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ABSTRET

Theradiositymethodis a physicallybasednethodto computetheilluminationin
avirtual environmentwith diffuse(matte)surfaces It allowsto generaterery realistic
imagesof suchervironmentsby computerandit is suitablefor quantitatize predic-
tionsof theillumination.

In the radiositymethod,a numberof simplifying assumptionsre madethatcan
however leadto certainimageartifacts. In this dissertationthe numericalerror in-
troducedby theseassumptionss analysed.The analysisallows to proposenew al-
gorithmsin which this error, the discretisatiorerror, is efficiently controlledduring
the computationdy meansof hierarchicarefinement.

The radiositymethodalsorequiresthe solutionof very large non-sparsesystems
of linearequationgabout100,000equationss common).Moreover, the coeficients
of thesesystemsare non-trivial four-dimensionalintegrals. The main part of this
dissertationis devotedto an in-depthstudy of how the Monte Carlo methodcanbe
appliedin this context.

TheMonte Carlomethodis suitablefor reliablecomputatiorof the coeficientsof
the systemof equationslt alsoleadsto algorithmsthatdo not requireexplicit com-
putationandstorageof thesecoeficients. A systematicoverview of suchalgorithms
is presented.Previously proposedalgorithmsof this type are comparedand some
new algorithmsare developed. Next, the applicationof several variance-reduction
technigueds describedandthe useof low-discrepang samplingin this context is
discussed.Finally, new waysto incorporatehigherorder radiosity approximations
andhierarchicarefinementreproposed.

The resulting Monte Carlo radiosity algorithmsdo not only appearto be more
reliable, but also often lead more rapidly to usableimagesthan their deterministic
counterpartsThey requiresignificantlylesscomputerstorageandthey aremoreuser
friendly. It is expectedthat thesealgorithmswill stimulatethe useof the radiosity
methodin awide spectrunof applications.
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1 Intr oduction

Thisdissertatioraddresseaproblemin computegraphics More specifically it deals
with physicallybasedylobalillumination (§1.1) with theradiositymethod(§1.2). The
objectivesof thisdissertatiorarestatedn §1.3. An overview will bepresentedh §1.4.

1.1 Physically-basedglobal illumination

The goal of physically basedglobal illumination is to computethe illumination in
a, not necessarilyexisting, ervironmentin a physically accurateway by computer
It allows to generatephoto-realisticcomputerimagesin which illumination effects
suchas soft shadavs, glossyreflectionsand colour bleedingeffects are reproduced
with highfidelity. Sucheffectsarecalledglobal illumination effectsbecauséhey are
dueto interactionsof light in which multiple surfacesin a virtual ervironmentare
involved. Thisis in contrastwith socalledlocal illumination effects,which aredueto
interactionbetweera light sourcea singlesurfaceanda viewing positiononly.

Globalillumination effectsin imagesynthesicanbe reproducedy othermeans
thanby physicallybasedllumination computationgswell. For mary globalillumin-
ation effects, suchassoft shadavs, ad-hocalgorithmsthat exploit the capabilitiesof
3D graphicshardware, have beenproposedseefor instance[11]). Computingthe
illumination in a physically correctmannerhowever, will not only leadto ultimate
realism,but the resultcanalsobe usedfor quantitatie predictionof the illumination
in avirtual scene.

Physicallybasedglobalillumination finds applicationsn areassuchasarchitec-
tural designvisualisation— in additionto the useof scalemodelsfor instance—
civil engineeringlighting designand lighting optimisation,fine arts, virtual reality
andcomputerentertainmentThesearealsothe main areasthat canbenefitfrom the
work presentedn thisthesis.

First, the problemandrequirementof physically basedglobal illumination are
briefly formulatedand an overview of previously proposedapproachess given. A
morecompleteandelaboratentroductionto physicallybasedglobalillumination, as
well astheradiositymethod(§1.2),canbefoundin [56, 29, 150, 41].

1.1.1 Input
In generaltheinputof a physicallybasedylobalillumination systemconsistof:

e A descriptionof the geometryof the sceneto be rendered. In practice,the
surfacedn thesceneareapproximatedy asetof simplesurfaceprimitivessuch
astrianglesandplanarcorvex quadrilateralsspheresgylinders,tori, NURBS
surfaces ..

e A descriptionof thelight scatteringpropertiesof thesurfacesn thesceneThe

light scatteringpropertiesof a surfacearemodelledby thebidirectionalreflect-
anceandtransmittancelistribution function(BRDF/BTDF). The BRDF/BTDF

1



2 CHAPTER1. INTRODUCTION

basicallyexpressesvhat fraction of light power comingin from a first direc-
tion will be scatterednto a seconddirection. In generalthe BRDF/BTDFare
furthermorefunctionsof location, wavelengthof light, andtime. In practice,
simple mathematicaimodels,suchas describedn [99] or [179], are usedin
orderto specifythelight scatteringproperties;

e A descriptionof the light souiceson the scene:a numberof surfacesin the
scenawill notonly scatterincidentlight, but alsospontaneouslgmitlight. The
intensity of spontaneouslgmittedlight, as a function of location, direction,
wavelengthandtime, is expressedy a function calledthe emittancedistribu-
tion function(EDF);

e For imagesynthesisalsoa descriptionof the virtual camean is needed:the
virtual obsener positionin 3D spacetheviewing direction,adirectionthatwill
appeaasverticallyupin theimage theimageresolutionandthehorizontaland
verticalfield of view angles.

1.1.2 Output

Theoutputconsistof somekind of anapproximateepresentationf theillumination
in avirtual ervironment.

Theillumination on the surfacesof a sceneéis commonlyquantifiedby a quantity
calledradiance Radiancesxpressesheintensityof theillumination asafunction of
location,direction,wavelengthof light, andtime. Therelationbetweerradianceand
thescenggeometryandoptical surfacecharacteristicss expressedy a mathematical
equationcalled the renderingequation[83]. The renderingequationis a second-
kind Fredholmintegral equationof dimension7 in the generakase:3 dimensiondor
position, 2 for directionand 1 for wavelengthandtime each. It resultsafter making
several simplificationsto the generaltheoryof light transportin physics[56, 174. It
is an instanceof the generalBoltzmannequation,which also describesotherlinear
transportproblems suchasneutronandradiative heattransport.In physically-based
rendering anapproximateepresentatioof theillumination in a virtual ervironment
is obtainedby numericallysolvingthe renderingequationin someway.

Most often, physically-basedlumination computationsareusedin orderto gen-
eratea photo-realistidmageof thescene Theultimategoalis for thisimageto invoke
thesamevisualexperienceasif thevirtual scenewererealisedandviewedundercor-
respondingconditionsin reality. The computedradianceghenneedto be corverted
into RGB or CYMK colourvaluesfor display This corversionneedso take into ac-
countthecharacteristicef theoutputdevice, e.g. by doinggammaeacorrectionaswell
asof thehumanvision system.This corversionis calledtonemapping[173, 105.

1.1.3 Requirements

Physicallybasedglobal illumination algorithmsideally fulfil the following require-
ments:

e Speed theresultshouldbe computedas quickly aspossible;Speeds crucial
in designapplicationswherea designeris waiting for the renderedoutputin
orderto decidewhetheror not further refinementof the designarenecessary
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Renderingspeedalsolargely determineshe productioncostof computeranim-
ationmovies. Ideally, renderingspeedshouldbe suchthattheillumination of a
scenecanbe computedrapidly enoughto follow the computerdisplayrefresh
rate(typically 50to 100Hz);

e Accuracy. theradiancecanonly beapproximatedo finite accurag. Forlighting
designapplicationsarelative accurag of afew percenis sufficient. Forimage
synthesisthe accuray shouldbe high enoughso thatdisplayedcolour values
arepercevedascorrect[126;

e Reliability: the algorithm shouldyield a resultof controllableaccurayg for a
classof input modelsaswide as possible. It shouldnot fail unexpectedly In
particular it shoulddealwell with geometricaland optical compleity. Al-
thoughbettercomplexity measuregxist ([50] for instance) scenecompleity
is often expresseddy the numberof surfaceprimitives, e.g. polygons,in the
model.Many scenemodelsbeingusedat this time consistof hundredsf thou-
sandsor evenmillions of polygons;

e Userfriendliness in orderto be useful for non-experts,it is mandatorythat
the algorithmsneedasfew non-intuitive parametersispossible.Gooddefault
valuesshouldbe availablefor theseparametersin particular no tedioustrial-
and-errorcyclesshouldberequiredin orderto appropriatelyconditiontheinput
dataanddetermingparameteralues.

1.1.4 Approaches

In orderto createaphoto-realistitmage theaverageradiancepercevedthrougheach
pixel of theimageneedgo be computed.This canbedoneeitherby directcomputa-
tion of pixel intensitiesin a pixel-drivenapproad, or by projectionof a precomputed
object-spaceadiancesolution:

Object-spaceapproaches Objectspaceapproacheéirst computea representation
of the radiancefunction on the surfacesof the objectsin a virtual ervironment. In
orderto createan imagefrom a given viewpoint, the visible surfacesthrougheach
imagepixel are determinedusingray-casting.a scan-linevisibility algorithmor the
Z-buffer algorithm. The averageradiancen eachpixel is computedrom the average
radianceadiatedowardstheviewing positionfrom thesurfaceshatarevisible in the
pixel. Someexamples:

¢ In the classicalradiosity method(§1.2), particletracing[120] and densityes-
timation [145] for instancethe averageradianceon eachpolygonin a diffuse
polygonalervironmentis computed.

e Somenon-diffuseradiosity-like algorithms[4, 161] computethe averageradi-
anceemittedby polygonsin the scenetowardsotherpolygonsin the scene.ln
[77, 148 25], an angularinsteadof spatialparametrisatiorof the directional
dependencef radiances used.

The main advantageof an object-spaceadiancerepresentatioiis thatthe computed
resultcanbeusedeasilyfor the synthesiof multipleimagesg.qg.in avirtual building
walk-through.In theclassicatadiositymethod 3D graphicshardwareis usedn order
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to carry out the projectionstep,yielding imagegeneratiortimeswhich arefractions
of asecondnceaworld-spacaadianceaepresentatiohasbeencomputed.

A secondadwantageof object-spacealgorithmsis that significantre-useof the
computedresultsis often possibleafter a changeto the geometryof light emission
or scatteringpropertiesof the surfacesin thevirtual scend52, 22, 39]. Object-space
algorithmsthereforemay be very attractive for lighting designand optimisationap-
plications[86, 13§.

The mainlimitation of object-spacalgorithmsis the enormousstoragerequired
for representindnighly direction-dependeradiance suchason a mirror. Eventhe
storageof diffuseillumination canbe prohibitive in scenesonsistingof millions of
surfaces.Currentobject-spacealgorithmssuchasradiosityalsooftenhave high inter-
mediatestoragerequirementsor the socalledform factors(see§1.2).

Pixel-driven approaches Pixel-drivenalgorithmsdirectly computethe averagera-
diancein eachpixel without first computingan object-spaceepresentatiorof the
radianceon the surfacesin the scene.Examplesof pixel-drivenimagesynthesisal-
gorithmsareray-tracing[182, 30, 83], pathtracingwith direct computationof pixel
intensitieg43] andbidirectionalpathtracing[96, 175.

The main advantageof pixel-driven algorithmsis that storageof ary dataother
than the scenegeometryand materialscan be avoided. They are suitedfor more
complex modelsthanfeasiblewith object-spaceadiancealgorithms.They will even-
tually yield correctresultsfor awide classof light emissionandscatteringnodels,no
matterhow directionally-dependerthe resultingradiances. Moreover, pixel-driven
algorithmsare often very userfriendly, one of the key reasondor the popularity of
theray-tracingalgorithm.

The main disadwantageof pixel-driven approachess that all computationseed
to be doneover from scratchwhenthe viewing positionis changed. Objectspace
algorithmsmay alsoyield resultsof fair quality significantlyfasterthanpixel-driven
algorithms.

Multi-pass approaches A promisingapproachis to computeradiancein object-
spaceas mud as possible A pixel-drivenalgorithmis thenusedto renderonly the
radiancecontributions of which the computationand storagein object-spaceés not
feasible.Suchapproachearecalledmulti-passapproachefl 77, 149 23,79, 164.

1.2 The radiosity method

Theradiositymethod,first introducedin [58, 116, 27], is an object-spacehysically
basedimagesynthesianethodfor ernvironmentsthat consistexclusively of surfaces
that are perfectly diffuse (matte,or Lambertian)emittorsandreflectorsof light: the
EDF andBRDF of the surfacesin the scenedo not dependon direction. (The BTDF,
describingrefractionof light throughsurfaces,s not takeninto accountin the basic
radiositymethod.)

In staticdiffusescenesthe EDF andBRDF arefully determinedy spatialloca-
tion andthe wavelengthof light only. The advantageof sucha simplificationis that
theradiancewill notdependndirectioneither:afixedpointonasurfacein thescene
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will be percevedwith the sameintensity and colour regardlessof the viewing pos-
ition. This reductionof the dimensionof the radiancefunction makesit feasibleto
storeanaccuratebject-spaceepresentatioevenfor fairly largescenes.

In diffuse ervironments,it is more appropriateto quantify the illumination at a
givenlocationandwavelengthusingthe quantityradiosityratherthanradiance.

1.2.1 Outline

Theradiositymethodbasicallyconsistf four steps.Thesestepsareenumeratetiere
for the classicalradiosity method[58, 116, 27], but arethe samein more advanced
algorithms.A derivationof themethodwill be presentedn chapter2.

1. Discretisationof a virtual ervironmentinto planar corvex polygons,called
patches For eachpatchi, the intensity of self-emittedillumination, expressed
by the self-emittedradiosity E; (unit [W/m?]), anddiffusereflectance; is de-
termined. The diffusereflectanceas a dimensionlessiumberbetween0 and 1
expressingwhatfraction of incidentillumination is reflected.Both the diffuse
reflectanceandemittanceareassumeaonstanbver eachpatch;

2. Calculationof form factors F;; for eachpair of patchesi andj. The form
factorF;; is adimensionlessumberthatexpressesvhatfractionof theincident
illumination on patchi is dueto patchy;

3. Solutionof thesystemof linearequations

B; =Ei+Pz'ze‘ij- (1.1)
J

Theunknawns B; arethe averagetotal radiosityon patchi (unit [W/m?]) and
expresgheintensityof thetotal diffuseilluminationon:. Thereis oneunknovn
and one equationper patchin the scene. Due to the size of this systemof
equations,iterative solution methodssuchas Jacobiiterationsor Southwell-
relaxation[26] areused;

4. Visualisationof the solutionas seenfrom one or more viewpoints. This step
involvesvisible surfacedeterminatiorandtonemapping.

Theequationg1.1) expresghattheillumination B; onapatchi is thesumof theself-
emittedillumination andthe reflectedincidentillumination from otherpatches.The
incidentillumination is a weightedsumof the illumination on otherpatchesj. The
weightsin this sumaretheform factorsF;;. A fraction p; of theincidentillumination
is reflected.

1.2.2 Problems

Unfortunately the basicradiosity methodsuffers from several importantproblems.
Themainproblemsconcernrmeshingandform factorcomputatiorandstorage.
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Meshing

Thediscretisatiorof the surfacesof thescenento patchesieedgo accuratelycapture
illuminationvariationg(figure1.lillustratesthekind of imageartifactsthatcanappear
dueto impropermeshing):

Figure 1.1: Imageartifactsin the radiositymethoddueto impropermeshingincludelight and
shadav leaks,jaggedshadev boundariesand shadingdiscontinuitiesin regionswheretheil-
lumination varies smoothly (upperleft image). Shadingdiscontinuitiesin smoothareasare
washedout using Gouraudinterpolation,but otherartifactspersist(upperright image). In the
lower-left image the patcheshave beenpartitionedinto non-intersectingarts,andacubicradi-
osity approximatiorhasbeencomputed.Theresultis accuratevithout smoothing exceptnear
theshadev boundarieswherehigherorderdiscontinuitieshave not beenresohed. The lower
right imageshaws the correctresultthatwould be obtainedwith full discontinuitymeshing.

o Visibility changesv.r.t. aprimaryor brightsecondaryight sourcewill resultin
discontinuitiesof variousorderin theradiosityfunction[71, 103. Mostnotable
arediscontinuitiesn valuewheresurfacegoucheachother If notproperlydealt
with, theseleadto light- andshadaev leaksin animage. Discontinuitiesin the
firstandsecondlerivative resultat shadev boundarie@ndalongvariouscurves
insidethe penumbrazonecastupona recever surfaceby light source/occluder
surfacepairs. Ignoringtheseleadsto imageartifactssuchasblurredor jagged
shadeov boundaries.In discontinuitymeshing[71, 103 38, 162, 163 13|, the
scends discretisedalongthesediscontinuitylines sothattheselines appearas
patchedgesandno discontinuitiesoccuron theinterior of the patches;

¢ In absenceof visibility changesthe radiosity function variessmoothly The
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classicalradiosity methodhowever only computesa single constantradiosity

value per patch. Evenwith higherorder polynomialradiosity approximations
[70, 72, 185 172 however, a sufiiciently fine meshis requiredin orderto ac-

curatelyrepresentillumination variationsin suchregions. On the otherhand,

too fine ameshwill resultin unnecessargomputations.

e Thepatcheseedto fulfil severaltopologicalrequirementaswell [8].

Meshgeneratiorfor radiosity hastraditionally beena matterof trial anderror, exer-
cisedby expertsfor eachsceneseparatelyA goodmeshingstratey will balancethe
requirement®f accurag andspeed.Automaticmeshgeneratioris a requirementn
orderto make theradiositymethoduserfriendly.

Form factor computation and storage

Theaccuratecomputationof the form factorsF;; requiresthe computationof a non-
trivial integral andis by far the mosttime consumingstepof the radiosity method.
Moreover, a form factor needsto be computedand storedfor eachpair of patches.
Storagerequirementarehugeevenfor sceneonsistingof no morethanafew thou-
sandf patches.

Form factors arenon-trivial to compute Theform factorF;; betweertwo patches
i andj is givenby 4-dimensionalntegral. Analytical solutionsexist only in caseof
full visibility andfor constantadiosityapproximationg9, 141]. In generalthe form
factorneedsto be computedby numericalintegration. The numericalintegrationis
non-trivial dueto the needto evaluatevisibility betweernpairsof points,oneon each
patch,anddueto potentialdiscontinuitiesandsingularitiesin theintegrand:

o Visibility is calculatedusingeitheraZ-buffer[27], aray-tracing[178] approach,
or using analyticalvisibility algorithms[40, 123. Whenray-tracingis used,
familiar ray-tracingacceleratioriechniqueg$55] canbe exploited. Specialpur-
poseacceleratioriechniquessuchasshaftculling [61] have beendesigneckes-
pecially for form factorcomputationaswell. Global visibility pre-processing
[169] is anotheralternatve to save visibility computationtime during form
factorcomputation;

e Theform factorintegrandwill be discontinuousn valueandin derivativesin
caseof partial visibility. Discontinuity meshing[71, 103 38, 162, 163 13],
resolespart of thesediscontinuities.Full 