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We describe a complete ligh ting simulation system tailored for the di�cult case of vegetation
scenes.Our algorithm is basedon hierarchical instan tiation for radiosit y and precise phasefunction
modeling. It allows e�cien t calculations both in terms of computation and memory resources.
We provide an in-depth description and study of the instan tiation-based radiosit y technique and
we address the problems related to generating and managing phase functions of plant structures,
as needed by the instan tiation process. We present results demonstrating the high performance of
the hierarchical instan tiation algorithm and we describe two examples of applications : rendering
of large vegetation scenesand plant growth simulation. Other applications of our system range
from landscape simulation to agronomical and agricultural studies, and to the design of virtual
plants responding to their environmen t.

CategoriesandSubjectDescriptors:I.3.7[Thr ee-DimensionalGraphicsandRealism]: Radiosity;I.3.2[Method-
ology and Techniques]: Graphicsdatastructuresanddatatypes;I.6.3 [Simulation and Modeling]: Applica-
tions—PlantGrowthSimulation

General Terms: Algorithms, Measurement, Performance
Additional Key Words and Phrases: Plant growth simulation, ligh ting simulation, radiosit y, in-
stantiation, landscape simulation, calibrated physiological simulation

1. INTRODUCTION

Three-dimensionalscenescontainingplantsandvegetationelementsareusuallyof tremen-
douscomplexity, typically consistingof millions of elements.Thereforethey constituteex-
tremelychallengingcasesfor renderingandsimulationtechniques,andhave indeedbeen
usedextensively astestscenesto pushall sortsof algorithmsto their limits.

Still, theubiquitouspresenceof vegetationaroundus,even in arti�cial spacessuchas
of�ce buildings,makesit necessaryto beableto renderandmodelplantsef�ciently . Al-
thoughrenderingcanbeperformedin many ways,includingnon-photorealisticalgorithms
[DeussenandStrothotte2000],weobserve thataccuratelighting simulationin plantmod-
elshasanumberof applications:

First, photorealisticrenderingof vegetationscenescanbeachievedby a correctsimu-
lation of light energy exchangeinsideplantsmodels.This is obviously usefulfor visual
applicationsin various�elds likecinema,urbanandarchitecturaldesign.

Plant growth simulationis an other challengingapplicationof lighting simulationin
vegetationscenesfor at least two reasons: (1) The creationof realistic plant models,
is requiredby many applicationsin very diverse�elds. In computergraphics,we have
seennumerousexamplesof beautifulrenderingsof trees,�o wersandotherplants,which
tremendouslyaddto therealismof virtual scenes.Plantmodelshoweverareverycomplex,
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2 � Cyril Soler et al.

makingit tediousto createthemby hand.Conversely, simulatingplantgrowth offers the
perspective of beingable to build, studyandrendervirtual plantsin their speci�c envi-
ronmentwhile controlling their development. (2) Researchin agronomyconcerningthe
in�uence of light over the productionof a cultivatedcrop underdifferentconditionsof
illumination requirescomplex settingsandlong termexperiments.Instead,properlysim-
ulatingthegrowth of plantsreadilygivesresultswhile allowing controlovermany growth
parameterssimultaneously.

In thispaperwepresentacompletelighting simulationalgorithmtailoredfor vegetation
scenes.This algorithmaddressesthe two principal dif�culties encounteredwith vegeta-
tion, which usually result in unacceptablyhigh computationor memorycosts: �rst, the
intrinsicgeometriccomplexity of plantmodels,consistingof millions of disconnectedele-
ments,includingsmall,elongatedstructures.Second,thephotometriccomplexity of light
transferwithin vegetationmodels,with diffusioninsidefoliage,complex BRDFsandleaf
transparency effects.

Thoughmany solutionshavebeenproposedin thepast,weshallseethatthey eachhave
a limited rangeof applicability in termsof scenesizes.Thesolutionwe proposehasthe
doubleadvantageof beingapplicableto a broadrangeof scenecomplexities,andoffering
acontinuoustrade-off betweenaccuracy andcomputation/memorycost.

Hierarchicalradiosityalgorithms,especiallythoseusingclustering,try to avoid consid-
ering the inherentcomplexity of energy exchangesby computingtransfersat fairly high
levelsof ascenehierarchy. Howeveracompletetraversalof thesceneis neededto estimate
theenergy emittedor receivedby a clusterwith any accuracy [Smitset al. 1994]. Theuse
of meta-objects,or impostors,hasbeenproposedto avoid thisdescentin thehierarchy, and
insteadperformthe computationwith fairly large (andsimple)objects[Rushmeieret al.
1993;Ouhyoungetal. 1996].

We show in this paperhowever, that in thecontext of hierarchicalradiosity, usingsuch
meta-objectsposesadditional problems,which we solve by pre-computinghigh level
phasefunctions(re�ectance)and transmittancefunctionsfor thosemetaobjects. Obvi-
ously, thesecharacteristicsarequite costly to handle,both in termsof computationtime
andstorage.Meta-objectsarethereforeespeciallyusefulwhenasuf�cient numberof sim-
ilar objectsarepresentin the scene,i.e whentheseobjectscansharethe sameintrinsic
characteristics.

In summary, the processof usingmeta-objects,which we call instantiation, is a key
elementin makingtheaccuratecharacterizationof simpli�ed objectsviable. It is realized
by identifying elementsin the scene(in fact, clusters)that sharea similar behavior in
termsof light emission,re�ection andtransmission.An importantrequirementis thusto
identify thedegreeof similaritybetweenthelight properties(re�ectanceandtransmittance)
of plantstructures.We discussthis issueandproposesolutionsin Section4.1. Note that
the radiometricbehavior of an instancecanthereforebeanapproximationof reality, just
as the geometryof a classicalimpostor is an approximationto that of the original. A
�e xible trade-off is thereforepossiblebetweenthe accuracy of the representationandits
compactness,largelycontrolledby thedegreeof self-similarityin thescene.

Thealgorithmwearepresentingis easilycontrollable:acomputationtimevs.accuracy
trade-off canbe readilyperformedby actingon the re�nementthresholdof the radiosity
links. Anotheraspectof thecontrollability is thatwecanlimit thein-depthtraversalof the
instancehierarchy to a given sizeof structuresandthusobtaina high level solutionat a

ACM TransactionsonGraphics,Vol. V, No. N, Month20YY.



An Ef�cient Instantiation Algorithm for Simulating Radiant Energy Transfer in Plant Models � 3

very low computationcost.This will bediscussedin section6. However, theaccuracy of
this solutionis still muchbetterthanthatof a clusteringalgorithmthatwe would limit to
largescaleclusters,becauseof theprecisere�ectanceandtransmittanceinformationused
at theinstancelevel. Thisprovesvery interesting,for instance,whenusinglighting results
in a plantgrowth simulator, which maybesatis�ed by theknowledgeof the illumination
receivedat thelevel of entirebranches,with no needto performthecomputationdown to
thelevel of individual leaves.

Thepresentpaperbuilds on thehierarchicalinstantiationwork presentedin [Solerand
Sillion 2000],with a particularemphasison thefollowing issues: (1) automaticconstruc-
tion of instancesin plantsmodels;(2) pre-computationandstorageof radiometricinfor-
mation;(3) instantiationpolicy; (4) applicationto plantgrowth simulation;(5) application
to renderingof largevegetationscenes.

2. PREVIOUS WORK

We successively review in this sectionthevariousmethodsandgeometryrepresentations
thatserve thecomputationof thedistribution of light energy in plants,andtheir possible
applications.

Illumination models

Computingthe distribution of light energy in vegetationconstitutesa very challenging
task.To achieve it, many methodshave beenderived,mostof themcomingfrom the�eld
of agronomicresearch.Wehavesortedthemin increasingorderof complexity.

A numberof methodsestimatedirect illumination in the plant possiblyusingattenua-
tion factors,but withoutaccountingfor light scatteringinsidethevegetation.Thesimplest
binaryray-castingapproachcanbedoneveryef�ciently by projectingthegeometryof or-
gansalongsampledhemispheredirections,asproposedby [FournierandAndrieu 1999;
Chenet al. 1993;Pearcy andSims1998;PlanchaisandSinoquet1996].A morecomplete
approachconsistsin castingraystoward thesky andthroughthegeometricmodel[Pert-
tunenetal.1996;Takenaka1994]or avoxel representationthereof[Greene1989].M �echet
al. [M �echandPrusinkiewicz 1996]extendedthis techniqueby accumulatingtheopacityof
voxelssuccessively encounteredby a ray to accountfor thetranslucency of thefoliage.

Global illumination techniques[Kajiya 1986]have alsobeenusedto computethedis-
tribution of light energy in plants. Among these,we distinguishradiosity-like methods
andMonte-Carlomethods,from methodsbasedondifferentialradiancetransferequations.
Whereasthe formerstayarbitrarily closeto thevery geometryof thesceneandthesolu-
tion, thelatteracton anequivalentturbid mediumanddependon variousapproximations
concerningits isotropy, homogeneityor periodicity [Verhoef1984; Gastellu-Etchegorry
etal. 1996].As anexample,Max [Max etal. 1997]proposesasimpli�cation of theradiant
transferequationsin orderto computethe densityof light for eachaltitudein an in�nite
canopy, providedthatit is horizontallyisotropic.

Although radiositytechniquesareoften quite costly, they producefaithful resultsand
many approximationsof theradiositymethodhavebeenusedupto now: Goeletal. obtain
a radiositysolutionin a corn�eld usingperiodicityassumptions[Goel et al. 1991],which
reducesthe numberof form factorsto computewith the neighboringpolygonsof each
plant. Theuseof standardradiosityon a puregeometricmodelalsolimits this approach
to sceneswith a smallnumberof polygons.Borel et al. [Borel et al. 1991]proposeto set
form factorsof distantobjectsto 0. This introducesa biasin thesolution,but enablesto
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handlelargescenes.Chelleet al.'s nestedradiosityalgorithm[Chelleet al. 1998]usesa
geometricmodelfor the local neighborhoodof a polygonanda volumetricmodelusing
scatteringequationsfor distantgeometry. This requiresisotropy assumptionson distant
partsof the canopy andperiodicity of the model. Suchwork is consequentlyapplicable
only to large-scalescenes(suchasplantcanopies).

Monte Carlo methodshave beenusedby RossandMarshak[J.K. andA.L 1988] and
Govaerts[Govaerts1995]to estimatethecanopy bi-directionalre�ectancefunction.These
techniqueswork well for BRDFcomputationbecausethey donotneedto savethedistribu-
tion of light insidethemodel.DauzatandEroy [DauzatandM.N. 1987]useit to estimate
thelight receivedby theleavesof plantstakinginto accountof internallight scattering.

Of courseseveral intermediatemethodshave beenused. One example is given by
Gastelluet al. [Gastellu-Etchegorry et al. 1996] who add a direct illumination compo-
nentdueto thesun,to a multiple-scatteringsolutionobtainedusinga sphericalharmonic
representation.

Representation of vegetation

We review the variousmodelsusedfor representingthe vegetationin the lighting simu-
lation algorithms. The mostprecisemodelsin term of scenegeometryarebasedon the
very geometryof the plants. Radiositybasedtechniquesintrinsically employ this repre-
sentation,althoughsomeof them, combineit with a simplermodel to computedistant
interactions [Chelleet al. 1998]. However, working on a geometry-baseddescriptionof
the sceneis the causeof a very high memorycost,which is onecommondrawbackof
radiosity-basedmethods.

Simpli�ed, shape-preservingrepresentationssuchasellipsoidsandcylindershave been
usedby BalandierandNorman[Balandieretal. 2000;NormanandJarvis1975].Here,the
topologyof theplantsis partiallypreservedbut not thegeometry. As pointedin [Gastellu-
Etchegorry et al. 1996], approachesthat transformthe very geometryof the plantsare
not suitablefor precisecomputationof parametersof the canopy modelslike re�ectance
functions,dueto thestronganisotropicnatureof themodelswith respectto light re�ection.

Lessfaithful to plantgeometryis avoxel-basedrepresentationof thescene.This is used
for instanceby Castro[CastroandFetcher1998]andWhitehead[Whiteheadet al. 1990].
Voxels canbe usedto storeelementsof the scene(walls, water, soil) in additionto leaf
densitycoef�cients for thevegetation.

Finally, someapproachesconsiderthevegetationasaturbidmedium[Ross1981].They
totally ignore the topology and geometryof plantsas well as the very local variations
of their light properties,andproducean adequatesolutionat larger scales.The medium
propertiesarerepresentedasdensityfunctionsoverwhichisotropy assumptionsareusually
madein orderto limit thenumberof equations.

Applications

The�rst applicationof lighting simulationin plantmodels(which is alsothemostfamiliar
to computergraphics) is rendering. For this, the scenegeometryhasto be accessedat
leastonce,but doesnot necessarilyserve the computationof multiple-scatteringlight in
themodel,asshown by Max [Max etal. 1997].

Remotesensingof the environmentis a very importantapplicationto light simulation
in plants.Light computationservestheinterpretationof remotesensingdatalike satellite
imagesfor the computationof biophysical parameters[Goel 1988]. Many referenceson
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this subjectcanalsobefoundin thesurvey by Mynenietal. [Myneni etal. 1989].
Plant growth simulationis a direct applicationto lighting simulationin plantsin the

sensethatthegrowth of aplantdependson thepresenceof light for photosynthesis.From
anagronomicpoint of view, growth simulationundervariouslighting conditionspermits
to studyoptimal culturecon�gurations. FournierandAndrieu give an exampleof such
simulationon corn[FournierandAndrieu1999]. Otherphysiologicalplantgrowth simu-
lation modelsexist [Rauscheret al. 1990;Takenaka1994;Blaiseet al. 1998;(de)Reffye
et al. 1999],all accountingquantitatively for the light received by leavesto computethe
growth rate.

Plantgrowth simulationmay �nally be usedto study the reactionof plant growth to
light environment. The causaleffect of light on plant morphologyandgrowth hasbeen
demonstratedon real plantsbut requirestediousin-the-�eld experiments[Beaudetand
Messier1998; Beaudetet al. 2000]. It is thereforemuch more interestingto perform
thesameexperimentson virtual plantsusinga calibratedgrowth model.Gautieret al., for
instancededicatetheirwork to thestudyof thein�uenceof self-shadowing onplantorgans
morphogenesis[Gautieretal. 2000].

Discussion

Direct lighting approachesdonotaccountfor thecontributionof light scatteringinsidethe
modeldueto theessentiallydiffusetranslucency of theleaves[Govaerts1995]. However
light scatteringin plantfoliagerepresentsade�nite partof theilluminationandthusonthe
growth andarchitectureof plants(seeSection6).

Like all stochasticmethods,Monte Carlo approacheshave two drawbacks: they con-
verge very slowly and the accuracy of the result is not easily controllable. Vegetation
indeedcontainsvery uncorrelatedpolygons,andthus inducesa large dispersionof rays
henceanespeciallynoisyandslow convergence.This is particularlytruewhenperform-
ing thecomputationnearto theinfra-redwavelength,wheretransmittanceandre�ectance
of plant leavescanboth approach50%. This boostsup the numberof necessaryre�ec-
tions/transmissionsto consideralongeachray. Thismakestochasticmethodspoorlysuited
to aninteractivework in handwith aplantgrowth engine.

Finally, noneof themethodsreviewedabove canadaptto a wide rangeof scenescales.
Turbidmediumandvoxel-basedmethodsarelimited to largescalescenesbecauseof their
statisticaldescriptionof theplants.Conversely, geometry-basedmethodsarerestrictedto
small-scaledscenesmainly becauseof their high memorycost. Theconsequenceof this
is thatnoneof thesemethodscanbeusedfor long termplantgrowth simulation. Indeed,
whengrowing aplantfrom aseedup to a tree,avaryingnumberof scalesmustbeconsid-
ered.

In this paper, we proposea global illumination approachfor computinglight energy
balancein plantmodelsthatattemptsto �ll thesegaps.Ourmethodis basedonhierarchical
radiositywith clustering,henceinheritingthecontrollabilityandmulti-resolutionfacilities
of this method.In orderto getrid of thetraditionallyhigh computationandmemorycosts
of hierarchicalradiositymethods,we develop the ideaof instantiation,e.g the ability to
sharegeometricinformationbetweenpartsof thescenein orderto gainmemory.
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3. HIERARCHICAL INSTANTIATION FOR RADIOSITY

3.1 Hierarchical radiosity with clustering

Thissectionintendstoprovidetherelevantbackgroundto readerswhoarenotfamiliarwith
hierarchicalradiositywith clustering.Experiencedreaderscandirectlyjumpto section3.2.

We denoteby b(x) the radiosityat any point x in a scene,i.e the total light power per
unit areaout-comingfrom x on a surface.We call e(x) theemittanceat x, which denotes
the correspondingquantitydirectly emittedat x, e.g e(x) is not null only whenx is on a
light source.Let us �nally call r (x) there�ectanceat x, i.e theproportionof the incident
energy �ux at x which is reradiated.Thesequantitiesarelinkedtogetherby theradiosity
equilibriumequation[Goraletal. 1984]:

b(x) = e(x) + r (x)
Z

b(y)G(x;y)dy

whereG(x;y) denotesa kernelfunctionaccountingfor thegeometriccon�gurationwhich
characterizestheenergy exchangebetweenpointsx andy. This equationsigni�es thatthe
light energy atapointx onasurfaceis thesumof theemittedenergy atx (thee(x) termof
thesum)andtheenergy comingfrom all otherpointsy of thescenewhichre�ects atx (the
integral termof thesum).

Radiositymethodsin generalconstituteanapproachfor solvingthisequationusing�nite
elements[Goral et al. 1984;Ashdown 1994;Sillion andPuech1994]. Themostcommon
approachconsistsin looking for a piecewiseconstantapproximationof thesolutionof the
above equation.A discretizationof all surfacesis performedin orderto producea linear
system:

Bi = Ei + r i å
j

Fi jB j

whereBi , Ei andRi respectively denotestheuniform radiosity, emittanceandre�ectance
valueover surfaceelementi. In this linearsystem,alsoappeartheFi j terms,calledform
factors, whichexpressthecontributionof eachelementj to theradiosityonelementi.

Solving this systemusing classicalmethodssuchas Gauss-Seideliteration becomes
very costlyfor evensimplecon�gurations,which hasstimulatedthedevelopmentof hier-
archicalapproaches.Theideaof hierarchicalradiosityis to hierarchicallygrouptogether
surfaceelementsinto larger surfaceelementsandsceneobjectsinto clusters [Hanrahan
et al. 1991;GoldsmithandSalmon1987;Smitset al. 1994;Sillion 1995] (seeFigure1).
Theenergy exchangesbetweenall pairsof surfaceelementsin thescenecanthenbefac-
tored(andapproximated)by energy exchanges(or links) betweenpairsof thesestructures,
thusmaking the economyof a large numberof form factorcomputations.The level at
which links areestablishedis a trade-off betweenaccuracy andspeed.The linearsystem
is thensolvedby summingenergy contributionsalongtheselinks (SeeFigure2).

3.2 Overview of the algorithm

Hierarchicalradiosity with clustering[Smits et al. 1994; Sillion 1995] is usually well
adaptedto treatingscenesof varyingordersof magnitude,thanksto its automatedadapt-
ability andto the continuoustrade-off it offers betweencomputationtime andaccuracy.
However, suchmethodsare limited in scenesizebecauseof the superlinear amountof
memory they require in termsof the numberof input polygons. The main difference
betweenour methodand traditional lighting simulationmethodsis the useof instantia-
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Fig. 1. Hierarchy of clustersfor representingasmallplant.
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for local variation of the energy
contribution between concerned
elements.

tion [SolerandSillion 2000]. Instantiation,morecommonlyusedin ray tracingmethods,
allowsto treatarbitrarylargescenesby storingin memoryonly thenecessarygeometryfor
currentcalculations.Applying this paradigmto hierarchicalradiositywith clustering,we
thuscombinethe low memorycostof instantiationray tracingmethodsandthe stability
andcontrollabilityof hierarchicalradiositywith clustering.

Onevery eye-strikingcharacteristicof plantmodelsis self-similarity: leavesin a plant
arevery similar to eachotherand,up to a largeextent,brancheslook like otherbranches
aswell asanentireplantlookslike any entireplantof thesamespeciesandage.It is thus
possibleto approximatelyrepresentthegeometryof a plantmodelusinga smallnumber
of representative elements(branches,leaves,etc)thatwe caninstancein orderto build an
ef�cient representationof theplantasshown on �gure 3.

However, radiosityalgorithmscomputeanexplicit representationof illumination, typi-
cally associatedwith thegeometryin the form of a mesh.Copiesof a givenobjecteach
have their own, uniqueillumination. Instantiationfor radiosity is thereforemoreelabo-
ratethanfor simplerrenderingtechniques(like ray tracing),sinceit shoulddifferentiate
betweenthegeometry(thatis easilyshared)andtheillumination (thatvariesfrom onein-
stanceto another).Moreover, self-similarityin plantsis neverexact,andsimilarstructures
show moreandmoredifferenceswith age:unlike leaves,that really look like eachother,
largerstructuresonly look similar in their overall shape.
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Fig. 4. Instantiationof a plant model for hierarchicalradiosity computation. (1) Eachstructureof the plant
(branch,leaf, trunk) is independentlyassigneda representative structurethat suf�ciently resemblesthe current
structure.Thephasefunction(or BRDF) andtransmittanceproperties(seetext andde�nitions in section4.2)of
representativestructuresarepackedinto original clusters. (2) theplantis representedasacollectionof instances
(I1,...,I4), eachone pointing to the adequateoriginal cluster(O1 or O2 in this example)and equippedwith a
geometrictransformation(W1,...,W4 here) that permitsvisibility and re�ectancecomputationon the instance
usingtheinformationof theoriginal cluster.

Becauseof this, sincewe still needto know the energy distribution on the real geom-
etry of every part of a tree,thecomputationcannot beperformedon a uniquegeometry
sharedby theinstances.Instead,thealgorithmfor computingtheequilibriumof light using
instantiationworksasexplainedby thetwo following key points:

(1) Thecoreideaof thealgorithmis to sharebetweensibling instancesmacroscopicfunc-
tions(insteadof geometry)in a singleobjectcalledanoriginal cluster, andusethese
functionsfor propagatinglight insidethescene.As will beshown in section4.2,these
functionsaredesignedto simulatetheenergy resultingfrom theinteractionof thereal
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main()
OpenOutputFile()
OpenInstance(root)
CloseOutputFile()

Hierar chicalInstantiation(clusterH)
if IsAnInstance(H)

OpenInstance(H)
if IsACluster(H)

ForAllChildr en(g,G)
Hierar chicalInstantiation(g)

if IsAPolygon(H)
Render(H)

OpenInstance(instanceH)
clusterG = LoadNextLevel(H)
ReplaceInHierarchy(H,G)
TransferLinks(H,G)

ComputeLocalSolution(G)

Hierar chicalInstantiation(G)

DeleteLinks(G)
ReplaceInHierarchy(G,H)
DeleteG

Fig.5. Pseudocodefor theradiosityinstantiationalgorithm.ThegenericRender()procedurereplacesany output
of the informationasrenderingthe polygonto an off-screenbuffer, or saving its radiosity to a �le previously
openedby OpenOutputFile(). The call LoadNextLevel(H) loadsfrom the disc the actualgeometryof the
openedinstanceH, possiblycreatinginstancesat lower levelsandreturnstheresultasa cluster. This clusteris
temporarilyput in the hierarchy in the placeof H andlinks pointing to andfrom H arealsochangedto acton
it. FunctionsIsAnInstance(), ForAllChildr en(), IsAPolygon(), DeleteLinks() aresimply namedaccordingto
whatthey exactlydo.

geometrywith light comingfrom any given direction,concerningout-scattering(or
phasefunction, asde�ned in [Siegel andHowell 1992])andmeanattenuationalong
rayscrossingthe instance.A geometrictransformationinsideeachinstanceproperly
links thereplacedgeometryto theoriginal clusters(SeeFigure4). We explain in sec-
tion 3.3 that this makesit possibleto computetheequilibriumof light energy at any
hierarchicallevel abovetheinstanceswhile limiting thenumberof objectsin thescene
hierarchy.

(2) After a radiositysolutionis obtainedin a scenecontaininginstances,theillumination
of objectshiddeninsideeachinstancemuststill bedetermined.This involvesa local
hierarchical radiositysolutionin which thecontainedgeometryis temporarilyloaded
into memoryandsubjectedto theincidentilluminationalreadycomputedfor thecon-
sideredinstance.This is a local passbecauseonly links thatbring energy insidethe
instancearenow consideredandre�ned.

A majorpotentialdif�culty is thatthecontentsof theinstancemight still betoo com-
plex to allow a memory-ef�cient hierarchicalradiosity calculation. The hierarchi-
cal instantiationalgorithmprovidesanelegantandef�cient solutionto this problem:
becauseplantshave self similarity at multiple hierarchicallevels (betweenleaves,
branches,whole plants),loading the geometryof an instancemay includethe tem-
porarycreationof new instancesat lower levelsto which thealgorithmcanbeapplied
recursively.

Wedetailthisoperationnamedopeningan instancein section3.4.

Thepseudo-codein Figure5 summarizesthealgorithm.
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3.3 Local Hierarchical Radiosity solutions

Eachtime a portionof thesceneis loaded(which concernsthewholescenewhenstarting
thealgorithm,or asmallerpartof it when“opening”aninstance),thecorrespondinglocal
hierarchy is loadedinto memorywith a depthlimited to thenext possiblelevel of instan-
tiation. As a result,theentirescenecanbedescribedasa hierarchy of clusters,in which
instantiableclustersappearatvariouslevels(possiblyoneincludedin theother).However,
duringany call to thecomputationof a local solutionusinghierarchicalradiosity, thepart
of thehierarchy that is consideredalwaysconsistsof a clusterhierarchy whoseleavesare
eithernon-openinstancesor polygons.

The local hierarchy is processedby the hierarchicalradiosity solver, which involves
iteratively establishing(re�ning) links betweenclustersandpropagatingenergy until con-
vergence.Re�nementof thelinks is limited to thelevel of instances,sincetheir geometry
is notavailableatthistime. Howevertheresultingsolutionis still muchmoreaccuratethan
if wehadperformedahierarchicalradiositysolutionon theentirescenewhile limiting the
link re�nementto thelevel of thecorrespondingclusters.Thefairly preciserepresentation
of eachinstance“phasefunction” or BRDF, which is precomputed,embodiestheeffectof
light propagation andscatteringinsidethe instance.In addition,it shouldbe notedthat,
unlike normalclusters[Sillion 1995], no self-links areestablishedon instances,because
theirphasefunctionalreadyaccountsfor internallight scattering.

During thesetemporaryhierarchicalradiositysolutions,elementsin thehierarchy that
previouslyexchangedlight with theparent(now opened)instancearetreatedas�x edlight
sources.Indeed,thanksto theuseof theprecomputedinstanceBRDFfunctions,theinter-
nal solutionamonginstancecontentsis not supposedto acton energy exchangesexternal
to theinstance.However, this is notperfectlytruebecauseof theapproximateinstantiation
andtranslatesinto anapproximationin thesolution�nally obtained(Seesection6).

Oncethe local solutionis obtained,we traversethe local hierarchy, andfocuson each
instanceencounteredrecursively calling the local Hierarchicalradiosityalgorithmon it.
Whenwe reacha level with no instancesbelow, the local solutionis equivalentto hierar-
chicalradiositywith clustering,andacompletesolutionis availablefor thecurrentbranch
of thescenehierarchy, takinginto accountcontributionsfrom theentirescene.

Finally, the local geometryis destroyedandreplacedbackby its parentinstance.Con-
sequently, thesolutionfor thecurrentportionof thehierarchy is accessibleat thecurrent
stageonly, becauseits supportinggeometrywill be deletedwhenclosingthe parentin-
stance.Wethusrenderthecorrespondingpolygonsinto anoff-screenbuffer (or outputthe
resultsto a �le), therebyprogressively formingtheimageduringthetraversalof thescene.

3.4 Opening instances

We detail herethe operationsinvolved in the openingof instancesduring the recursive
traversalof the instancehierarchy. This processis illustratedin Figure6. On the left, we
seea solutioncomputedat a given level. Oval shapesrepresentobjectsor clusters,while
rectanglesrepresentinstances.Links are indicatedby arrows, andhave beencreatedat
varyinglevelsof theclusterhierarchy.

Whenthelower-right instanceisopened,webuild ahierarchy with its contents,asshown
on theright-handsideof the�gure. In orderto properlyaccountfor all incominglight, we
createcopiesof all links thatpreviouslyarrivedontheinstance(markedusingdashedlines
onthe�gure) andattachthemto therootof thenew hierarchy. Wealsoaddaself-link to the
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(a) (b) (c)

InstanceInstance

Cluster

Cluster

Instance Instance

InstanceInstance

Fig. 6. Closerview on thecomputationof thesolution.(a) a solutionasbeencomputedusingthere�ection and
transmissionpropertiesof instances;links areindicatedby arrows. (b) thebottomright instanceis “opened”,e.g
its geometryis loadedinto memory. (c) incominglinks (in green)arelocally re�ned aswell astheself link that
wasaddedon thereplacingcluster.

root if no self-link exist on any parentlevels,to accountfor all internalexchanges[Sillion
1995]. This newly createdclusterneedsthis self-link indeed,asany regularclusterof the
hierarchy.

We canthenapply thesolutionprocedureoutlinedabove, that is �rst solve for radios-
ity, thentraversethe hierarchy to openinstancesandrecurse.The right sideof Figure6
illustratestheradiositysolution,in theopenedlevel: Dashedlinks correspondto links that
previously arrivedat the instancelevel, andhave beenre�ned. Internallinks issuedfrom
there�nementof theaddedself link arealsorepresented.Therecursionwould thencon-
tinueinto thesmallerinstancesbeforereturningto theleft-handsituationandopeningthe
otherinstance.

Notethatre�nementis constrainedsuchthat,only elementsbelongingto theconsidered
hierarchy may be subdivided (either as emittersor receivers). Gatheringand push/pull
operationsare also appliedto the local hierarchy only, essentiallytreatingall elements
externalto thishierarchy as�x edlight sources.

3.5 Cost considerations

Simple recursionargumentsallow us to evaluatethe cost of our algorithm in termsof
storageandcomputationcost. Let us denotethe numberof instantiationlevels by k, the
numberof elements(polygonsplus instances)at eachinstantiationlevel by N, and the
numberof theseelementsthat areinstancesby p. This model is very simplebecauseit
assumesa uniform branchingfactoramongall levelsof thehierarchy of instances,anda
uniformproportionof instancesandpolygonsateachlevel of thescenehierarchy.

By de�nition, the numberof polygonsin the root of the hierarchy (aswell as inside
eachinstance)is N � p. This is repeatedp timesat thenext level, and p2...pk� 1 timesat
subsequentlevels until level k � 1. At level k, thereareno instancesbelow andthusN
polygonsperinstances.Thetotalnumberof polygonsin thesceneis consequently:

n = (N � p)(1+ p+ ::: + pk� 1)
| {z }

Levels0 (root) to k� 1

+ pkN
|{z}

level k

= O(pkN) (1)

Gain in memory.Let e, I ando pectively denotethesizeof a polygon,aninstanceand
anoriginal (instanced)objectin memory.

Assumingr originalobjectsareusedto createthe p instancesateachlevel, thememory
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footprintof thesceneat thetop level of thecalculationis :

Minst (1) = (N � p)e+ pI + ro

Sincethealgorithmonly loadsthegeometryof thebranchof thehierarchy it is descending
into, themaximummemoryrequirementis reachedat thebottomof thehierarchy, where
it is :

Minst (k) = k[(N � p)e+ pI + ro] (2)

For theidealcaseof a well balancedhierarchy of instances,thememorycostis thusloga-
rithmic in termsof thetotal numberof polygonsin thescene.In any case,it is muchless
thantheO(ne) memorysizeof themodelitself. In sceneswith limited instantiationdepth
(e.g k is small) the logarithmicequivalentdoesnot hold anymore. In theworst case,the
gain in memoryis thenumberof instancestimestheratio betweenthememorycostof an
instanceandtheactualgeometry.

As anexampletakenfrom our implementationandrealdata,considero = 1;100bytes
(an original objectholds two sampleddirectionalfunctionsat 528 byteseach),e = 150
bytes(this ratherlarge sizeaccountsfor geometry, radiometricandsubdivision informa-
tion) andI = 200bytes(in our implementation,instancesarealsoclustersandthuscontain
inheritedinformation). For the treepresentedin Figure14, we have n = 119;000,k = 4,
r = 5, N � 30andp � 8. Theexpectedmemorysizegivenby (2) is 48Kb, which is much
lessthann e= 15;085Kb,theexpectedsizeof theentirescene.

Although thesenumbersdo not translatedirectly into requiredmemorysizes,because
of the missingconstantsandvarious�x ed costs,we will seein the resultsectionthat a
largememoryreductionis observed,thegain increasingwith scenecomplexity. It actually
becomesfeasibleto simulateverylargescenesthatsimplycouldnotbetreatedby previous
methods.

Sincethe accuracy thresholddoesnot changewhen recursively computingthe local
solutions,the maximumnumberof links in memorycanbe estimatedby the numberof
links thatcontributeto theilluminationof aleafelementin aclassicalhierarchicalradiosity
solutionon theentirescene,multiplied by thenumberof leaf elementsat thelowestlevel,
e.gO(N logn). Thisis muchlessthantheO(nlogn) links of thenormalclusteringradiosity
method.

Computationcost. We considerthat a hierarchicalradiosity solution in a sceneof n
elementsequippedwith awell balancedhierarchy canbeperformedin O(nlogn) time.

LetC(i) denotethecostof ouralgorithmfor solvinglevel i andits sub-levels.To getan
expressionfor this cost,we addthecostof a local radiositysolutionbetweenN elements
to thecostof recursively calling thealgorithmon thenext level for the p instances:

C(i) = Nlog(N) + pC(i + 1) and C(k) = Nlog(N)

Thecostfor theentiresceneis thus:

C(0) = Nlog(N)
�

1+ p+ ::: + pk
�

= O(pkNlog(N))

Consideringthatn = O(pkN), thevalueC(0) appearsto beequivalentto O(nlog(N)) ,
which is closeto thecostof theclassicalhierarchicalradiosityalgorithm.Practicalexper-
imentsshow that,whereasthegain in memoryis a little over estimateddueto some�x ed
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costs,thelogn=logN gain in computationtimeaccuratelyre�ects reality.

3.6 Discussion

The HierarchicalInstantiationalgorithm essentiallygains by neglecting the correlation
betweenobjectslying in differentinstancesat the samehierarchicallevel. For two such
sibling instances,no link canever becreatedbetweenoneobjectfrom each,becausethe
contentsof both instancesarenever simultaneouslypresentin memory. This ensuresthat
every local solutiononly involvesa small numberof objects,at the expenseof a small
approximation.Wewill illustratethisapproximationonpracticalexamplesin section6.

For the samereason,a completesolution is never presentin memory, althoughevery
partof theglobalsolutionis availableat somestageof thecalculation.This explainswhy
any resultssuchasimagesor radiosityvalueswritten to a �le mustbe outputduring the
calculationasmentionedearlier.

A similarbehavior couldbeachievedin anormalradiosityalgorithm,by preventingthe
re�nementof anemitterif it isan“instantiable”objectdifferentfromthereceiver. However
theglobalaccuracy would belower unlesstheemitteris alreadyre�ned enoughto obtain
a high-qualityrepresentationof its internallight distribution. Sincethephasefunctionsof
theoriginal instancesarepre-computedandstored,morecomputationtimecanbeinvested
in thisprocessthantypically donein ahierarchicalradiositycomputation.For instance,the
effectsof internalvisibility in emittingclusters,which areusuallynot computedfor cost
reasons[Sillion andDrettakis1995],areintrinsicallyaccountedfor in thephasefunctions.

4. LIGHT PROPERTIES OF PLANTS

Instantiationin plantmodelsis basedonplantself-similarity. In section4.1we�rst discuss
how to determinepotentialinstancesandsiblingstructuresin plantmodels.For aninstance
to be ableto participatein radiositycalculationswithout accessingits geometriccontent
werequiretheknowledgeof (a)anoutgoingradiancedistribution[Sillion etal.1995],(b) a
bidirectionalscatteringphasefunctionto convert incomingenergy into outgoingradiance,
and(c) a transmittancefunction. We discussin 4.2 how to representandcomputethese
functions.Finally, at thelowestlevel in thegeometrichierarchy, theleavesof theplantare
responsiblefor light interactionwith the model. In 4.3 we presentthe modelwe usefor
local leaf-light interaction.

4.1 Identifying instantiable structures

Wewantto revealtheredundancy presentatdifferentscalesin plantmodels.Thequestion
is thus: how to characterizesimilar structuresin a plant? For this we candistinguishtwo
approaches:

Formally, two structurescanbe replacedby a commoninstanceassoonasthey have
suf�ciently similar phaseandtransmittancefunctions.However, a completeinvestigation
of thesefunctionsoverall structuresin aplantis averyexpensivecalculation,whichmakes
any brute-forceapproachimpracticable.

Thesecondpossibilityis to rely onadditionalinformationrelatedto theplantmodels.In
our case,plantsarede�ned ashierarchiesof botanicalstructures,eachonebeingassorted
with anorientationanda collectionof botanicalparameters,suchasthenumberof leaves
containedin the structure,its physiologicalage[(de) Reffye et al. 1996], the type of the
structure(Branch, leaf, wholeplant, �ower, etc.). It makessensethat structuresof the
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samenumberof leavesandsametype have very similar geometryandthusvery similar
phaseandtransmittancefunctions.Wewill verify it throughanexample:

Figure7 shows structuresof a poplar treeand a locust tree. The curves in Figure8
representthecut of their phasefunctionfor �x edinput q andj andoutputq, andvarying
output j 1 We indicatefor eachstructureits type (Branch,Plant, ...) and its numberof
leaves. On the left side (poplar)we seethat structuresof similar numberof leaves(by
similar the meanthe sameorderof magnitude)have very similar phasefunction values.
Thisphenomenonis all themoreveri�ed thatthenumberof leavesis large.Thenumberof
leavesin astructurecanthusin thiscasebeusedasanef�cient wayof detectinginstantiable
structuresthroughoutthemodel.

Looking at the samecurves for the locust tree, it appearsthat the similarity is not
respectedbetweenstructuresof numberof leaves of the sameorder (seefor instance
Branch� 248andPlant � 367)unlessthey areof thesametype(for instanceBranch(c) �
248 andBranch(c) � 131arevery similar, aswell asPlant � 367 andPlant � 1615). A
pertinentparametersetis thusthenumberof leavesplus the typeof thestructurefor this
particularcase.Wehavefoundthattheseparameterswork �ne for all otherspeciesof trees
wehave tested.

As we will seelater, thememorycostof thephasefunctionof aninstancecanbequite
large,andwhenusingour lighting simulationalgorithmin cooperationwith aplantgrowth
simulationprogram,largerandlargerstructuresmayappearin thescene.Computingthe
phasefunctionof thesestructuresonthe�y wouldbeverycostly(evenmorethannotusing
instantiationatall !). Fortunately, weobservethat,asstructuresgetmorecomplicated,they
tendto have their phasefunctionandtransmittanceconvergeto a �x edvalue.This canbe
observed in Figure8 for the phasefunction. Our policy is thereforeto usea �x edphase
functionandtransmittancefor structureslargerthanacertainsize.

In our implementation,the informationneededto know which parametersarerelevant
for instantiationis storedinto an instantiationpolicy �le, as well as the differentiation
intervals for theseparametersandthemaximumsizeof differentiablestructuresfor each
type. A speci�c instantiationpolicy �le hasbeenconstructedfor eachkind of plant. This
alsomeansthatweareperformingapproximateinstantiation, e.gweonly useasmallnum-
berof representativestructuresto providephasefunctionandtransmittancefor all possible
instances.Thepolicy for sharingthephasefunctionsandtransmittancesis for themoment
designedby handfor eachplant,but it could be automatedbasedon the computationof
differencesbetweenphasefunctionsof variousstructures.

Finally, turningeachstructurede�nition into acluster, weobtainaclusterhierarchy that
only containsinstantiableclustersbut still may have a very large branchingfactor. Its
ef�ciency toward hierarchicalradiosityis thenimproved by insertingnew levels of (non
instantiable)clusters,using a constrainedclusterizer[Hasenfratzet al. 1999]. Besides,
self-similarityoccursin vegetationscenesat multiple scalesincludinggroupsof plantsof
varioussizes,andthereis no reasonto limit the instantiablehierarchy to the level of the
plantthemselves,assoonaswemanageto compute(or predict)theirphasefunctions.

1Theanglesq 2 [0::p] andj 2 [0::2p] aretheangularcoordinatesof adirection,in thecoordinatesystemlocal to
theplantstructure:themaintrunkof thestructureis alignedwith thez axis(q = 0) andthex axis(q = p

2 ,j = 0)
is orthogonalto thez axisof theparentstructure.
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