N

N

Efficient Glossy Global Illumination with Interactive
Viewing
Marc Stamminger, Annette Scheel, Xavier Granier, Frederic Perez-Cazorla,

George Drettakis, Francois X. Sillion

» To cite this version:

Marc Stamminger, Annette Scheel, Xavier Granier, Frederic Perez-Cazorla, George Drettakis, et al..
Efficient Glossy Global Illumination with Interactive Viewing. Computer Graphics Forum, 2000, 19
(1), pp.13-25. inria-00509975

HAL Id: inria-00509975
https://inria.hal.science/inria-00509975
Submitted on 17 Aug 2010

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://inria.hal.science/inria-00509975
https://hal.archives-ouvertes.fr

Efficient GlossyGlobal Illumination
with Interacti ve Viewing

Marc Stammingell, AnnetteScheef', Xavier Granier?, FredericPerez-Cazorl3, Geoge Drettakis?, Franois Sillion 2

1 Max-Planck-Institutdor ComputerScience Saarbiicken, Germary
2 iMAGIS-GRA/IR/IMA G-INRIA, Grenoble France'
3 GGG, University of Girona,Spain

Abstract

Theability to performinteractivewalkthroughsof global illumination solutionsincluding glossyeffectsis a chal-
lengingopenproblem.In this paperwe overcomecertain limitations of previous approades.We first introduce
a novel, memory-and compute-dicient representatiorof incomingillumination, in the context of a hierarchical
radianceclusteringalgorithm.We thenrepreseniutgoingradiancewith an adaptivehierarchical basis,in a man-
ner suitablefor interactivedisplay Usingappiopriaterefinemenanddisplaystrategies,we achievewalkthroughs
of glossysolutionsat interactiveratesfor non-trivial scenesln addition,our implementatiorhasbeendeveloped
to be portable and easily adaptableas an extensionto existing diffuse-only hierarchical radiosity systems\We
presentesultsof theimplementatiorof glossyglobalilluminationin twoindependenglobalillumination systems.

Keywords: globalillumination; glossyreflection;interactie viewing

1. Intr oduction

Real-world scenescontain materialswith different reflec-
tive propertiesyarying from matte(diffuse)to shiny (glossy
or specular).Global illumination researchhas madegreat
adwancesfor the treatmentof diffuse ervironmentsin re-
centyears,in particularwith the adwent of the Hierarchical
Radiosity(HR) algorithn® andthe subsequenintroduction
of clustering® 18, It is now possibleto computeglobal il-
lumination solutionsof complec diffuse ervironmentsand
performinteractive walkthroughsof the result.Interactvity
is achiezed using the polygonalmodel which is appropri-
ately subdvided into sub-polygonso captureshadavs and
lighting variations.Sincethe ervironmentsare diffuse, no
updatesare necessarat eachframe, and the polygonsare
dravn asis. In contrast,scenescontainingglossysurfaces
cannotyet be treatedin aninteractve context. To generate
imageswith glossysurfaces,ray-tracingbasedapproaches
are typically used,such as the RADIANCE systeri® or
path-tracingalgorithms(e.g.12 26). Somefinite elementap-
proacheshave been presentedput can only treat trivial
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scenes(e.g.141) or require a second,ray-castingpassto

generateaanimage3. Otherapproachebave beenproposed
which arecapableof interactive viewing!7 18 28, but they are
limitedin theircapacityto treatnon-trivial environmentsand
reflectve behaiours.

We presenta novel solution which allows interactve
viewing of globally illuminated glossy scenesTo achieve
this goal,we usea finite elementrepresentationf outgoing
radianceatsurfacesor clustersThisrepresentatiois usedat
eachframeto evaluatethe radiancdeaving a glossysurface
andreachingheeye, permittinginteractve viewing. Theus-
ageof afinite elementrepresentatiofor exitantlight implies
thatthemethods bettersuitedfor roughglossysurfacesput
notfor highly speculaior evenmirror-like ones.

A novel representationf incomingradiancein the form
of a structure called lllumination Samplesis presented,
which is efficient both in memory and computationtime.
Thisstructurereplacesanexplicit (andcostly)finite-element
representationf incomingradianceby setsof relevantpoint
samples.

Furthermorewe demonstrat¢heimportanceandbenefits
of usinganadaptve hierarchicarepresentatioof outgoing
radiancemproving on both computationtime andmemory



consumptiorcomparedo previous approachesuchasthat
of Sillion etal 18 Ouralgorithmproducesigh quality glossy
globalillumination solutionswhich canbedirectly rendered
for interactive walkthroughswithout the needfor expensive
second-pasBnal gatherasin thework of Christenseretal 2

2. Previous Work

Most previous work in glossyillumination has beencen-

tered aroundray-tracing. Thesestart with distributed ray-

tracingl 5> andthe renderingequatiof? in thelate eighties.
A large body of researcrensuedocusingon Monte-Carlo
stochasticalgorithms.The goal of this researchwasto re-

ducethe noisein the solutions,introducedby the stochas-
tic natureof the Monte-Carlomethodge.g.25 12 15). Monte-

Carlo algorithmsthat proved to be usefulin otherresearch
areasveresuccessfullyransferredo theglobalillumination

problem?t 27

In parallel, several multi-pass methodshave been de-
velopedwhich combinethe advantagesof ray-tracingand
radiosity-stylecalculationst® othershave integratedradios-
ity calculationsin a stochasticprocess. The RADIANCE
system?0 particletracing!?® and photon-map$ arealsoin-
terestingsincethey collectsampleof illumination eitheron
surfacesor in aseparatstructure andusearay-casor trace
to renderthefinal image.

“Pure” finite elementapproachedor glossy illumina-
tion have appearedn two main flavours: three-pointap-
proachest 4 and finite-elementapproachesausing direc-
tional distributions?é 3 We concentrat®nthelasttwo meth-
odsin more detail, sincethey are closerto our nev algo-
rithm.

2.1. Waveletsand Final Gather

Christensemtal 3 extendedhewaveletmethodsvhich have
beenusedfor radiosity?2 7.4 to a radianceclusteringalgo-
rithm. However, it still suffersfrom computationallyexpen-
sive stepswhich hinderinteractive viewing. Patchesstorea
radiancedistribution which is representedising a four di-
mensionalwavelet basisaccountingfor spatialand direc-
tional variations.Clustersmaintaina waveletrepresentation
for an incoming as well asfor an outgoingradiancedis-
tribution. The doublerepresentatiomf radianceconsumes
additionalmemory Computingthe transportcoeficientsin-
volves evaluatinga six-dimensionaintegral which is com-
putationally expensve. Importancedriven refinementre-
duceshenumberof interactiongdrastically;but thesolution
becomessiew dependenaind consequentlycannotbe used
for interactive viewing.

Higherorderwaveletbasege.g.5) werealsoinvestigated,
which provide a sparsetransportcoeficient matrix andde-
liversmootherepresentationsiowever, theintegrationsare
socomple thatthe authorsresortedto the Haarbasiswith

asmoothinginal gatherstep,whichis very time consuming
andview dependent.

2.2. RadianceClustering

The RadianceClusteringapproach(RC) developedby Sil-

lion et al. '8 usedsphericalharmonicsto store exiting ra-
diantintensity | on the hierarchicalelementsof a subdvi-

sion of the original scene An “immediate-push’algorithm
is used,which, during the gatheroperationof light across
links, “pushes”the contritution all theway to the leaves. At

the leaves, radiantintensity | is storedas a sphericalhar

monicfunction;the nev contritution is reflectedandadded
into this function.

The result can be visualiseddirectly by sampling the
sphericalharmonicrepresentationsf | at eachframe. Di-
rectvisualisation(i.e., with no accelerationyvasperformed
for simplescenessincefor eachframeradiances evaluated
at eachvertex or leaf element frameratesare not optimal.
Furthermoresphericaharmonicsareanon-hierarchicalep-
resentationandthe numberof coeficientsusedis fixed in
adwance As aresult,thereis no controlover thelevel of de-
tail requiredto representhe directionallydependenglossy
illumination.

Our new algorithmprovidessolutionsto the above prob-
lemsandalsoreducesmemoryandtime consumptionWe
startwith animprovedrepresentationf incomingradiance,
which avoids the memoryoverheadand multiple hierarchy
passesf the‘immediate-push’olution.In particularwein-
troducelllumination Samplesvhich areanappropriatgoint
samplesetrepresentatiorf incoming light. We then pro-
ceedwith anadaptve hierarchicalrepresentatiof outgo-
ing radianceusingHaarwavelets,andalsopresent “shoot-
ing” solutionfurtherreducingmemoryrequirementsThere-
sulting glossyglobal algorithmis well-suitedto interactive
viewing, andallows smoothcontrol of the memory/quality
tradeof. This avoids the problemsof non-adaptie repre-
sentationswhich are either not suficiently accurateor too
memory-consumingdppropriatedirectionalrefinementind
simple heuristicsfor acceleratedviewing are also intro-
duced.

3. The lllumination SamplesAlgorithm

The goal of the new lllumination Samplesalgorithmis to
extendanexisting HierarchicalClusteringalgorithmto also
handlenon-difuse surfaces.Inter-surfacelight propagation
is the samefor diffuse and non-difuse ervironments,with
the differencethatin a non-difuse setupdirectionalinfor-
mationaboutincidentlight mustbe maintainedor a subse-
quentglossyreflectionstep.

As in RadianceClustering!8 patchesandclustersareas-
sumedto have no spatialextentasfar asthe representation
of outgoingradianceis concernedThey storea hierarchi-
cal directionaldistribution for outgoingradiancewhich will
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be describedseparatelyin Section4. In contrastto Chris-
tensenet al. 3 our new algorithmdoesnot differentiatebe-
tweenclustersandpatchesconcerninghe representationf
exitantlight.

3.1. BoundedPropagation

Our approachis basedon the radiosity clusteringmethod
describedby Stammingeret al. 23 24 which can handleflat
andcurvedsurfacesaswell asclustersin auniform manner
Boundingboxesaroundthe objectsareusedto boundtheset
of interactingdirections.With this information, boundson
the form factorandexitant radianceat the senderare com-
puted,delivering minimumandmaximumvaluesfor there-
ceivedradiosity Thedifferenceis usedto decidewhetherto
refinealink.

This boundedradiosity approachcan be appliedto ra-
diancecomputationseasily sincethe propagationof light,
i.e., the transformationof exitant to incident light, is in-
dependenbf material properties.The only differencelies
in the evaluationof boundson the radianceof the sender
which is even easierif we have a directional distribution
for the senders exitant radiance.However, sincethis exi-
tantradiancerepresentatiois only approximatetheresult-
ing boundsarenolongerconserative.

3.2. Incident Light

Oneway to integratethe directionalinformationis to ex-
plicitly computea finite elementrepresentationf it. In the
work of Christenseret al. 3 eachincidentlight contribution
computedduring propagatioris projectedseparatelyontoa
basisfor incominglight (for clusters).This is rathercostly
(in memoryandtime) andresultsin significantblurring of
incidentlight, which canexhibit very strongvariations.On
the otherhandthis blurring counteract¢o someextentthe
sharpeninglueto the point-representatioaf clusters.

An alternatveis to reflectincidentlight contributionsim-
mediatelyafter they have beencomputedg while their di-
rectionof incidenceis still knovn. Thereflectionresponses
arethenprojectedontofinite elementhaseseparatelyThis
methodcircumwentsthe needto storetheincidentlight, but
the storageconsumptioris notreducediwo representations
of exitant radianceare neededfor the push/pullphase.ln
addition,this methodis computationallyexpensve, because
of the high numberof BRDF evaluations,andthe multiple
hierarchytraversalsnvolvedin theimmediateprojection.

Ourproposedsolutionis to combinetheapproachesf in-
cidentlight representatiomndimmediatereflection.We at-
tachincidentlight to areceving patchin theform of Illumi-
nation SamplesLight propagatioris computedsimilarly to
HR by refininglinks until eachlink representsvhatamounts
to constantight power. Insteadof simply summingtheirra-
diancevaluesat the recever, an lllumination Samplewith
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the directionto the senderandthe transportedrradianceis
addedto therecever for eachlink. At the endof the prop-
agationstep,theillumination in the scenes representeds
a setof point samplesdistributed over the scenehierarchy
(seeFigurel, left).

Figure 1: lllumination Samplesn the scenehierarchy. Left:
after propagation computationRight: after push.

3.3. Push/Pulland Reflection

A push stepasin HR is neededo createa consistentep-
resentatiorof the incidentlight at the leaves, i.e., all light
receved by inner nodesis propagatedo the children by
passingheir lllumination Sampleslovnwards.Afterwards,
eachleaf hasa large setof lllumination Samplesdescribing
its entireincidentlight field (seeFigure 1, right). Note that
the numberof hierarchytraversalsis muchsmallerthanin
RadianceClusteringt® whereeachsampleis pusheddowvn
separately

After thepush step,theincidentlight hasto bereflected
accordingo the objects BRDF. Becausdllumination Sam-
plescorrespondo Dirac impulses,the reflectionis anim-
pulseresponsef theBRDF, i.e.,it is the BRDFwith afixed
incidentlight direction multiplied by the irradianceof the
sample.The completereflectionis the sumof the impulse
responseto eachlllumination Sample Thereforehe BRDF
mustbe evaluatedoncefor eachlllumination Sampleto ob-
tainthereflectedradiancen a particulardirection.

Using an adaptve directional distribution describedbe-
low, reflectedlight is projectedonto anadaptve, hierarchi-
cal directionalbasisto obtainthe new exitant light for each
patch.Theserepresentationarethenaveragedottom-upto
obtainthedistributionsfor innernodes.

Due to the presenceof the completeillumination infor-
mation after push-pull,coherencean the incidentlight can
be exploited for reflectioncomputation.Considera glossy
patchbeingilluminated by n nearbyillumination samples,
all carryingapproximatlythe sameenepy (Figure2). Each
single reflectionis a sharppeak, but their sum is rather
smooth.



If eachincominglight transferis reflectedindependently
asit is donein 18, n directionaldistributionsarecreatedand
finally summedAs a resultthe directionaldistribution will
be subdvided finely over the entirerangeof the reflection.
Becausethe Illlumination Samplemethoddescribedabore
directly computeshe summedesponseit is ableto detect
thesmoothregionsof thereflectionandto adaptsubdvision
accordingly

.....
. .
o .

Figure 2: Reflectiorof singleradiancetransfes on a highly
glossypatc and sumof reflectiondistributions.

To demonstratehis we appliedthe methodsto the test
sceneshawn in Figure 3. A small glossyreflectoris lit by
3 x 7 light sourceswith mutualangleof 3, 15 and 30 de-
greeswhich causeghe illumination of a large diffuse re-
ceiver. Thereflectionis computedy (a)individually reflect-
ing eachlight sourceandsummingtheresultingdistributions
and(b) by computinga distribution of the entirereflection.
For both methodsthe L1 error normis usedwith the same
error threshold.Table 1 shaws the resultingnumberof ba-
sisfunctions,computatiortimesandBRDF evaluationsper
formed.

It canbeseerthatfor all sceneshenumberof basisfunc-
tions for the final resultis significantly smallerthanif the
sumis projecteddirectly. Also computationtime is shorter
but the differenceis not aslarge as onewould expect. The
reasoncan be found in the column “BRDF evaluations”,
wherewe seethattheirnumberis relatively high. Thisis be-
causeby projectingthe sumfor eachexitant radiancesam-
ple all lllumination Samplesare reflected,including those
with neglible contrikution. By projectingthe responsesep-
arately the samplingcanbe focusedto relevant regionsin-
dependentlyjor eachlllumination Sample.

3.4. Shooting

With astandardyatheringterationschemethenumberof II-
luminationSamplesndthusthetimefor push/pullincreases
from iteration to iteration. With a shootingschemein the
spirit of 22 this can be avoided. In sucha scheme |llumi-
nationSamplesarereflectedonceandthenremored. Thus,
in iterationi thelight reflectedexactly i timesis considered
only.

However, this requiresthe distinctionof “unshot” andac-
cumulatedight. If this distinctionis madefor exitant light,
this meanghatfor every patchtwo memory-intensie direc-
tional distributions are required.With a bit more care,the
distinctionis madewith respecto theincidentlight, avoid-
ing theincreasen memoryconsumption.

In particular every patchgetstwo Illumination Sample
sets,| SSet New and| SSet Accum aswell asonedirec-
tional distribtion DD. During iterationi (startingwith i = 0),
nenly computedllumination samplesareappendedo | S-
Set New. In thereflectionstep,| SSet New s reflectedand
the resultis storedin the directionaldistribution DD. Then
the samplesf | SSet New areappendedo | SSet Accum
andl SSet New s cleared.

This hasthe following consequencesn iterationi the
costlydirectionaldistribution DD containsthelight reflected
exactly i times. For large i, this light is automaticallyrep-
resentedat coarselevels of the hierarchy so the required
numberof DDs is small. Therefore mostmemoryfor DD is
requiredin theinitial iterations,anddecreasesontinuously

| SSet New representghe incident light after exactly i
reflections.|t is also largestin the beginning and quickly
getssmaller Only | SSet Accumincreaseover time, but
it alsorepresentshe final result,which shouldbe storedin
ary caselllumination samplesareprobablyanefficientway
of doingthis.

Thefinal solutionis thusglobalincidentlight only. In or-
derto obtainglobal exitant light, e.g.,for interactive view-
ing (seebelaw), | SSet Accum hasto be reflectedas a
wholeonefinaltime. Thisis notnecessarwith the VISION-
renderingarchitecturewhichwasusedfor oneof thetestim-
plementationsn VISION, lighting algorithmshave to com-
puteincidentlight only. Thelastreflectionstepis thenper
formedduringthefinal ray tracingfor rendering.

3.5. Discussion

Note that in our approachpropagationand reflection are
completely decoupled.Propagationcomputationdoes not
considerthe reflection propertiesof the recever, e.g. by
computingthe incidentlight of a highly glossypatchmore
accuratelythanin the diffuse case.How this glossinesof
a patchshouldbe measuredndthenusedto guidethe ac-
curay of thecomputationjs still anopenguestionthough.
The spatialrefinementof the patchess doneduring prop-
agation,while the refinementevel of the directionaldistri-
butionsis choserduringreflection.This distinctiondoesnot
imposea problemon cornvergence,but it resultsin mem-
ory/computatiorsavings.

lllumination Samplescan be interpretedas Dirac-peaks
from a particulardirectiondescribingincidentlight andare
thussomevhatsimilar to the photonsin the PhotonMap ap-
proachof Jenseretal.® However, Photonmapsarenotdeter
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Figure 3: 3 x 7 light souresilluminating a smallglossyreflectoy which in turn illuminatesa large diffusereceiver Theangles

betweeradjacentlight sourcesare 3, 15and 30 dgyrees.

reflectingthe sum

summingthereflections

light source basis computation  BRDF- basis computation  BRDF-
angle functions time evaluations functions time evaluations
3 4.998 10.05s 457.968 7.140 19.83s 148.172
15 3.752 7.56s 342.000 16.390 15.89s 351.554
30 3.096 4.86s 251.790 23.574 10.39s 219.372

Table 1: Statisticsfor the computatiorof the simpleexamplescenes.

ministic andtheir usagefor lighting simulationis very dif-
ferentfrom ours.

With respecto astandaraorm,with Dirac-peaksiocon-
vergentrepresentatiorcan be obtained.On the otherhand,
the Dirac-representatiois only usedto computethereflec-
tion integral. Fromanothempoint of view, this representation
canbe seenasintermediatedatain a delayednumericalin-
tegration,whereeachlllumination Sampleis a temporarily
storedintegrationsample Soaslong asthe BRDFis numer
ically integrable the computedeflectionwill corverge.

The artifactsresulting from the Dirac-representatioas
well asthe corvergenceof the solutiondueto spatialrefine-
mentaredepictedin Figure4. It shavs avery simplescene
of anarealight anda highly glossyreflector renderedwith
threedecreasingrrorthresholdvalues.In orderto make the
artifactsmorevisible, no smoothingis performed.t canbe
clearly seenhow the arealight is representedby 4, 16 and
64 lllumination Samplesandhow thereflectionconverges.

For a morediffusereflector the artifactswould be much
lessvisible becauseof the larger splats.This demonstrates
thatlight propagatiortowardsa highly glossypatchshould
be subdvided finer thantowardsa diffuse patch.However,
this requiresan estimationof the glossinesf a patchand
anappropriateefinemenstratgy. We have not pursuedhis
issuefurther
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4. Adaptive Representationof Outgoing Radiancefor
Interactive Display

To producethe finite-elementsolutionssuitablefor interac-
tivedisplay we storeoutgoinglight in theform of directional

distributionsattachedo surfacesor clustersAs in Radiance
Clustering!® objectsareassumedo have no spatialextent.

Insteadbf thefour dimensionaftadianceonly the2D radiant

intensitydistribution is storedwith eachobject.

Fortherepresentationf directionalradiantintensitiesywe
have implementedand examinedtwo options:First, a uni-
form subdvision of the direction space where eachdistri-
butionis representeby afixednumberof coeficients(non-
adaptivebasig. Secondwe implementedcanadaptve repre-
sentatiorusingHaarWavelets.

Notethatthe useof the adaptve basisallows a compari-
sonwith RC 18; to be completewe shouldhave testedwith
sphericalharmonics.Sinceno solutionfor generalsurface
orientationcurrently exists, we usedthe “non-adaptie” ba-
sisfor comparison.

The non-adaptie basisis more usefulfor smoothdistri-
butions,becausell operationonthefixedsubdvision basis
aresimpleandfast. The adaptve Haarbasisis bettersuited
for stronglyvarying functions,becausét canusemoreba-
sisfunctionsin the interestingregionsandfewer in smooth
regions. However, operationssuchasthe evaluationof the
distribution or additionof two distributionsaremoreexpen-
sive, dueto theunderlyingnon-reyularrepresentation.



Figure 4: Cornvemgenceof reflectionsof Dirac-representationsTheerror thresholdis chosensud thatthe arealight at thetop

is representedy 4, 16 and 64 lllumination Samples.

4.1. “Non-adaptive” Representation

For a non-adaptie basis,we usea uniform subdvision of

the direction space.To accomplishthis task, a tetrahedron
is subdiided. We thus obtain4™1 trianglesif the level of

subdvisonis n. Sincethe numberof verticesis lower than
the numberof triangles(this is 2 x 4" 4 2), we decidedto

store3 floatsfor RGB only atthe vertices(seeFigureb).

Directional Basis With Values at Vertex

e OW

level 0 level 1 level 0 level 1

Figure5: Non-adaptivebasissubdivision

If somefunction (e.g.,thereflectedlight of an object)is
to be projectedinto the non-adaptie basis,the functionis
simply evaluatedat the verticesto obtainthe corresponding
coeficients.As aresult,thisis in essenca piecaviselinear
representation.

4.2. Haar Representation

For the Haarrepresentatiorthe domainof directionsis pa-
rameterizedy pointson anoctahedronThe verticesof the
octahedrorareselectedo lie onthemainaxes,soeachface
corresponds$o oneoctantof the directionaldomain.Simple
sign consideration®f a directiondeliver the corresponding
octahedrorface.

A hierarchyof basisfunctionsis built by assigninga first
level basisfunctionto eachof the eightfacesof the octahe-
dron. Theseare thensubdvided hierarchicallyin the usual
manner(seeFig. 6). In orderto allow for linear interpola-
tion for laterpoint samplesthehierarchyis alwayskeptbal-
anced,.e., the subdvision levels of two neighboringtrian-
glesnever differ by morethanonelevel.

Figure 6: Hierarchy onthe octahedon.

In orderto quickly computeanadaptve representatiora
top-davn approactwaschosenAssumethatthefunctionto
be projectedis f. For eachof thefirst eightbasisfunctions,
f is sampledat the triangle cornersand at its center If f
is almostconstantover the triangle, the samplevalueswill
only vary slightly. For highly varying f, one canexpecta
widerangeof functionsamplesThusthedifferencebetween
minimum and maximumsampleis consideredlf it is too
large, the four finer basisfunctionspartitioningthe domain
areconsideredecursvely.

This top-davn approachruns into problemsif f hasa
sharppeakinbetweenthe samplesWe alleviate this prob-
lem by enforcinga minimum subdvision level in the hope
thatthe resultingsamplingis denseenoughnot to missary
peaks.

Thereare several possibilitiesto decidewhetherthe dif-
ferenceis too large. For the algorithmdescribedn this pa-
per, thedifferencas comparedvith themidpointvalue,i.e.a
maximumpercentae deviation € with respecto the center
valueis allowed. Thisturnedoutto bebeneficiaffor ourcase
(especiallyin the context of interactve viewing, seeSec-
tion 5.1); for othersettingsdifferentcriteriacanbeused.

4.3. Comparison

To see the differencesinvolved in using Haar or non-
adaptve representationg;onsiderthe following simple ex-
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ample,whichis anemptyroom (the geometryis takenfrom
the RADIANCE testscené'SodaShoppe29).

Thereferencemagewascomputedwith a path-traceus-
ing next-event estimationt2 The imagesin Figure 7 were
generatedisingRadianceClustering with the non-adaptie
andHaarbasis(seeSection5 for moredetailsonrendering).
The “Max Level” parameteicorrespondgo the maximum
permittedlevel of subdvision. Clearly, the non-adaptie ba-
sis fails to correctly representhe highlights on the glossy
floor for maximumsubdvision level 3. For maximumlevel
4, the resultis improved, but at the cost of 4 times more
memory(seeTable2). In contrastthe Haarbasisusesless
thanthreetimes as much memoryfor an “equivalent” im-
provementin quality. However, the Haar basisalso takes
moretime. The reasonis that arithmeticoperationson the
regularconstansubdvision areof coursesimplerandfaster

This exampledemonstratethatfor highly glossyscenes,
small highlightscanonly be capturedwith the adaptve ba-
sisor avery fine non-adaptie basisrepresentationyhichin
turn requireslarge amountsof memory More importantly
theuser who haslimited memory canonly changehequal-
ity in large“quanta”,andoftenwill notbeableto getasatis-
factoryresultbeforerunningoutof memory Adaptive bases,
suchas Haar alleviate this problem.However, the unifor-
mity of the non-adaptie basisresultsin a smoothermore
regular distribution, which becomesespeciallyvisible dur
ing interactve viewing. Notealsothatthe Haarsolutioncap-
turessecondarylossyreflectionfrom thewalls to thefloor,
which areparticularlyhardfor path-tracing.

Max  Distr Triangles Time
Level N/A Haar N/A Haar

3 2878 782K 640K 510s 722s

4 2878 3127K 1829K 731s 1125s

Table 2: Comparisonof Non-adaptie (N/A) and Haar basisfor
RadianceClustering,shaving the numberof directionalfunctions
(Distr) usedandthe computatiortime. Max Level is the maximum
level of subdvision.

5. Interactive Display

After thecomputatiorof aglobalilluminationsolutionusing
lllumination Sampleswe have a representationf outgoing
radiantintensity storedin the directionaldistribution func-

tion. At eachframe during interactve display we needto

evaluateradiancefor every glossyhierarchicalleaf element
in the directionof the viewpoint. This implies two require-
ments:(i) subdvision of the directionaldistributionsappro-
priately sothat a visually pleasingrepresentationf glossy
effectsis producedand (ii) acceleratiorof the display pro-

cessto avoid the costof the evaluationof radianceat each
elementat every frame.
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5.1. Refinementlssuesfor Display

Recall that we have decoupleddirectional subdvision, in
theform of theHaarbasedlirectionaldistributionfunctions,
andthe spatialsubdvision, in the form of the “traditional”
hierarchicatadiosityelementierarchyTo interactiely dis-
play the solution,we interpolateradiancen the view direc-
tion by evaluatingthe directionaldistribution on eachele-
ment.If subdvisionin directionspacéds performedarbitrar
ily, the differencein subdvision of the directionalfunction
betweemeighbouringpatchesnaybetoo abrupt.

Thisis thecasefor exampleif we compareabsolutevalue
differencesetweerthe centerandthe verticesof the trian-
glesof thedirectionalsubdvision to decidewhetherto sub-
divide. The use of relative (percentagelifferencesavoids
this problemsincewe approximateheform of thefunction,
which variesmore slowly acrossneighboursThe artifacts
dueto the absoluterefinementcan be seenin Figure 8. In
particular notetheringing artifactswhich arevisible around
the highlight using the absoluterefiner Theseartifactsare
remoredwhenusingtherelative (percentagejolution.

5.2. Interactive Rendering

For efficient displaywe separatehe sceneinto two lists, so
thatdiffuseobjectscanberenderecnceandredisplayedn
efficient, display-listmode.The otherlist, of glossyreflec-
tors,is updatedappropriatelyat eachframeanddisplayedn
immediatemode. The accelaratiorachieved obviously de-
pendsonthepercentagef diffusesurfacesin thesceneFor
thescenegestedve achie/e updateratesvaryingfrom afew
framespersecondo afew secondperframefor morecom-
plex scenes.

In theBRIGHT renderingsystem smoothinteractve dis-
play of radiositysolutionsis performedoy storingpervertex
radiosityvalues.Thesevaluesare updatedduring the push-
pull phaseof thesolution,by extrapolatingelementadiosity
valuesto the adjacentertices.

To achieve smoothshadingfor glossy surfaces,we add
a field to the datastructureassociatedvith verticesin the
hierarchyof elementsFor planarsurfaces.this field is up-
datedduring push-pullin a mannerslightly differentto that
of radiosity;i.e., for avertex belongingto a leaf elementor
to an edge,the radiantintensity is summedwith the radi-
antintensitystoredat thevertex. Sinceradiantintensityis in
Watts/si(seel8), atdisplaytime we divide by theareaof the
surroundingelements.

Thespecialcaseof indexedface-setss treatedseparately
Indexedface-setarecommonmodellingprimitives,andof-
ten result from the tesselationof curved objectssuch as
sphere®r cylinders.In the BRIGHT renderingsystemwe
pre-tesselateuchobjects,andrepresenthemasanindexed
face-setThe advantageof sucha representatioiis thatver-
tices are sharedbetweenadjacentelements.We can thus
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Figure 7: Comparisorof the non-adaptie vs. Haarbasis.

Figure 8: Artifactswhenusingthe “absoluterefiner(left), which areabsenwhenusingthe “relative” refiner(right).
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avoid the storageof the additionaldirectionaldistribution at
thevertices.

Eachvertex storesthe list of polygonalelementswhich
sharat. Its coloris thentheaverageradiantintensityof these
polygons(i.e., | evaluatedat the centersof the elementsn
the viewing direction).For more efficient display we eval-
uatethis color onceper vertex for a given direction. Also,
we recomputethe color only if the directionchanges'suf-
ficiently” i.e., greaterthan a userdefinede threshold.This
allows the controlof the quality/updateatetradeof.

6. Implementation and Results

One major goal of our approachwas the developmentof
a solution which can be considereda simple “add-on” to
an existing hierarchicalradiosity system.We implemented
the algorithmon two very differentrenderingarchitectures,
namely BRIGHT (iMAGIS) and VISION (University of
Erlangen)0

We have testedourimplementatioron severaltestscenes,
shawvn in Figures9 and 13. The scenesn Figure 9 were
usedfor the interactve viewing testin BRIGHT. The first
sceneshaws threelight sourcesoloredred, greenandblue,
illuminating a very glossy small reflector This reflectorin
turn indirectly illuminatesa diffusewall. The secondscene
is aglossyspherdlluminatedby asmallsourceandaglossy
floor. Thesein turn produceindirect glossy effects on the
lower partof the sphereandthe diffuseceiling. Finally, the
“Simple soda” sceneis a simplified version of the “Soda
Shoppe”scene.ln BRIGHT, we require tesselatiorof all
objectsinitially, whichresultsin a high numberof initial ob-
jects;in VISION, objectsare not initially tesselatedThis
explainsthe low numberof initial objectsin the complete
“SodaShoppe”sceneusedfor Figure13.

6.1. RadianceClustering vs. lllumination Samples

In BRIGHT we haveimplementedothRadianceClustering
(RC) andthe lllumination SampleqIS) approachWe have
comparedunningtime and memoryusagefor the RC and
IS approachesThe thresholdvalue hasthe samemeaning
for both approachessincewe areusinga “relative” refiner
Visual inspectionalso shavs that the resultingimagesare
equivalentfor thesameparametewalues All timingsareon
a195MhzR10kSGlworkstation.

6.2. Memory Consumption

In Table3 we shav the memorystatisticsfor thetestscenes
used.In particularwe list the differentscenewith thee ac-
curay threshold(seeSection4.2), and the corresponding
numberof directionaldistribution basisfunctionsusedfor
the solutionby the RadianceClustering(RC) andlllumina-
tion Samples(IS) approach.The rightmostcolumn shavs
the percentgainof theillumination samplesapproach.

(© TheEurographic#\ssociation1999

€ m/M IS RC

3Lights 0.5 1/3 8618 13866  38%

3lLights 0.1 1/3 8820 14068 37%

3Lights 0.5 1/4 27306 43510 37%

3lLights 0.5 1/5 79218 125944  37%

Sphere 0.5 1/3 2114324 3598720 41%

Soda 0.5 1/3 2097534 3339794 37%

Table 3: Gainin memoryusagefrom the useof the Illlumination
Sampleg(IS) algorithm. € is the accurag thresholdand m/M the
min/maxpermittedievels.

Memoryusagés clearlyreducedusinglllumination Sam-
plescomparedo the RadianceClusteringapproachfor all
scenesThe gainvariesfrom 37 % to 41%in the bestcase.
This is mainly dueto the fact that RadianceClusteringre-
quires the additional intermediatedirectional distribution
functionsto be ableto correctly performthe push-pullop-
eration(seeSection2.2).

6.3. Computation Time

In Table4 we shav the computationtime statisticsfor the
testscenesused.In particularwe list the different scenes
with the € threshold,and the correspondingcomputation
time for the solution by the two approache¢RC and IS).
The rightmostcolumn shavs the percenttime gain of the
illumination samplesapproach.

€ m/M IS RC
3Lights 0.5 1/3 44.6s 90.1s 50%
3Lights 0.1 1/3 44.2s 90.0s 51%
3Lights 0.5 1/4 49.3s 95.5s 48%
3Lights 0.5 1/5 58.6s 105.3s  44%
Sphere 0.5 1/3 4167.1s 649295 34%
Soda 0.5 1/3 5207.6s 7117.4s 27%

Table4: Gainin computatiortimefrom the useof thelllumination
Sampleslgorithm(IS). € is theaccurag thresholdandm/M arethe
min/maxpermittedlevels.

For all scenegheillumination samplespproactprovides
aspeedupf atleast27%.Thisis mainly dueto thereduction
in thenumberof hierarchytraversalsandalsothereduction
in the numberof trianglesusedto representhe directional
distributionsasdiscussedbore.

As expectedand confirmedby the experimentalresults,



the lllumination Samplesapproachreducesboth memory
and computationtime with respecto RadianceClustering.
Theimagesproducedby bothapproacheareessentiallyin-
distinguishable.

6.4. Visual Quality/Comparisons

We qualitatively comparethe visual quality of the images
of RadianceClusteringandlllumination Sampleswith those
from a path-traceror the RADIANCE system.The path-
tracertestsare renderedusing an in-houseimplementation
of the next-event estimatiort? In Fig. 10 and 11 we shav

thereferenceath-traceor RADIANCE imagesandthecor-

respondindllumination Samplesmagestogetherwith the

computatiortimesfor thetestscenes.

Thereareseveralinterestingobserationsthatwe canin-
fer from theseexamples:

¢ In thecaseof thethreelight sceneRADIANCE runsinto
sampling problems.Even after more than an hour and
a half of computationit doesnot converge. In contrast,
illumination samplesachiezes a solutionin lessthan a
minute,which s in additionviewablefrom ary direction
interactively. A bi-directionalpath-traceror photon-map
which would considerthe reflectionas a causticwould
probablygeneratéetterresults.

e The computationtimes of IS are either lower or in the
sameorderof magnitudeasthoseof the referencesolu-
tions. Theimportantthing to remembeis thatthe IS so-
lutions can be viewed interactively, while the reference
(path-tracenr RADIANCE ) requirethe sameamountof
time (tensof minutesor evenhours)for everyimage.

e Path-tracingmagesarevery noisy The“smooth-shaded”
solutionsproducedby IS do not suffer from this prob-
lem. Despitebeing approximatethe smooth-shadedn-
agesarethereforemuchbettersuitedto interactie appli-
cationswherenoiseandflickeringarevery distracting.

Wethusbelieve thatourapproachhasgreatpromise since
it canbe usedto generatdow to moderatequality solutions
for glossyervironments,aswell as producesolutionssuit-
ablefor interactive viewing.

6.5. A More Complex Scene

As a last testwe appliedthe lllumination Samplemethod
to a more complex scene,the Soda Shoppe,one of the

RADIANCE test scenes.Our version consistsof 1,644
initial patches,several of which are non-planarincluding

the sphericallight sources About one third of the patches
are non-difuse. Sinceboundedform factor computationis

used?3 noinitial tessellatiorof theseobjectswasnecessary
which would have increasedhe initial compleity signifi-

cantly Thescends notyetreally comple in thesenseof an

industrial-sizemodel, but sufiiciently non-trivial to impose
severe problemson previous finite-elementradiancemeth-
ods.

The solutionshawn in Figure 13 was computedwith the
implementatiorof VISION, which incorporateghe “shoot-
ing” solutiondescribedpreviously (Section3.5). It wasob-
tainedin 8,488secondsand contains29,138final patches.
91% of the computationtime was spenton propagation,
which in turn is dominatedby visibility (97%), only 9%
was used for push/pullincluding the reflection. 743,284
links werecomputedresultingin 29,138patchesNotethat
the usedVISION implementationdoesnot yet incorporate
smoothreconstructiorcapabilities sothatthe patchbound-
ariesareclearlyvisible.

By far mostof the computationis spenton visibility, as
with diffuse radiosity computation.This indicatesthat we
were able to reducethe overheadintroducedby explicitly
storing directional illumination information to reasonable
levels. The more costly push/pullstepwas expected but it
is interestingo noticethatit still requiresonly about10%of
the overall computationfor this particularscene For other
sceneswith more glossy objects, this percentagds some-
whatlarger, althoughalways “reasonablysmall”. Note that
thisis only truefor usingshootinginsteadof gathering!For
gatheringthe push/pulltimescanincreasesignificantly

7. Conclusions

We have presenteda novel solutionto global illumination
simulationfor glossyernvironments.Our new algorithmis

animportantsteptowardsinteractive walkthroughsof glob-
ally illuminatedglossyscenes(i) We introducedhe lllumi-

nation Samplesalgorithmwhich representsncoming light

more accuratelyand efficiently, both in memoryand com-
putationtime. (i) We have usedan adaptve hierarchical
finite-elemenbasisto storeoutgoinglight, in amannersuit-
ablefor interactie viewing. This allows fine control of the
memory/qualitytradeof, whichwasnotpossiblan previous
solutions.(iii) Thesealgorithmscan be implementedwith

maiginal effort over an existing hierarchicalradiosity sys-
tem, by confining the modificationsto a small numberof

phasesand datastructures(iv) Interactve viewing of the
glossyglobalillumination solutionsis achiesed by suitably
refining the directionalrepresentationf outgoinglight and
acceleratinghedisplayprocess.

Oursolutionhowever s still quitememory-consuminge-
quiringin theorderof tensof Mbytesfor thesmallesscenes
andhundredof Mbytesfor themorecomplex.

An olbviousweaknes®f theproposednethodis thesepa-
rate refinementof the patchesandthe directionalintensity
functions. We hopeto achieve a more efficient algorithm
by coordinatingthesetwo typesof refinementSuchanim-
proved refiner should also bettertake into accountthe re-
quirementof interactve viewing, in orderto provide asub-
division of directionswhich is both efficient andamenable
to smoothinterpolationfor interactive viewing.

(© TheEurographicsAssociation1999
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Figure 9: Testscenewsingillumination samples

ReferencéRadiance) lllumination Samples

65375 59s

1303- .1675

Figure 10: Referencesolutions(RADIANCE) comparedo IS solutionsfor threelights andspherescenes.

Referencépath-tracer) lllumination Samples

51873s 5208s

Figure 11: SimpleSodareferencesolution(path-traceat 455x364resolution)comparedo IS solution.
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Figure 12: A solution to the glossy sodashoppe,computedin
8,488seconds.
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