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Abstract

Modelsof forestecosystemsre neededo understanchow
climateandland-usechangecanimpactbiodiversity In this
papemwe describeanindividual-basedspatially-explicit for-
est simulatorwith full accountingof both landscapecon-
text andthe ne-scaleprocessethatin uence forestdynam-
ics. Unfortunately performingrealisticforestsimulationsof
suchmodelshasprovento becomputationallynfeasible We
designef cient algorithmsfor computingseeddispersabnd
light, usinga plethoraof techniques.Theseinclude hierar
chical spatialdecompositionmonopoleapproximationand
utilizing the graphicshardwarefor fastgeometriccomputa-
tions. Theseaalgorithmsallow usto simulatdargelandscapes
for long periodsof time.

1 Intr oduction

Forests cover approximately one-third of the earths
land surface and accountfor 80% of terrestrial biomass
(Schlesingef20]). Modelsof forestecosystemsareneeded
to understanchow climate and land-usechangecan im-
pactbiodiversity (i.e, the numberandrelative abundanceof
species)storageof carbon,andforestresourcest scalesof
decadego centuries(Clark et al. [4]). To be usefulto sci-
entistsandmanagersforestmodelsmustbe sufciently de-
tailedto capture ne scaleprocessessuchasestablishment
of seedlingsn theforestunderstoryyetsufciently broadto
admitlandscapendatmospheri@rocesses.

Two spatio-temporatomponentsf forestdynamicshave
long frustrated efforts to simulate responsesto global
changeillustratingthechallengesnvolved: competitiorand
dispesal. Competitionfor resourcesat ne spatialscales
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determineghe speciescompositionof forests. For exam-

ple, light availability determinesthe growth rate of trees
andtheir ability to survive. Specieghat cantoleratedeep
shadeproliferate beneathdenseforest canopies,whereas
light-demandingspeciesexploit recentlydisturbedsites,as
canfollow re, hurricanesandlandclearancelntermediate
light levelsoccurin “gaps',wheredeathof oneor afew large

treescancreatesmall openingsn the forestcanopy. More-

over, thelight availableto anindividualdepend®nit' ssize—

tall individualsexperiencea differentlight ernvironmentthan

do seedlings. Spatio-temporavariability, from small tran-

sient’sun ecks' to full canopy removal, makescomputation
expensve.

Seedproductionanddispersabetermindocal abundance
and population spreadacrosslandscapes. The combina-
tion of large disturbancesind changingclimate meansthat
specieswith abundant,well-dispersedseedcan proliferate,
whereasthersmay be threatened Most seedfalls closeto
theparentree(Ribbensetal. [18], Clarketal. [3]) thuspro-
moting aggreyation. A fraction of seedthat dispersedong
distancedeterminesmigration potential (Clark et al.  [8],
[6]). Models cannotignore tree size, as large individuals
producemore seedthan do small individuals. Moreover,
speciedlifference®r "trade-ofs' betweerong-distancelis-
persalcapacityand competitive ability determinebiodiver
sity (Hastings[10], Hurtt andPacala[14]).

In this paperwe describean individual-basedspatially-
explicit forestsimulatorwith full accountingof both land-
scapecontext (1 sq. km.) andthe ne-scale processeshat
in uence competitionanddispersal.lndividual-basednod-
els representreesin termsof location, size, crown shape,
species,age, growth rate, mortality risk, and reproductve
ability. Individualshave Cartesiarocationswithin the spa-
tial domainwhichitself is heterogeneousith respecto the
factors(e.g. light) that affect demographiaates. Our ap-
proachinvolvesbotha clari cation of the computationals-
suesanddevelopmenbf new algorithmsthatrely onapprox-
imation. The approximationsnake useof a comprehensie
statisticaltreatmenbf variability anduncertaintythatis pa-
rameterizedrom eld dataasbasisfor ef cient simulation.



RelatedWork. Modelsof forestdynamicstermed‘stand
simulators”or “gap models, have in uenced ecologicalre-
searchfor over 30 years (Botkin et al. [2], Shugartand
West [21], Urban et al. [22], Pacalaet al. [16]) Early
modelsfocussedn light availability atintermediatespatial
scales . Thesemodelswere individual-basedbut
not spatially explicit (Botkin et al. [2], Shugartand West
[21]). While allowing analysisof relatively ne scalepro-
cessessuch modelsmiss the sub-grid variability that de-
terminescompetitve interactionsand the landscape con-
nections'critical for understandinglispersal. More recent
efforts treat the landscapeas a lattice, with the dynamics
of individual cells asrepresentedby previous models,with

the addition of neighborto-neighborinteractions(Urban et

al. [22]). SOKRTIE (Pacalaet al. [16]), the rst spatially-
explicit forestmodel,addedspatially explicit light anddis-
persal. This approachallowed for spatial relationshipsat
relevant scales,with limitations setby computationakon-
straintsto 9ha(300mx 300m). Dueto the rangeof spatio-
temporalscalesnvolved,all effectshave beenlimited by ca-
pacityto estimateparameter¢Pacalaet al. [16]).

Clarket al. [5, 7] introducedstatisticaimethodshasedn
hierarchicalBayesand Markov chain Monte Carlo, to pro-
vide a full accountingof variability and uncertaintyof de-
mographiaatesin the eld. Theforestsimulatorintroduced
here exploits the detailedparameterizationavailable from
thesestatisticaladvancesasthe basisfor ef cient algorithm
development.

Dispersalandlight submodeldorm vital componentof
forestdynamics.They arespatialin naturej.e, seeddensity
andlight availability atevery pointonthelandscape&lepends
on the locationandgeometriccharacteristicef all thetrees
in theforest. In fact,they arethe primarylimitation on sim-
ulating spatialmodels— the light calculationaccountedor
morethan90%of theruntimein theforestmodelof Pacalaet
al. [16]. Furthermorethis computationalemandncreases
signi cantly with increasindandscapsize.

Our approach. Ourforestmodelallows for mary sources
of variability and uncertaintythat characterizeforest pro-
cessesand data. To computeall the processegxactly, we
require calculationgwhere istheareaand , the
numberof treesin the forest). To performef cient simula-
tion, we balanceaccurag againstthe stochasticityinherent
in dataand process. Approximationsallow for more rapid
calculation. For example,uncertaintyin light estimationis
proportionatelyhigh at the lowestlight levels. This means
that precisecomputatiorat suchlight levelsis unnecessary
Detaileddescriptiorof statisticalcomputations presentedh
Clark et al. [5, 7]. In generalknowledgeof uncertaintyand
error associatedvith parameterizatiomuidesdevelopment
of ef cient algorithms.

Algorithmic Ideas. We exploit spatialcoherencéo design
ef cient algorithmsfor dispersalndlight calculations.We

Figurel: Geometriomodelof anindividual.

use a hierarchicaldata structureto representhe forest at
variousspatialscales. Using the multi-resolutionnatureof
the quadtree[9, 19|, we make spatialapproximationsde-
pendingon therequiredaccurag. To computedispersalwe
usethe Monopoleapproximation1] to aggreyateseeddis-
persalfrom distanttrees. This yieldsanef ciency-accurag
tradeof schemeo computedispersal.To computelight us-
ing quad-treesywe only considertreesthatare “close'to the
grid-cell. In otherwords, we solve a simpli ed versionof
theiterative nearesheighborproblem [12, 11]. While this
approximationalgorithmis ef cient for calculatinglight at
agivengrid-cell, it hasto repeatthis calculationfor all the
gridcellsin theforest. To circumwentthis problem we resort
to a novel solution— using the graphicshardware for ef -

cient computation. The graphicshardwareis very ef cient

in performingcertainbasicprimitives,simultaneouslyn all

pixels. Recently there hasbeensomework on usingthe
graphicshardwareto solve geometrigoroblemg13, 15, 17].

Organization. We rst describeour modelandits compo-
nents. Then, we describethe algorithmsthat performdis-
persalandlight calculationsandanalyzetheir ef ciency and
accurag. Finally, we presenfpreliminarysimulationresults
thatindicatethattheerrorin the computationdiave minimal
impacton thedynamicsof themodelasawhole.

2 ForestGrowth Model

Theforestmodelconsistof alandscape andapopulation
of trees. The landscapaemains x ed, but the population
changeswith time. This brief overview of componentss
followedby adescriptionof submodels.

Overview of the Model

Landscape. Ourmodelconsidergheforestlandscape as
aplanarregion with a closedpolygonalboundary The area
of the landscapecanrangefrom a few hectarego several
squarekilometers. We discretize by boundingit with a
squareandoverlayinga uniform grid(mesh) , with  th
grid cell of size ; wereferto astheresolutionof
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Figure2: Evolution of densitiesof stageseedandyearling
andgrowth of anindividual from a seedlingto anadult.

Population. Ourmodelusesa hybrid representatioof in-
dividualtrees dependingon treesize. We classifythe popu-
lation into six stagesseeddispersediuringthe currentyear
(seedrain), viable seeddormantin the soil (seedbank), rst
year seedlings(yearlings), establishedseedlings,saplings,
andadults(Figure2). We modelseedrain, seedbankand
yearlingsas densitieswithin a grid cell; they do not have
geometricattributes,andindividualsof a speciesareidenti-
cal. We modelthenext threestages- seedlingsapling,adult
— asindividuals. Eachindividual  hasa physicallocation

andvariousphysicalanddemographiattributes.
Tree geometryincludesa cylindrical trunk that supportsa
cylindrical crown (SeeFigurel).

Dynamics. Forestdynamicsinvolve threemain processes
— reproduction,growth, mortality. New individuals enter
the populationvia seedproductionanddispersal.Basedon
a stochastigprocessseedgthe seedrain) either( ) germi-
nateto become rst year seedlings,( ) becomedormant
in the seedbank,or () die with a mortality risk that de-
pendsjn part,on densityof seedlingsn thegrid cell. Seeds
thatresidein the seedbankcanlater germinateas rst year
seedlingsfemaindormantor die,againwith amortality risk
basedn density Growth in eachof thelaterstagess calcu-
latedbasedon light availability and,for yearlingandestab-
lishedseedlingslocal density For individuals,mortality is a
stochastigrocesswith mortality risk decliningwith growth
rate. All surviving rst-year seedlingshecomeestablished
seedlingsat which point they areassignediniform random
coordinateswithin the grid cell they occupy. Surviving in-
dividualsarereclassi edasseedling/saplings/adultepend-
ing on the heightof theindividual.

2.1 Dispersalsubmodel

Thedispersabubmodebetermineshe numberof seedghat
dispersanto eachgrid-cellof . This quantitydependsn
() thenumberof seedproduceddy eachtree(i.e. fecundity
and( ) thedispersakernel.
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Figure 3: Dispersalkernelfor parameter®f speciesAcer
rubrum p=1; U=101.3(steepcurve) and speciesLirioden-
drontulipifera p=1; U=719.8

Thefecundity , of anindividual is calculatecdas:

where .
if
if
if
if
and arespecies-speci scalingparameters, isan
individual-speci ¢ scalingparameter is the stemdi-

ameterof individual attimet, and
is a temporallyautocorrelatedsaussiarstochastigprocess.
Furthermorethesizeatwhichatreebecomeseproductvely
mature, , is determinedasedonits diameter according
to a gammadistribution , Where
and arespeciesspeci c parameters.All parameters
areestimatedrom tenyearsof eld data(Clarketal. 2004).
Thedispersakerneldescribeshescatternf seedaboutthe
parentplantasa function of distance . We usea bivariate
Studentst-distribution for thedispersakernel,whichfor t-
tedparameters and

where and are speciesspeci ¢ parameters. Figure 3
shawvsthegraphof thedispersakernelfor the parametersf
two speciesAcerrubrumandLiriodendrontulipifera (Clark
etal. [7]).
To calculatethe expected seed density at location
we sum over the seedscontributedto this location
from all treesin the forest,which dependon the amountof
seedhey produceandondispersato ,



Figure4: Canopy photoof trees(asseenfrom theground)at
Duke forest. The elevation andazimuthlines correspondo
regionsof solargrid with high light intensity

Theactualnumberof seeds thataredispersednto grid
cell is drawn from a Poissordistribution

where denotegheresolutionof themesh.

The fecundity calculation developed here is basedon
the idea of partitioning the variability in reproductve out-
put appropriatelyin a hierarchyof species-leel effectsand
individual-level effectsthatareconstanttemporallyvarying,
andsize-dependent hefunctionalform of thedispersaker
nel waschosenfrom a numberof potentialfunctionsusing
formal statisticaltechniquegor modelcomparisor(Clark et
al [3]). Model parameterizatiois basedon extensve eld
data(Clarketal. [7]).

2.2 Light Submodel

The light sub-modelhastwo elementspne for calculating
understonfight availability andthe otherfor calculatingthe
exposedcanoyy area(ECA) of adulttrees. The former de-
termineggrowth of earlylife historystageg rst yearandes-
tablishedseedlingsandsaplingswhile thelatterdetermines
growth of adults. The ECA modelcalculatesfor eachtree,
the two dimensionabrojectedareaof the treecrown thatis
directly exposedto the sky. The understorylight submodel
calculatedfor eachgrid-cell on the groundthe intensity of
sunlightintegratedfor sunangleoverthe dayandyear

This summaryof the light submodeldescribesannualso-
lar geometryandthe penetratiorof sunlightthroughthefor-
estcanopy.

Solar submodel. The spatial scaleof our forestis suf-
ciently small that we can assumethat the magnitudeand

Figure5: Light ray alongdirection  interceptingatree .
Dottedlinesrepresenthe azimuthandelevation.

direction of light abore the canoyy at ary point in time is
spatially constant. We begin by discretizingthe sky into
elevation and azimuthanglesthat de ne the solar hemi-
sphericalmatrix having elements . The solarsubmodel
computedotal annualsunlightintensity ~ alongeachdi-
rection . This calculationtracksthe solarpathover days
andthroughouthe year integratingdirectandindirectlight
intensity Figure4 shavs a hemisphericaphototakenatthe
Duke Forestmappedstand wherethelinesdepicttheregion
the sun tracesfrom sunriseto sunsetat differenttimes of
year In this photothetop andbottomlinesindicatethe ex-
tremesof thesolartrack,andtheverticallinesdepictregular
time incrementsFor a givenlandscapethe solarmodelis a
one-timecalculationdoneexternalto therestof the model;
theintensitymatrix from thisis takenasamodelinput.

Modeling the Iter ed light. The interceptionof light by
the forestcanoyy is calculatedusing a discreteapproxima-
tion to Beers law. Consideraray alongdirection  that
meetghegroundin grid-cell (SeeFigureb). Lettheray
interceptatree alongits path.We modeltheattenuatioras
follows: the canofy of attenuatedight passinghroughit
by afractiongivenby , andthetrunk of attenuatesll
thelight. The fraction of light transmissioralongdirection
is givenby:

1)

where is thesetof all thetreesthatinterceptthe light ray.
Theintensityof light from direction  is thereforesimply
. However, the light enegy striking the groundis
diminishedunlessthe surfaceis perpendicular We correct
incoming enegy for angleof incidence. If the cell is
at, thiscorrectionis where isthezenithangle.
Combininglight from all directions , the intensity of
light atgrid-cell is givenby

)

For simplicity, we normalize by themaximum that
would occuronanopenunobstructegblane.



3 Our Model Simulator

We developeda forestsimulatorbasedon relationshipsout-
lined in Section2. Submodelsncludedispersallight, ger
mination,mortality, disturbanceandclimate. The simulator
takesasinput aninitial con guration of the forestandland-
scape.lt simulatesdynamicsat annualtime steps.Figure6
shavsthe o wchartof operations.

Dispersahndlight calculationsarecomputationallynten-
sive. Moreover ecologicalexperimentsrequirelarge land-
scapes(at least1l sq. km.) andup to several thousand
years. Using exact calculations,thesesimulationswould
take months. Our algorithmsincludeda quad-tredik e data
structurethatis hierarchical. Usingthemulti-resolutionquad
tree, we calculatedispersalusing approximationsat spa-
tial resolutionsthat dependon the requiredaccurag. A
hardware-basedlgorithmis usedto calculatdight. Thedis-
persalandlight algorithmsareexplainedin Section4 and5,
respectiely. We describehe quadtreedatastructurebelow:

Quad treedata structure. We developeda 2D quadtree

on the coordinateof all the individuals(adultssaplings)
in theforest.Let denotethe setof pointsrepresentinghe
locationsof thetrees. All spatialprocessegesp. dispersal)
operatebetweerandnot within cells. Thus,we stopthere-
cursionon the quad-treevhenthe granularityof the region
reacheshe size of a grid-cell. This propertyof our model
allows usto obtaina boundon thedepthof . In ageneral
setting,thedepthof thequad-treedlepend®n the distanceof
the closestpair of pointsin , becauseecursioncontinues
until we separatéhe closesipair.

Forany node in ,let denotetheregionrepresented
by and representhesetof all thetreescontainedn
In eachinterior nodeof the quad-tree , we storesummary
statisticsfor treescontainedin the node. The summaries
consistof number total fecundity basalarea,etc. of trees

. Thesesummariesareusedio developapproximation

schemedor dispersatalculations.

Visualization. The simulatoroutputsthe densitiesof seed
banksandyearlingsfor eachgrid cell andthe locationsand
characteristicsf all thetrees.Visualizingthis outputis used
to evaluatedynamics.We developeda visualizationpackage
for the simulatorusingQT and OPENGL/GLUT, which al-
lows the userto view dynamicsandto navigatethroughthe
forestinteractvely. The usercan zoom-in/zoom-outgcon-
trolling both view point and viewing direction. Figure 7
shavsasnapshoimageof thevisualizationof theforestsim-
ulatedby ourmodel.Weimplemented secondrisualization
packageto view densitydata(for seedbankandyearlings)
togetherwith summarystatistics,using the AVS/AMIRA
volume-renderingackage.

Experimental framework. All our experimentsare per
formedon a 2.2 GHz Intel PC with 4 GB memory nVidia

Figure 7: Snapshotimage of the forest simulatedby our
model.

Figure8: Monopoleapproximatiorfor dispersal Treesyep-
resentedy crossesdgisperseseedo destination .

Quadro4XGL 900graphiccardrunningLinux OS.

4 Computing Dispersal

Exactcalculationof dispersalequires time, because
eachgrid-cell recevesseeddrom trees. However, when
treesarefarawayfromthedestinatiorgrid cell, theirindivid-
ualdistancegrom areroughlythesame(Figurd). There-
fore, we canreplacethe treesby a singlelarge tree (repre-
sentedby shadedcircle) of appropriatefecundityto obtain
anapproximatesolution.

Approximation scheme. We formally describethe algo-
rithm asfollows: Let betheside-lengthof square and
bethedistanceof from , asshavnin Figure8. We can
performthemonopoleapproximatiorif ,Where is
themonopolecoefcient. Theapproximatioralgorithmis a
top-down traversalof the quad-treestartingat the root. The
proceduraatary node is shavnin Figurel.

The quad-treeprovides a multi-resolutionmechanisnto
monopoleapproximateregions of varying dimensionsde-
pendingon distancefrom . Moreover, sincethe total fe-
cundity of treesin  is storedat , the monopoleapproxi-
mationcanbe computedn constantime.

We now analyzethe runningtime of our algorithm.Let
beacircleof radius , centeredatthegrid-cell
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Figure6: Flow chartof the sequencef operationgperformedoy the simulator

Algorithm 1 Monopole Approximation

)

(node , cell

side-lengttof square
distancebetween and
if then
replacetreesin by atree of appropriatéecundity
calculatedispersain  dueto tree
else
for eachchild of do
Monopole Approximation

©

Figure9: Concentriccircles aroundgridcell

Lemma4.1 The running time of Monopole procedue is
whee isthenumberof treesthat lie
insidecircle

Proof: Thedispersaddueto all plantsin  is calculatedby
going over eachtreeindividually. Thisis because
andthus . The compleity of the dispersakalcula-
tion is . Let be an annularring,
centeredat the centerof  and having inner radius
andouterradius . Figure 9 shows concentricrings
The monopoleconditionis satis ed for all

guad-treaegions  with sidelength , thatarecontained
in . Usingapackingargumentthenumberof suchregions

is atmost
For ary gridcell , theforestwith  gridcellsis covered
by atmost annularrings . Thenumberof monopole

approximationgerformedn any such is . Thusthe
total compleity of theMonopoleproceduras

Thusthetotal costis

Performing the Monopole procedurefor each gridcell
, the time to computedispersalfor the entire forest is

. Notethat denoteghetotal
numberof dispersatalculationsdonewithout monopoleap-
proximation.Dispersais calculatedor eachtreein thefor-
estlocatedin grid cell  for all grid cellsthat aredistance

. Thuseachtree contributesto dispersalalcula-
tions. The total numberof individual dispersakalculations
is thus . The total time to calculatedispersalis thus

Experimental results. We reporttheresultsof a setof ex-
perimentsperformedon our forestsimulator Herewe em-
phasizehe performancef the approximatioralgorithmfor
forestsof differentareas with theerrorthreshold, .
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Figure 10: Running time of dispersal algorithm with
monopoled.1for varyingforestareasizes

We performedexperimentson a forestinitialized with the
outputof a 100 year simulationinvolving a single species.
In our experiment,we varied the side length of the forest
from 32 metersto 1024meters.Figure10 comparesherun-
ning time of the exact algorithm with the monopolealgo-
rithm (for monopolethreshold0.1). The exactalgorithmis
the monopolealgorithmwith monopolefactorsetto 0. For
a sq. mforest,themonopoleacheie's speedup
of two ordersof magnitude.Figure 11 plotsthe averageer
ror of seedslispersedor monopolefactor0.1. Notethatthe
errorin seedsdisperseds lessthan  for the landscapes
simulated.

Next we performedexperimentson a forest with side
length1024meterswith monopolethresholdgangingfrom
0.1to 1.0 (seeFigure12). As anticipatedthe runtime de-
creasewith the increasein the monopolethreshold. Fig-
ure 13 shovs the RMS error of seeddispersedor different
monopolethresholds. Similarly, the RMS eroor increases
with increasen the monopolefactor
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Figure 11: Relatve error of dispersal algorithm with
monopole0.1for varyingforestareasizes
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Figure12: Plot of runningtime of monopolealgorithmon a
landscapevith varyingmonopolethresholds
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Figure 13: Plot of RMS error of monopolealgorithmon a
landscapevith varyingmonopolethresholds
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Figure 14: Plot of averagerelative error of the Poisson
stochastigprocessas a function of seedrain density Typi-
cal seedrainis ontheorderof 0-100seeds/

How much error can we toleratein simulation? That
dependson other sourcesof stochasticity The dispersal
calculation producesthe expectationfor a stochaticpro-
cess. For the typical rangeof seeddensitiesin forests(0-
100 seeds/ ), Poissonsamplingfrom this meanprocess
swampsthe monopoleapproximatiorerror (Figure14. Fur
thermoreyariability in fecundityprocessncludes100-1000
fold yearto-year uctuations, 10-fold variationamongindi-
viduals of comparablesize,and100fold increasewith tree
size,oncetreesreachreproductve size.

5 Computing Understory Light

In this sectionwe describelight calculationshasedon soft-
wareandon graphicshardware. The softwareapproachn-

volvesan exactalgorithmandanapproximatiorschemeus-
ing a quad-treeThe bulk of this sectionis devotedto the
hardwarebasedalgorithm. We provide experimentakesults
to demonstratef ciency.

Exact Algorithm.  We calculatelight at grid cell as
follows: Let beatreein the forest. We calculatethe di-
rections  alongwhich solarraysarriving at arein-
terceptedby . For eachof thedirections , we determine
thefractionof light, ,thatreaches (afterattenuation).
This procedurds repeatedor all trees in the forest. After
consideringall trees,this fraction is exactly . Using
Eq.(2), we calculatethetotal light intensityat grid cell

Theabove algorithmfor aforestof area having
50,000treestakes 7 hourson a 2GHz PC with 4GB mem-
ory. The bottleneckof the algorithmis the costly geometric
computationdor all thedirectionsthatintercept . We make
the following obsenation: treesthat are neargrid cell
contritute heavily to light intensity  (asthey portendsa
largealtitudeangle) while thecontribution of distanttreesis
negligible.

Approximation Algorithm using Quad-tree. The ap-
proximation schemeconsiderstreesin increasingdistance
from andexecuteghe exactalgorithmusingthis order
ing of trees.Thelight intensityat is approachedsymp-
totically asthealgorithmprogressesThealgorithmis termi-
natedatthe desiredaccurag.

Empirical dataare usedto determineacceptablesrrorin
theapproximatioralgorithm. Theapproximatiortakesabout
1 hourascomparedo 7 hoursfor theexactalgorithm.

This algorithmis still costly, requiringthreeweeksto per
form a500yearsimulation. The approximatioralgorithmis
efcient for onegrid-cell. But it hasto repeatthis calcula-
tion for grid cells. Giventhis inherentlimitation
of software basedtechniqueswe turnedto a novel use of
the graphicshardwarefor calculatinglight. As we will see,
theimprovementin runningtime will be dramaticrequiring
threeminutesfor the samecalculation.



5.1 Hardware basedalgorithm

The light modelcalculation,asdescribedn Section2.2, is
similar to the visibility computationin graphicshardware.
We aregiven a view point (grid cell ) anda collection
of geometricobjects(trees).The light modelrequiresa set
of directions  that arevisible from the view point. We
perform this calculationfor all the grid cells. One of the
primary capabilitiesof the graphicshardware, is to perform
suchvisibility computationsimultaneouslyor all grid cells.
Becauséhe numberof grid cellsin ourforestis large (about
1 million grid cells), the graphicshardware shouldbe ef -
cient.

The main challengen usingthe hardwarefor calculating
light is representatioof thetranslucencel.ight intercepting
by atreeis attenuated.To performlight-objectinteractions
usinghardwarerequiresa simpleform of volumerendering.

Thealgorithmhasthefollowing structure:

1. For agivendirection,calculateattenuatiorfraction
for all gridcells usingthegraphicshardware.

2. Repeatbove stepfor all directions

3. Calculate
Equation2.

for all gridcells in software using

The main idea of the hardware algorithmis as follows:
obsene the forest from in nite distancealong angle
andusethe hardwarecolor accumulatioroperationof color
blendingto computethe product  for all . Becauseahe
only operationsallowed in color blending are , min,
andmax, we usea simpletrick, namelycompute

. After the hardwarecalculationwe take the
exponentto obtain

The algorithmto compute
steps.

consistsof the following

1. Setting light source and image plane: Fix the light
sourceat in nity along direction Setthe image
planeasaplaneorthogonato  suchthatall thetrees
arein betweerthe sourceandimageplane.

2. Render trees Draw eachtree as geometricobjects
(two cylindersof appropriateliameterandheight). The
color of thetreeis setto (for blending)

3. Read color buffer: The color buffer containsthe re-
sult of the color blendingoperationfor all pixelsin the
imageplane.

4. Projection: Our objectie is to calculatelight at the
gridcells, which lie on a horizontalplane. The color
buffer containdight on pixelsof theimageplanethatis
obliqueto the horizontalplane. We performa projec-
tion operationto projecteachpixel on imageplaneto
theappropriatepixel on horizontalplane.

Figure 15: (a) Snapshobf treesrenderedusing projections
(b) Snapshotof shadavs of treesrenderedusing the im-
provedalgorithm. The bold arrov indicatesthe azimuthdi-
rectionof light source.

Figure 15 (a) shaws the snapshobf treesrenderedusing
thisalgorithm. Thedirectionof light sourceis shavn by the
bold arronv. From experimentalresults,it is found that the
projectionoperationis costly, takingabout25% of tthetotal
time.

Impr oved Algorithm and Optimizations. We optimize
the algorithm by eliminating the projection. The needfor
projectionarisesbecausdhe imageplaneis obliqueto the
sourcedirection. We can x the sourcealong the vertical
directionandmanipulatehetreerenderingsuchthatoneob-
tainsthe sameresult. The manipulationdependsn the di-
rectionof light source.For a givendirection  andatree
, thegrid cells(pixels)thatreceve attenuatedight dueto
arethosethatform the shadav of whenlight comesfrom
. Thus,for a givendirection,we computethe shadav of
thetree andrenderthe shapeof the shadev. For vertical
cylinders,theshadev is arectanglewith a semi-diskateach
end and can be easily computed. Figure 15 (b) shavs the
snapshobf shadaevs of treesrenderedisingthis algorithm.

Experiments

We evaluatedthe performanceof the hardware algorithm
with a setof experimentswherewe varied the side length
of theforestfrom 32 metersto 1024meters.Figure16 com-
paresthe running time of the hardware algorithm and the
exactalgorithmto calculatdight.

Figurel7 shonvsahardware-calculatetight intensitymap
for the Duke Forestmappedstandwith treecrowns arede-
pictedascircles. The light calculationcaptureshe spatial
variability in understorylight thatresultsfrom variability in
treesizeandlocation.quitewell.

6 EcologicalExperiments

To determineif the approximationalgorithmshave an im-
pacton modeledforestdynamicswe presentwo 1000year
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Figure 16: Comparisorof runningtime of exactalgorithm
andhardwarealgorithmfor varyingforestareas.
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Figure 17: (a) Shaws the light intensity calculatedby our
modelfor the treesin Duke forest. (b) showvs the canogy of
thetrees(representedly circles).
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Figure 18: Comparisonof coexistenceexperimentwith 2
speciedfor (a) exact dispersall(monopole= 0) and (b) ap-
proximatedispersa(monopole= 0.125)

runsof the forestmodelon a 64x64mlandscapevith iden-
tical initial conditionsbut differing in their accurag: one
an exactdispersalalculationwith , the otherwith

. As showvn in Figure 6, whenoperatingwithin
a reasonableerror bound, the impact of approximationof
model dynamicsis negligible when compoundedover the
long term. Furthermorethe runsillustratedin Figure6 in-
clude numeroussourcesof uncertaintyand stochasticityso
ary differencedetweerrunsis hardto attributeto computa-
tional erroralone.

In additionto accurag, it' sessentiathattheforestsimula-
tor provide ecologistavith amodelthatis sufciently fastto
usefor experimentsFigure6 depictsthe outputfrom a 1000
yearsimulationon a m forest. This run usedthe
hardware light algorithm and the monopoleapproximation
dispersahlgorithm. lllustratingthe competitve dynamicsof
two tree speciesAcer rubrum and Liriodendmon tulipifera,
thesimulationtookapproximately2 daysto complete While
the equivalentrun usingnaive algorithmwasnot performed
for afull 1000yearswe estimatehatit wouldrequirealmost
10 months.
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Figure19: Coexistenceexperimentrunon forest

for 1000years.

Conclusionand Futur e work

We have developedef cient algorithmsto simulateanindi-
vidual based spatially explicit forestmodel. The speed-up
of our simulatorover a naive calculationwasmadepossible
by thefollowing algorithms:

Monopolebasedapproximationalgorithmto calculate
dispersal Experimentshavs a speedupf an orderof
magnituddor reasonablerror.

A novel hardware basedalgorithmfor calculatingun-
derstorylight. Our algorithmis two ordersof magni-
tudefasterthanthe naive method.

Work presentedn this paperis partof an ongoinginter
disciplinaryprojectto studyforestecosystemasingsimula-
tion. Someof the interestingalgorithmicissuesandfuture
directioninclude:



Our current dispersal algorithm has compleity
O( ). We planto adaptthe lineartime Multipole
algorithmof Greengardo calculatedispersal.

Thedispersabndlight algorithmsutilize spatialcoher
enceto obtaingoodapproximationWe planto develop
algorithmsthatutilize temporalcoherencaswell.

Ouralgorithmsareef cient for internalmemory When
simulatingvery large scaleforests,memoryl/O opera-
tionsleadto poor performanceWe planto extendour
datastructuresandalgorithmsto externalmemory

Extendour modelto include additionalervironmental
factorssuchas soil moisture,topography and distur
banceagentssuchas re andwind.
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