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Abstract

Modelsof forestecosystemareneededo understandhow climate
andland-usechangecanimpactbiodiversity In this paperwe de-
scribeanindividual-basedspatially-eplicit forestsimulatorwith
full accountingof both landscapecontext andthe ne-scale pro-
cesseghat in uence forestdynamics. Unfortunately performing
realisticforestsimulationsof suchmodelsis computationallyinfea-
sible. We designef cient algorithmsfor computingseeddispersal
andlight, usinga plethoraof techniques.Theseincludehierarchi-
cal spatialdecompositionmonopoleapproximationand utilizing
the graphicshardware for fastgeometriccomputations.Theseal-
gorithmsallow usto simulatelarge landscape$or long periodsof
time.

Categoriesand Subject Descriptors: F.2.2[NonnumericalAlgo-
rithmsandProblems]:Geometricaproblemsandcomputations

General Terms: Algorithms, Experimentation

Keywords: Forestmodels Simulator EcologicalforecastingGraph-
ics hardware,Quad-treeMonopoleapproximation.

1. Introduction

Forestscover approximatelyone-thirdof the Earth's land surface
andaccountfor 80% of terrestrialbiomasg20]. Modelsof forest
ecosystemsare neededio understanchow climate and land-use-
changecanimpactbiodiversity (i.e., the numberandrelative atun-
danceof species)storagef carbornandforestresourcestscaleof

Work hasbeensupportedoy NSF grantsCCR-00-8601FEIA-98-70724,
EIA-99-72879, EIA-01-31905, CCR-02-04118,BDEI-0131905RR551-
080-2401964a DOE FACE grantandby a grantfrom the U.S.-IsraeliBi-
nationalScience~oundation.

Departmenbf ComputerScienceBox 90129,Duke University Durham,
NC 27708,USA. E-mail: gsat@cs.duke.edu

Departmenbf Biology, Duke University Durham,NC 27708,USA. E-
mail: mcd7@duke.edu

Departmenbf ComputerScienceBox 90129,Duke University Durham,
NC 27708,USA. E-mail: pankaj@cs.duke.edu

Departmenbf Biology, Duke University Durham,NC 27708,USA. E-
mail: jimclark@duke.edu

Permissionto make digital or hard copiesof all or part of this work for
personalor classroonmuseis grantedwithout fee provided that copiesare
not madeor distributedfor pro®t or commercialadvantageandthatcopies
bearthis noticeandthefull citationon the®rst page.To copy otherwiseto
republisho poston senersor to redistrituteto lists, requiresprior speci®c
permissiorand/orafee.

SCG'04,June8—11,2004,Brooklyn, New York, USA.

Copyright 2004ACM 1-58113-885-7/04/0006.$5.00.

PankajK. Agarwal JamesS. Clark

decadeso centuriesTo beusefulto scientistandmanagerdorest
modelsmustbesufciently detailecto capturene scaleprocesses,
suchasestablishmendf seedlingsn theforestunderstoryyet suf-
ciently broadto admitlandscapendatmospheri@rocesses.

Competitionand dispesal, the two important spatio-temporal
componentsf forestdynamicshave long frustratecefforts to sim-
ulateresponseto globalchange Competitionfor resourcest ne
spatialscalesdetermineghe speciescompositionof forests. For
example,light availability determineghe growth rate of treesand
their ability to survive. Specieghat cantoleratedeepshadepro-
liferate beneathdenseforest canopies,whereaslight demanding
speciesexploit recentlydisturbedsites, which can be causedby

re, hurricanespr land clearance Intermediatdight levels occur
in “gaps”, wheredeathof oneor afew largetreescancreatesmall
openingsn the forestcanoy. Moreover, the light availableto an
individual depend®nit' ssize—tall individualsexperienceadiffer-
entlight ervironmentthando seedlings.Spatio-temporavariabil-
ity, from smalltransient'sun ecks” to full canopy removal, makes
computatiorexpensve.

Seedproductionand dispersaldeterminelocal abundanceand
populationspreadacrosslandscapes. The combinationof large
disturbancesnd changingclimate meansthat specieswith abun-
dant, well-dispersedseedcanbene t whenothersmay be threat-
ened. Most seedfalls closeto the parenttree [5, 18], thus pro-
motingaggr@ation. A fractionof seedthatdisperse$ong distance
determinesmigration potential[6, 8]. Modelscannotignoretree
size,aslargeindividualsproducemoreseedhando smallindivid-
uals. Moreover, speciedifferencesor “trade-ofs” betweenong-
distancedispersalcapacityand competitve ability determinebio-
diversity[12, 14].

In this paperwe describean individual-basedspatially-eplicit
forestsimulatorwith full accountingof bothlandscapeontext
(1 sq.km.) and ne-scaleprocessethatin uence competitionand
dispersallndividual-basednodelsrepresentreesin termsof loca-
tion, size, crovn shape speciesage,growth rate, mortality risk,
and reproductve ability. The landscapejn which the individu-
als are located,is heterogeneouwith respectto the factors(e.g.
light) thataffect demographicates.Our approachnvolvesbotha
clari cation of the computationalssuesand developmentof new
algorithmsthatrely on approximation.The approximationsnalke
useof a comprehense statisticaltreatmentof variability and un-
certaintythatis parameterizefrom eld dataasbasisfor ef cient
simulation.

Related work. Models of forestdynamics,termed“stand simu-
lators” or “gap models”, have in uenced ecologicalresearchfor
over 30years[3, 16,21, 22]. Early modelsfocussedn light avail-
ability atintermediatespatialscales . Thesemodelswere
individual-basedput not spatially explicit [3, 21]. While allow-



ing analysisof relatively ne scaleprocessessuchmodelsmissthe

sub-gridvariability thatdeterminegsompetitve interactionsandthe

landscapéeconnectionstritical for understandinglispersal More

recentefforts treatthe landscapesa uniform grid, modelingthe

dynamicswithin grid cells in a similar way as previous models,
with the additionof neighbofto-neighborinteractiong22]. SOR-
TIE [16], the rst spatially-explicit forestmodel, addedspatially
explicit light anddispersal. This approachallowed for spatialre-

lationshipsatrelevantscaleswith limitations setby computational
constraintso 9ha (300mx 300m). Due to the rangeof spatio-
temporalscalesnvolved, all effectshave beenlimited by capacity
to estimateparametergl 6].

Our approach. Dispersalandlight submodeldorm vital compo-
nentsof forestdynamics.They arespatialin nature,i.e, seedden-
sity andlight availability at every point on the landscapealepends
onthelocationandgeometriccharacteristicof all thetreesin the
forest. In fact, they arethe primary limitation on simulatingspa-
tial models—thelight calculationaccountedor morethan90% of
theruntimein the forestmodelof Pacalaet al. [16]. Furthermore,
this computationatlemandncreasesigni cantly with increasing
landscapsize.

Ourforestmodelallows for mary sourcef variability andun-
certaintythat characterizeorocessesnddata. To computeall the
processesexactly, werequire calculationsateachtime step
where is the numberof treesin the forestand , the number
of grid cellsinto which the landscapes partitioned. To perform
ef cient simulation,we balanceaccurag againsthe stochasticity
inherentin dataandprocessFor example,uncertaintyin light esti-
mationis proportionatehhighatthelowestlight levels. Thismeans
thatprecisecomputatiorat suchlight levelsis unnecessaryn gen-
eral, knowledgeof uncertaintyand error associatedavith parame-
terizationguidesthe developmentof ef cient algorithms.

Our contributions. We exploit spatialcoherenceo designef-
cient algorithmsfor dispersalcalculations. We usequadtree[9,
19] to representheforestatvariousspatialscales Usingthe multi-
resolutionnatureof thequadtree,we make spatialapproximations,
dependingontherequiredaccuray. To computedispersalwe use
the monopoleapproximation2] to aggrejateseeddispersafrom
distanttrees.Thisyieldsanef ciency-accurayg tradeof schemeo
computedispersal.Experimentakesultsshav a speedumf about
anorderof magnitudéeor reasonablerror Thegraphicshardware
is very ef cient in performingcertainbasicprimitives, simultane-
ouslyon all pixels Recently therehasbeensomework on using
thegraphicshardwareto solve geometrigoroblemg13, 15,17]. We
exploit this parallelismof graphicshardwareto obtaina hardware-
basedalgorithmto calculatelight. Our algorithmis at leasttwo
ordersof magnitudefasterthanthe naive algorithm.

All ourexperimentsareperformedona 2.2 GHz Intel PCwith 4
GB memory nVidia Quadro4XGL 900graphiccardrunningLinux
Os.

Organization. We rst describeour modelandits componentsn

Section2. Section3 describedrie y the variouscomponentof

our modelsimulator Then,in Section4 and5, we describehe al-

gorithmsthat performdispersabndlight calculationsandanalyze
their ef ciency andaccurag. Finally, in Section6, we presenpre-
liminary simulationresultsthatindicatethatthe errorin the com-
putationshave minimal impacton the dynamicsof the modelasa
whole.

2. Forest Growth Model

The forest model consistsof a landscape and a populationof
trees.Thelandscapeemainsx ed,butthepopulationchangesvith

Figurel: Landscape andtheunderlyingmesh

time. We rst presentanoverview of the forestmodel. Then,we
describan detailthedispersabndlight submodels.

2.1 Overview of the Model

Landscape.Our modelconsiderghelandscape of theforestas
a planarpolygonalregion. The areaof the landscapevariesfrom

a few hectaredo few hundredsof hectares.We discretize by

enclosingt with asquareandoverlayingauniformgrid (mesh)M.

Eachgrid cell of  is asquarewith sidelength ; we refer
to astheresolutionof . We use to denotethe centerof

, andwe associaten elevation (height) with . By

interpolatingthe heightsat otherpointsof , we canview asa
terrain.We canalsoassociateariousgeologicalandurbanfeatures
suchasrivers,lakes,roadsetc.with . Figurel shavsanexample
of alandscapealongwiththeunderlyingmesh.

Population. Our modelusesa hybrid representationf individual
treesdependingntheirsize. Theearlystage®f treesaremodeled
asdensitiesandaftersomegrowth, they aremodeledasindividuals
with unigue physical attributes. More precisely we classify the
populationinto ve stages:seed,yearling seedling sapling and
adult (seeFigure 2). We further re ne the stageseedinto seed
rain and seedbank— the former representinghe seedsthat are
dispersedy treesandthe latter representinghe onesthat are on
the ground. The seedghat have germinatedare called yearlings.
We modelseedrain, seedbank,andyearlingasdensities asthey
do not have ary geometricattributesandall of them of the same
speciesareidentical. We assumeéhatthe densityis uniform within
eachgrid cell.
We modelthe next threestages— seedling sapling,adult— as
familiesof individuals. Eachindividual  hasa physicallocation
andvariousphysicalattributes. Currently we model
eachindividual asa cylindrical trunk anda cylindrical canoyy sit-

ting on the trunk; seeFigure4. Let denotethe
diameterand heightof the trunk attime . The diameterandthe
heightof the canoly of  dependon of , andtherela-

tionshipcanbe foundin [7]. We de ne two “threshold” parame-
ters:  and . Anindividual is aseedlingf ,
a saplingif , andan adult if .
Figure3 shavs thelandscapevith individualsat Duke Forestsite.

Dynamics. The dynamicsof our forest model consistsof three
parts— establishmenof individuals,growth, andmortality. Indi-
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Figure2: Evolution of densitiesof stageseedandyearlingandgrowth of
anindividual from a seedlingto anadult.

Figure 3: Landscapeand individualsin Duke Forestsite. Locationsand
trunk attributes(diameterandheight) correspondo actualtreesmeasured
in meters.

vidualsareestablishedy dispersabf seeds.The adulttreespro-

duceseedslependingn (alsoknown asdiameterat breast
heigh) andtheseseedsare dispersecasedon a dispersakernel.

Thedispersakernelaccountdor bothshortandlong distancedis-

persal.Growth of eachof thestagess calculatechasednresource
availability andlocal density Individuals are promotedfrom one

stageto next basedn the grownth thresholds An individual diesat

the currenttime basedon its mortality probability. The mortality

probabilityis calculatedbasedon the individual's growth suppres-
sionandnaturaldisturbances.

Resources. The forestcontainsseveral resourcedik e light, mois-
ture, nitrogen,etc which arevital for the growth of anindividual.
We modeleachresourceasa separatesubmodel.Light is consid-
eredasoneof themainresources our model.We have developed
a sophisticatedight model, basedon Casettis [4] light model,to
calculatethe availability of understonfight ateachgrid cell.

Figure4: Geometrianodelof anindividual.

2.2 Disper sal Submodel

The dispersamodeldetermineghe numberof seedshatdisperse
into eachgrid cell of . This quantitydepend®n:

thenumberof seedgproducedy eachindividual, denotecas
fecundity

spatialdistributionof seedswhichis de ned by thedispesal
kernel

Fecundity. The reproductie outputof an individual is nonzero
only if it is a femaleand reproductiely mature. The functional
form of thefecundity choserfrom [7], is composef factorsthat
dependnthespeciego whichthatindividual belongsandthesize
of theindividual. The choserform alsoincludesa factorthatcap-
turesthetemporabariability. More precisely , thefecundity
of individual attime , hasthefollowing form:

@)

where and arespecies-speci scalingparameterand
isthediametemf thetrunk of individual  attime . Thefunctions

and areindicatorfunctions,indicatingthegendeiand
reproductve maturityof , respectiely.
if is female,
if is male.
if
if
Here is the Gammadistribution with species-

speci ¢ maturity parameters . Next, is anindividual

scalingparametede ned as:

is the Normal distribution with species-speci ¢
parameter . Finally, is a temporallyautocorrelatedsaus-
sianstochastigrocessde ned as:

where and arespecies-speci parameters.

Dispersalkernel. Thedispersakerneldescribeghe spatialdistri-
bution of thescatteringf seedsn thevicinity of theparentplant,as
afunctionof distance . We usea bivariateStudents t-distribution
for thedispersakernel,which hasthefollowing form:

@)

where isaspeciespeci ¢ parameterFigure5 shavsthegraph
of the dispersalkernel for the parameterf two species: Acer
rubrumandLiriodendmon tulipifera.

Clark et al. [5] shav thatthis kernel ts the dispersaldatabet-
ter than otherkernelsfor mostspecies. The kernelhasa corvex
shapeunderthe canopy of theindividual which is responsibleor
shortdistancedispersalanda fattail whichis responsibldor long
distancedispersal.
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Figure5: Dispersakernelfor parametersf speciesAcerrubrumu=101.3;
Liriodendmon tulipifera u=719.8.Parametewraluesarefrom Clark etal [7].

Theactualnumberof seedslispersednto thegrid cell , de-
notedas , isdravnfrom aPoissordistribution

where isthesidelengthof grid cell and
seeddensityin location attime .

is theexpected

(3)
wherethe sumis takenover all theindividualsin theforest.

2.3 Light Submodel

We now describehow we modelthe amountof light receved by
eachindividual, which in turn controlsits gronth. The amountof
light recevedby asaplingor anadultis proportionalto its exposed
canopy area. A point on the canopy of anindividual is called
exposedif the ray in -direction emanatingfrom doesnot
intersectary otherindividual. The exposedcanopyarea (ECA),

denotedby , istheareaof the  -projectionof the exposed
pointsonthecanopy of . Thegrowth of asaplingor anadult
denotedby , is measuredy thechangen its trunk diameter

. It is calculatedasfollows:

where ,  aretheinterceptandasymptoteof gronth rateand
arelight saturatiorcoefcients.

The amountof light receved by ayearlingor a seedlingis pro-
portionalto theunderstonyight atthegrid cell thatcontaingt. The
undestory light ata grid cell , denotecby | istheaverage
annualintensity of sunlightthatreaches , andis modeledas
follows:

Thespatialscaleof ourforestis sufciently small,sowe canas-
sumethatatary pointof time, all pointsin thelandscapeecevethe
sameintensityof light from ary givendirection.We modelthe sky
asa positve hemispheratin nity . We discretizethis hemisphere
into auniformgrid by drawing latitudeandlongitudearcs. We
referto thisgrid asthesolargrid. Foracell ,let  bethe
directionof the centerof and betheannualsunlightinten-
sity thatemanatefrom is computedusingsolargeometry
calculationsLet betheintensitymatrix, whichwill be
computedn the preprocessingtep. Figure6 shavs a phototaken
atthe Duke Forestsiteusingwide anglelens. The photowastaken

Figure6: Canopy photoof adultindividuals (asseenfrom the ground)at
Duke forestsite.

from the groundwith thelenspointingin the -direction. The
elevation andazimuthlinesthat are superimposedver the photo,
correspondo regionsof solargrid with high light intensity

Let be the ray emanatingrom in direction

. Since,the solargrid is drawn on a hemispheret in nity ,
passeshroughthe centerof .Let denotethesetof saplings
or adultsindividualswhosecanoyy intercepts . Thenthefraction
of light thatreachegrid cell is de ned as

if
otherwise

Theamountof lightin atiny area  in theneighborhooaf
andnormalto  is . Thereforethelight in asmallarea

onthegroundin the neighborhooaf is

, where s theelevationangleof . Theunderstorylight
isnow de ned as

4

The growth of a yearlingor seedling , denotedby ,is

measuredy the changein its height . It is calculatedas

follows:
Here, is the understonylight in the grid cell containingthe
individual . arethe interceptand asymptote®f grownth

rate, is thelight saturationcoefcient, (resp. ) is
the numberof individualsof same(resp.different)speciegpresent
in thegrid cell containing ,and , aredensitydependento-
ef cients.

3. Our Model Simulator

We have developeda forestsimulatorbasedon the modeloutlined
in Section2. Submodelsncludedispersallight, germinationand
mortality. The simulatortakesasinput aninitial con guration of
the forest and landscape. It simulatesdynamicsat annualtime
steps.Figure7 shawvs the o wchartof operations.



Update

|

dT
QuadTree No

Initialize
Forest

i Y
QE:AI%E%{Caﬂ(i:;rl]?teJ_{Germinatiorﬂ——,{ Growth }‘{Mortality} {Dispersaﬂ—{ Output es

Figure7: Flow chartof thesequencef operationgperformedoy the simulator

Figure8: Snapshoimageof theforestsimulatedby our model.

Sincedispersakndlight calculationsarecomputationallyinten-
sive, and ecologicalexperimentsneedto be performedon large
landscapeéatleastl sg. km.) andfor long durationsup to several
thousandyears) performingexactcalculationgo simulatedynam-
ics would take months(e.g. a time stepon landscape
took 5 hours). We thereforeexpeditethe simulationby perform-
ing calculationsapproximately— the approximationerror canbe
controlledby the user(the approximationerroris x ed suchthat
it is within the inherentstochasticityof the model). We main-
tainahierarchicalmulti-resolutionyepresentatioof theforestus-
ing a quad-treedatastructureand calculatedispersalapproximat-
ing at spatialresolutionsdependingon the requiredaccurag. A
hardware-basedalgorithmis usedto calculatelight. Thedispersal
andlight algorithmsareexplainedin Section4 and5, respectiely.

The simulatoroutputsthe densitiesof seedbanksandyearlings
for eachgrid cell andthelocationsandcharacteristicsf all thein-
dividuals.We have developeda visualizationpackageausing
OpenGL/GLUTwhich allowstheuserto view forestdynamicsand
to navigate throughthe forestinteractvely. The usercanzoom-
in/zoom-out, controlling both view point and viewing direction.
Figure 8 shawvs a snapshoimage of the visualizationof the for-
estsimulatedby our model. We alsoimplementedcanothervisual-
ization packageo view densitydata(seedbankandyearlings)to-
gethewith summarnystatisticsusingAmira[1], avolume-rendering
package.

4. Computing Disper sal

In this section,we describeour dispersalalgorithm. We rst de-
scribethe quad-treebaseddatastructureandthenwe describethe
approximatioralgorithmto calculatedispersalln ourdescriptions,
we assumefor sale of simplicity, thatall individualsin the forest
belongto the samespecies.The datastructureandalgorithmcan
be extendedto the caseof multiple speciesn anobvious manner
Finally, we presenexperimentatesultsthatshav the performance
of ouralgorithm.

Quad-treedata structure. For simplicity, we assumehat is
enclosedn asquareof side-length anddiscretizednto a

() (ii)

Figure9: Monopoleapproximatiorfor dispersal(i) A mesh , grid
cell (shadedynda region containing5 individuals (shavn as
small circles). (i) The meshafter monopoleapproximation. The @super
individual® (shavn asa large circle) is locatedat the centerof the
region.

mesh , where is aninteger; we assumethat . Let
denotetheareaof , whichis alsothe numberof grid cells of
We denoteby , thesetof all the individuals (saplings,adults)in
theforestandby , thesetof theirlocations.

A quad-tree on isa4-waytreethatrepresents hierarchical
subdvision of Eachnode of is associatedvith a square
, asubset of points,anda set
of individuals. For theroot of , ,
and L f isagrid cellof  or , isa
leaf. Otherwise,we partition into four congruentsquareshy
bisectingits two sides,andassigningthe four squareso the four
childrenof . If thedepthof anode is , thentheside-lengthof
is . Themaximumdepthof is 1

In eachnode , westore , thetotalnumberof individualsand

, the total fecundity of all the individuals

in . (If we have multiple specieswe storethis informationfor

eachspeciesseparately). We usethis informationto develop an

approximationschemeo computedispersal.At eachleaf of
westorethesets and in alist.

Approximation scheme. The dispersalalgorithm computesthe
expectednumberof seeds , from all the individualsof the
forest,thatfall into eachgrid cell attime using(3). Theexact
computatiortakes time sincewe iterateover all grid cells
andindividuals. This is too expensve evenfor a moderatelysized
forest. For example,it takesaboutfour hoursto computedispersal
exactlyona landscapevith 500,000individuals.

We rely on an approximationschemeto expeditethe computa-
tion ataslightlossin accurag. We rst describetheintuition and

In generalanode of aquad-treds a leaf only if , butin our
applicationit suf®cesto stopthesubdvision assoonaswe reachagrid cell.
This ensureghatthedepthof is



Algorithm 1 Monopole Approximation ( )

: centerof square
if then
return
else
if isaleafthen
return
else
for eachchild of do
returnMonopole Approximation

thengive a formal description. It is clearfrom (2) and(3) thatif
anindividual is far away from a grid cell , thenthe expected
numberof seeddalling into is almostthe sameif we vary the
locationof  alittle; seeFigure9. We thereforeclusterthe grid
cellsthatarefar away from andmove all individualsin asin-
gle clusterto a canonicallocation. We regardall theseindividuals
asasingle“superindividual” , whosefecundity is the
sumof the fecundityof all theindividualsin the cluster The quad
treeprovidesa naturalway of computingthis clustering.We refer
to this approximatiorasmonopoleapproximation

Foranode of ,let (resp. ) denotethe center(resp.
side-lengthlof . SeeFigure9. We setathresholdparameter
calledmonopolecoefcient. If (grid cell

is far away from ascomparedo sidelengthof ), we

performthe monopoleapproximationj.e. replaceall the individ-
uals  with the “superindividual” locatedat . Theseeds
falling into duetoindividuals is approximatedy theseeds
falling into dueto

We now describethe algorithmformally. It is a recursve pro-
cedure,startingat the root of the quadtree. We performthe fol-
lowing ateachnode of : we checkwhetherthe monopoleap-
proximationcan be performedat i.e.

If so, we approximatethe expectednumberof seedsfalling
into dueto individuals by calculatingthe expectednum-
ber of seeddalling into dueto the“superindividual” . If

,and isaleaf,we calculateheexpected
numberof seeddalling into dueto individualsin by sum-
ming the contritution from eachindividualin . Else,werecurse
onthechildren of . Algorithm 1 givesthe pseudccodefor the
algorithm.

We performthe Monopole procedureat eachgrid cell Lt
canbe shavn that the time compleity of the above algorithmis
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Figure10: Runningtime of dispersahlgorithmwith monopole0.1for vary-
ing forestareasizes.

Experimental results.Wereporttheresultsof asetof experiments

performedon our forestsimulator Herewe emphasizéhe perfor
manceof theapproximatioralgorithmfor forestsof differentareas
anddifferentmonopolecoefcients . We measureahe perfor
mancein termsof runningtime andRMS valueof relative errorin
dispersedseeds.For a moredetailedstudy on the performanceof
ourdispersablgorithm,se€[10]. Let  denotetheactualseedain
thatfallsin grid cell , ascomputedby the exactalgorithmand
denotetheseedrainin ascomputeddy theapproximation
algorithm.We de ne therelativeerror  to be
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Figure11: RMS relative error of approximatioralgorithmwith monopole
0.1for varyingforestareasizes.

TheRMS valueof isde ned as:

We performedexperimentson aforestinitialized with the output
of a 100 yearsimulationinvolving a singlespecies.In our exper
iment, we varied the side length of the forestfrom 32 metersto
1024 meters. Figure 10 compareshe running time of the exact
algorithmwith the approximationalgorithm (for monopolecoef-

cient 0.1). The exactalgorithmis the monopolealgorithmwith
monopolecoefcient setto 0. For a sq. m forest,the
monopoleachievesspeedumf two ordersof magnitude Figure11
plotsthevalueof , for monopolecoefcient 0.1. Notethat |, the
RMS errorin seedddispersedjs lessthan for the landscapes
simulated.
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Figure 12: Plot of runningtime of monopolealgorithmon a
landscapevith varyingmonopolecoef®cient.

Next we performedexperimentson a forestwith sidelength512
meters,with monopolecoefcient rangingfrom 0.1to 1.0. Fig-
ure 12 and 13 shaws the runningtime andthe valueof  for dif-
ferentmonopolecoefcient. As anticipatedtheruntime decrease



9 025 : : : :
[<F]
b
s 02}
[<F]
@
L 015
2
=]
5 olf
S
@ 005 [
%)
=
m 0 1 1 1 1
0 0.2 0.4 0.6 0.8 1
Monopole coefficient
Figure13: Plotof RMS errorof monopolealgorithmon a land-

scapewith varyingmonopolecoef®cient.

with the increasdn the monopolecoefcient. Similarly, the RMS
errorincreasesvith increasen themonopolecoefcient.

Caca Pita

Figure 14: Spatialmap of coef®cient of variationin the numberof seeds
dispersedor specieCacaandPita.

Thenext experimentcomparesheinherentvariability of thedis-
persalprocesswith therelative errorincurredby theapproximation
algorithm. First, we quantify the inherentvariability (stochastic-
ity) of the dispersaimodelusingstatisticalmethods.We perform

iterationsof dispersalcomputationon the Duke For-
eststand Jocatedin the Blackwood Division of the Duke Forestin
ChapelHill, NC. In the Duke Foreststand,every individual over
2m tall wasidenti ed to speciesmapped,andits diameterwas
measuredt 1.45mhigh, acommonmetricin forestryandecology
referredto as DiameterBreastHeight (DBH). In total therewere
52 speciebseredin thestand butin this paperwe will focuson
two speciesCarpinuscaroliniana (CAca)andPinustaeda(Plta).
The Duke foreststandwasapproximatelycenteredn a
landscapat resolution.We setthemonopolecoefcient
to sothattheerrorin computatioris negligible ( ).

For eachiteration,the simulatoroutputsthe spatialmapof seed
rain, numberof seeddlispersedin the forest. Let denotethe
seedrainatgrid cell in iteration , , .
Fromthe replicatedispersamaps,we calculatethe meanseed
rain  atgrid cell usingtheformula:

We also calculatethe coefcient of variation of seedrain ,

usingthefollowing formula:

Figure 14 shaws the spatial patternof the temporalvariability
(CV) in seedrain for specieCacaandPita. For eachspeciesthe
RMSvalueof , denotedby , capturesheinherentvariabil-
ity of the dispersaprocesdor thatspeciesThefollowing formula
expresses  in termsof seedrain andmeanseedrain

The CV valuefor speciesCacaandPita are65.12and1.45re-
spectvely. ThisindicatesthatspeciesCacahashighinherentvari-
ability ascomparedo speciedita.

Caca Pita

Figure 15: Spatial map of relative error for speciesCaca and Pita.
Monopolecoef®cientis setto 0.5.

Next, westudyhow therelativeerror  varieswith themonopole

coefcient. Figure 15 shaws the spatial distribution of with

for specieCacaandPita. Thecirculararcpatternsn the
gures is anartifactof our algorithm— the portionof theforestin
which we performthe monopoleapproximationat the samelevel
of thequad-treds boundedby acircle.

The RMS relative error for speciesCacaandPita for
are0.25and0.05respectiely. TheRMSrelative erroris atleastan
orderof magnitudesmallerthanthe inherentvariability, implying
thattheerrorincurredby the approximatioris quitetolerable.

5. Computing Light

In this sectionwe describeour algorithmto calculatelight. First,
we brie y describeour algorithmto computeexposedcanoly area
(ECA). Then,we describethe graphicshardware-basedlgorithm
to computeunderstonflight. Finally, we provide experimentalre-
sultsto demonstrat¢he ef ciency of ouralgorithm.

5.1 Computing exposed canopy area

The algorithm computesfor eachsaplingor adult , the areaof
the -projectionof theexposedpointsof thecanopy of . Let



denotethe setof all theadultsandsaplingsin theforest. Since,we
modelthe canoly of asacylinder, its  -projectionis a circle
. Let betheheightof thetop of thecanogy of  from
the ground. The mainideaof the algorithmis to assigneachgrid
cell to thetallestindividual , suchthat contains
completely If thereexistsno individuals suchthatits
canopy projection completelycontains  , we leave grid
cell unassigned Our algorithm performsthis assignmenby
consideringndividuals in decreasingrderof , and
assigningto , all the grid cellsthat are completelycontainedn
andhave notbeenassignedilready It is easyto seethatthe
exposedcanoly area of canbeapproximatedy the sum
of the areasof all the grid cellsassignedo . We canincrease
the accurag of the ECA calculationby using a meshwith ner
resolution.

5.2 Computing under story light

First we describethe exactalgorithmto computeunderstorylight
ateachgrid cell of . Then,wedescribeanefcient graphics
hardware-basealgorithmto computeunderstorylight.

Exactalgorithm. Wecalculateheunderstonflight atgrid cell
asfollows: Let beasaplingor adultin theforest.For eachdirec-
tion , we determinethefractionof light, , thatreaches
(afterattenuatiorby ). Let betheray emanating
from in direction

if ,
if ,
otherwise.

The calculationof this fraction involvesdecidingwhetherthe
ray intersects . We repeatthis calculationfor all the saplings
andadultsin theforest. Now, . We thencalculatethe
understorylight using(4).

The abore algorithmtook 4 hoursto computeunderstorylight
ona landscapédaving 50,000individuals.

A graphics hardware-basedalgorithm. The light modelcalcu-
lation, asdescribedn Section2.3,is similar to the visibility com-
putationin graphicshardware. We are given a view point (grid
cell ) anda collectionof geometricobjects(individuals). The
light modelrequiresa setof directions  thatarevisible from the
view point. We performthis calculationfor all the grid cells. One
of the primary capabilitiesof the graphicshardware is to perform
suchvisibility computationsimultaneouslyor all grid cellsin
Sincethenumberof grid cellsin ourforestis large(about  grid
cells),the graphicshardwareprovidesanef cient methodfor light
computation. The main challengein usingthe graphicshardware
for calculatinglight is therepresentationf the translucencef in-
dividuals.Light interceptinghe canopy of anindividual is atten-
uatedby afactorof . To performlight-objectinteractionsusing
hardwarerequiresa simpleform of volumerendering.

Thealgorithmhasthefollowing structure:

1. For a given direction, calculateattenuationfraction for
all grid cells usingthegraphicshardvare.

2. Repeatbove stepfor all directions
3. Calculate

for all grid cells using(4).

We obsenre theforestfrom in nite distancealongangle  and
usethehardwarecoloraccumulatioroperatiorof color blendingto

(i (i)

Figure16: (i) Algorithm renderdndividual asacylinder. Light raysthat
comealong direction intercepts andforms a shadw . (i)
Optimizedalgorithmrenderghe transformedndividual (shadav)

Light rayscomefrom theverticaldirection.

. Becausdhe
, min, andmax,

computethe product  for all grid cells of
only operationsallowedin color blendingare
we usea simpletrick, namely compute

. The graphicshardware calculates
ing, from which we cancompute

Thestepsneededo compute  are:

usingcolor blend-

1. Setting light source and image plane: Fix thelight source
atin nity alongdirection . Settheimageplaneasaplane
orthogonato  suchthatall theindividualsarein between
thesourceandimageplane.

2. Renderindividuals: Draw eachindividual asgeometricob-
jects(canoyy andtrunk aredravn ascylindersof appropriate
diameterandheight). Thecolor of thecanoyy cylinderis set
to (for blending)andthe color of trunk is set
to , where is anarbitrarily small constant.Since is
small,almostall thelight is blocked by thetrunk.

3. Read color buffer: The color buffer containsthe resultof
thecolorblendingoperatiorfor all pixelsin theimageplane.

4. Projection: Our objective is to calculatelight at the grid
cells,which lie on a horizontalplane. The color buffer con-
tains light on pixels of the image planethat is oblique to
the horizontalplane. We performa projectionoperationto
projecteachpixel onimageplaneto the appropriateixel on
horizontalplane.

From experimentalresults,it is foundthatthe projectionopera-
tion is costly, takingabout25%of thetotal time.

We optimize the algorithm by eliminating the projection. The
needfor projectionariseshecaus¢heimageplaneis obliqueto the
sourcedirection.We can x thesourcealongthe verticaldirection
andtransformthe individuals suchthat one obtainsthe samere-
sult. Thetransformatiordependon the directionof light source.
Foragivendirection  andanindividual ,thegrid cellsthatre-
ceive attenuatedight dueto arethosethatform the shadev of
whenlight comesfrom direction . Thus,for a givendirection,
we computethe shadev of individual and renderthe shapeof
the shadav. For vertical cylinders,the shadw is a rectanglewith
a semi-diskat eachend and can be easily computed. Figure 16
(i) shavs anindividual renderedasa cylinder by the original al-
gorithm. Light raysalongdirection , intercept andform the
shadav . Figure16 (ii) shavs the shadav rendered
directly by the optimizedalgorithm.

Experimental results. We evaluatedthe performancef the hard-
warealgorithmwith a setof experimentavherewe variedthe side
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Figurel8: (a) Thecanopy of theadultsandsaplinggrepresentebly circles)
in Duke forestsite. (b) Thelight intensitymapcalculatedoy our modelfor
theseadultsandsaplings.

lengthof theforestfrom 32 metersto 1024meters.Figure17 com-
paresthe runningtime of the hardwarealgorithmandthe exactal-
gorithmto calculatelight. For a landscapethe hard-
warealgorithmis at leasttwo ordersof magnitudefasterthanthe
exactalgorithm.

Figurel8(a)shavsthetopview of theadultsandsaplingcanopy
in Duke Forestsite. The canopiesaredepictedascircleswith the
actualcanopy radiusof theindividual. Figure18 (b) shavsthelight

intensitymapcalculatedy ourmodelfor theseadultsandsaplings.

The light calculationcapturesquite well, the spatialvariability in
understorylight thatresultsfrom variability in individual sizeand
location.

6. Ecological Experiments

To determineif the approximationalgorithmshave animpacton
modeledforestdynamics,we presentwo runsof the forest
modelona landscapeTheseaunsillustratethecompetitive
dynamicsof two speciesAcerrubrumandLiriodendon tulipifera.
In both the runs, the landscapevasinitialized to identical condi-
tions. Oneof therunsusedthe exactdispersahlgorithm,andthe
other the approximatealgorithmwith . Boththeruns
usedgraphicshardwareto calculatelight. As showvn in Figure19,
whenoperatingwithin a reasonablerrorbound,the impactof ap-

proximationof model dynamicsis negligible when compounded

over thelong term. Furthermorethe runsillustratedin Figure 19
include numeroussourcesof uncertaintyand stochasticityso ary
differencesetweerrunsis hardto attributeto computationakrror
alone.

In additionto accuray, it's essentiathat the forest simulator
provide ecologistswith a modelthatis sufciently fastto usefor
experiments.We performedtwo runsfor the sameexperimentas
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Figure 19: Comparisonof coeistenceexperimentwith 2 speciesfor (a)
exactdispersabnd(b) approximatelispersal( =0.125)
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Figure20: Comparisorof coecistencesxperimenton landscape.
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calculation( =0.125)for 1000years.



aboreona m landscapeln boththeruns,thelandscape
wasinitialized to identicalconditions. One of the runsperformed
exactdispersatalculation while the otherperformedapproximate
dispersakalculationwith . Boththerunsusedgraphics
hardware to calculatelight. The exact algorithmtook aboutone
anda half hoursto calculateonetime stepof exactdispersatalcu-
lation. We ranthe exactalgorithmfor two weeksandit couldonly
complete300yearsof simulation.On the otherhand,the approxi-
mationalgorithmcompletedLO00yearsof simulationin abouttwo
days.

7. Discussion

We have developedef cient algorithmsto simulatean individual
based spatially explicit forestmodel. The speed-umf our simu-
lator over a naive calculationwas madepossibleby the following
algorithms:

Monopole basedapproximationalgorithmto calculatedis-
persal. Experimentshavs a speedumf an orderof magni-
tudefor reasonablerror.

A novel graphicshardware-basedlgorithmfor calculating
understonflight. Our algorithmis two ordersof magnitude
fasterthanthe nave method.

Work presentedh this papelis partof anongoinginter-disciplinary
projectto studyforestecosystemasingsimulation.We have began
usingour simulatorto performexperimentshataddres®cological
issuedik e coexistenceandmigration.

Someof the interestingalgorithmicissuesand future direction
include:

Our currentdispersalalgorithm hascompleity O( ).
Weplanto adapthelineartime Multipole algorithmof Green-
gard[11] to calculatedispersal.

We planto developabetterlight modelthatcapturegshetem-
poralvariability of light intensity Basedon this model,we
planto designef cient hardware-basedlgorithmsto com-
putelight.

Extendourmodeltoincludeterrainfeaturedik eroadsjakes,
buildings, etc.

Extendour modelto includeadditionalervironmentafactors
suchassoil moisture,nitrogenand disturbanceagentssuch
as re andwind.
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