � � �
n2 � k2 � sin2 θ � 2 � 4n2k2 � n2 � k2 � sin2 θ

(A.3)

F� is the reflectancecomponentparallel to the planeof incidence,andF� that
normalto it. Underthe assumptionthat oneis only interestedin the radiantin-
tensityof thereflectedlight, this canbesimplifiedto thecommonlyusedaverage
reflectanceFaverage � �

F� � F�j��� 2. δ � andδ � aretheretardancefactorsof thetwo
wavetraincomponents.
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FigureA.4: FresnelreflectivitiesF � , F� andFaverage(dashedlines),aswell aspar-
allel andperpendicularretardancevaluesfor copper(red)andleadcrystal(blue)
at 560nm. As a conductor, copperhasa complex index of refraction,doesnot
polarizeincident light very stronglyat Brewster’s angleandexhibits a gradual
shift of retardanceover theentirerangeof incidentangles.For leadcrystal,with
its real–valuedindex of refractionof about1.9,total polarizationof incidentlight
occursat about62  . Above this angle,nochangein thephaserelationof incident
light occurs(both retardancecomponentsareat � 90  ), while below Brewster’s
angleaphasedifferenceof 180  is introduced.
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A.3 Fluorescence

While thepolarizationof light ataphaseboundaryis acomparativelymacroscopic
phenomenon,fluorescenceis causedby processeswithin thepigmentmolecules
that areresponsiblefor the colour of an object. Due to both lack of space,and
thefact thatanactualexplanationof theseprocessesis not necessaryto properly
implementsupportfor it in a renderingsystem,we will not go into detailsabout
its causes.

Theresultsof thephenomenon– whicharewhatwetry to simulate– arequite
straightforward to describe:the characteristicpropertyof fluorescentmaterials
is that they re–emitportionsof the incidentlight at different,lower wavelengths
within anextremelyshorttime (typically 10

P 8 seconds).
Insteadof the reflectancespectrausedfor normalpigments,describingsuch

a materialrequiresknowledgeof its re–radiationmatrix, which encodestheen-
ergy transferbetweendifferent wavelengths. Suchbispectral reflectancemea-
surementsare ratherhard to comeby; while “normal” spectrophotometersare
becomingmoreandmorecommon,the bispectralversionsof suchdevicesare
by comparisonvery rareandin an experimentalstage. FigureA.5 shows three
visualizationsof a samplebispectralreflectancedataset.Manualdesignof such
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Figure A.5: Bispectralreflectivity measurementsof pink fluorescent3M Post-
It R
¡

notes.There–radiationmatrix is shown for excitationwavelengthsbetween
300nmand780nm,andemissionwavelengthsfrom 380nmto 780nm,as2D den-
sity plot and3D graph. In the 3D view the off–axis contribution hadto be ex-
aggeratedin orderto beproperlyvisible, andin bothplotsmeasurementnoiseis
evident. The rightmostgraphshows the nonfluorescentreflectionspectrum(the
maindiagonalof there–radiationmatrix,shown in green),theenergy absorbedat
higherwavelegths(blue), theenergy re–radiatedat lower wavelengths(red)and
the resulting“reflection” spectrum(black). Note that the resultingspectrumis
well over1.0 in someareas.Datacourtesyof LabsphereInc.

re–radiationmatricesis muchharderthanexplicit derivationof reflectionspectra;
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while the latter is alreadynot particularlyeasy, their effect is by comparisonstill
quitepredictable.Also, it is easyto maintaintheenergy balanceof normalreflec-
tion spectraby ensuringthatno componentis greaterthanone;for a re–radiation
matrix this translatesto themoredifficult conditionthattheintegralover thearea
mustnotexceedone.

FigureA.6: A typicalphotontracingradiositybox, lit by D65andUV blacklight.
Theobjectsandthewalls arepartly colouredwith empiricallymodelledfluores-
centpigments.It hasto benotedthat thesepigmentsweretailoredfor maximal
fluorescenceeffect, and not physicalplausibility. While pigmentswith sucha
bright andmarkedly monochromaticfluorescenceeffect exist, someof thesedo
not look realisticunderdaylight. The aubergine-colouredtorusandcylinder are
themostproblematicin this respect,sincesuchextremecolourchangesbetween
blacklightandnormalilluminationarenot commonin reallife.
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