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Abstract

Modelsof forestecosystemsareneededto understandhow
climateandland-usechangecanimpactbiodiversity. In this
paperwedescribeanindividual-based,spatially-explicit for-
est simulatorwith full accountingof both landscapecon-
text andthe�ne-scaleprocessesthatin�uence forestdynam-
ics. Unfortunately, performingrealisticforestsimulationsof
suchmodelshasprovento becomputationallyinfeasible.We
designef�cient algorithmsfor computingseeddispersaland
light, usinga plethoraof techniques.Theseincludehierar-
chical spatialdecomposition,monopoleapproximationand
utilizing thegraphicshardwarefor fastgeometriccomputa-
tions.Thesealgorithmsallow usto simulatelargelandscapes
for longperiodsof time.

1 Intr oduction

Forests cover approximately one-third of the earth's
land surface and account for 80% of terrestrial biomass
(Schlesinger[20]). Modelsof forestecosystemsareneeded
to understandhow climate and land-usechangecan im-
pactbiodiversity(i.e, thenumberandrelative abundanceof
species),storageof carbon,andforestresourcesat scalesof
decadesto centuries(Clark et al. [4]). To be useful to sci-
entistsandmanagers,forestmodelsmustbesuf�ciently de-
tailed to capture�ne scaleprocesses,suchasestablishment
of seedlingsin theforestunderstory, yetsuf�ciently broadto
admitlandscapeandatmosphericprocesses.

Two spatio-temporalcomponentsof forestdynamicshave
long frustrated efforts to simulate responsesto global
change,illustratingthechallengesinvolved:competitionand
dispersal. Competitionfor resourcesat �ne spatialscales
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determinesthe speciescompositionof forests. For exam-
ple, light availability determinesthe growth rate of trees
and their ability to survive. Speciesthat can toleratedeep
shadeproliferate beneathdenseforest canopies,whereas
light-demandingspeciesexploit recentlydisturbedsites,as
canfollow �re, hurricanes,andlandclearance.Intermediate
light levelsoccurin `gaps',wheredeathof oneor afew large
treescancreatesmall openingsin the forestcanopy. More-
over, thelight availableto anindividualdependsonit' ssize–
tall individualsexperienceadifferentlight environmentthan
do seedlings.Spatio-temporalvariability, from small tran-
sient`sun�ecks' to full canopy removal,makescomputation
expensive.

Seedproductionanddispersaldeterminelocal abundance
and populationspreadacrosslandscapes. The combina-
tion of large disturbancesandchangingclimatemeansthat
specieswith abundant,well-dispersedseedcanproliferate,
whereasothersmaybe threatened.Most seedfalls closeto
theparenttree(Ribbensetal. [18], Clarketal. [3]) thuspro-
moting aggregation. A fraction of seedthat disperseslong
distancedeterminesmigration potential(Clark et al. [8],
[6]). Models cannotignore tree size, as large individuals
producemore seedthan do small individuals. Moreover,
speciesdifferencesor `trade-offs' betweenlong-distancedis-
persalcapacityandcompetitive ability determinebiodiver-
sity (Hastings[10], Hurtt andPacala[14]).

In this paperwe describean individual-based,spatially-
explicit forest simulatorwith full accountingof both land-
scapecontext (1 sq. km.) andthe �ne-scaleprocessesthat
in�uence competitionanddispersal.Individual-basedmod-
els representtreesin termsof location, size, crown shape,
species,age,growth rate, mortality risk, and reproductive
ability. Individualshave Cartesianlocationswithin thespa-
tial domain,which itself is heterogeneouswith respectto the
factors(e.g. light) that affect demographicrates. Our ap-
proachinvolvesbotha clari�cation of thecomputationalis-
suesanddevelopmentof new algorithmsthatrely onapprox-
imation. Theapproximationsmake useof a comprehensive
statisticaltreatmentof variability anduncertaintythat is pa-
rameterizedfrom �eld dataasbasisfor ef�cient simulation.



RelatedWork. Modelsof forestdynamics,termed“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
modelsfocussedon light availability at intermediatespatial
scales���������	��
 . Thesemodelswere individual-based,but
not spatially explicit (Botkin et al. [2], Shugartand West
[21]). While allowing analysisof relatively �ne scalepro-
cesses,suchmodelsmiss the sub-gridvariability that de-
terminescompetitive interactionsand the landscapè con-
nections'critical for understandingdispersal. More recent
efforts treat the landscapeas a lattice, with the dynamics
of individual cells asrepresentedby previous models,with
the additionof neighbor-to-neighborinteractions(Urbanet
al. [22]). SORTIE (Pacalaet al. [16]), the �rst spatially-
explicit forestmodel,addedspatiallyexplicit light anddis-
persal. This approachallowed for spatial relationshipsat
relevant scales,with limitations set by computationalcon-
straintsto 9ha(300mx 300m). Dueto therangeof spatio-
temporalscalesinvolved,all effectshavebeenlimited by ca-
pacityto estimateparameters(Pacalaet al. [16]).

Clark et al. [5, 7] introducedstatisticalmethods,basedon
hierarchicalBayesandMarkov chainMonte Carlo, to pro-
vide a full accountingof variability anduncertaintyof de-
mographicratesin the�eld. Theforestsimulatorintroduced
hereexploits the detailedparameterizationsavailable from
thesestatisticaladvancesasthebasisfor ef�cient algorithm
development.

Dispersalandlight submodelsform vital componentsof
forestdynamics.They arespatialin nature,i.e, seeddensity
andlight availability ateverypointonthelandscapedepends
on the locationandgeometriccharacteristicsof all thetrees
in theforest. In fact,they aretheprimarylimitation on sim-
ulating spatialmodels– the light calculationaccountedfor
morethan90%of theruntimein theforestmodelof Pacalaet
al. [16]. Furthermore,this computationaldemandincreases
signi�cantly with increasinglandscapesize.

Our approach. Our forestmodelallows for many sources
of variability and uncertaintythat characterizeforest pro-
cessesanddata. To computeall the processesexactly, we
require �
������
 calculations(where � is theareaand � , the
numberof treesin the forest). To performef�cient simula-
tion, we balanceaccuracy againstthe stochasticityinherent
in dataandprocess.Approximationsallow for morerapid
calculation. For example,uncertaintyin light estimationis
proportionatelyhigh at the lowest light levels. This means
thatprecisecomputationat suchlight levels is unnecessary.
Detaileddescriptionof statisticalcomputationis presentedin
Clark et al. [5, 7]. In general,knowledgeof uncertaintyand
error associatedwith parameterizationguidesdevelopment
of ef�cient algorithms.

Algorithmic Ideas. Weexploit spatialcoherenceto design
ef�cient algorithmsfor dispersalandlight calculations.We
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Figure1: Geometricmodelof anindividual.

use a hierarchicaldatastructureto representthe forest at
variousspatialscales.Using the multi-resolutionnatureof
the quadtree[9, 19], we make spatialapproximations,de-
pendingon therequiredaccuracy. To computedispersal,we
usetheMonopoleapproximation[1] to aggregateseeddis-
persalfrom distanttrees.This yieldsanef�ciency-accuracy
tradeoff schemeto computedispersal.To computelight us-
ing quad-trees,we only considertreesthatare`close' to the
grid-cell. In otherwords,we solve a simpli�ed versionof
the iterative nearestneighborproblem [12, 11]. While this
approximationalgorithmis ef�cient for calculatinglight at
a given grid-cell, it hasto repeatthis calculationfor all the
gridcellsin theforest.To circumventthisproblem,weresort
to a novel solution – using the graphicshardware for ef�-
cient computation.The graphicshardwareis very ef�cient
in performingcertainbasicprimitives,simultaneouslyonall
pixels. Recently, therehasbeensomework on using the
graphicshardwareto solvegeometricproblems[13, 15, 17].

Organization. We �rst describeourmodelandits compo-
nents. Then,we describethe algorithmsthat performdis-
persalandlight calculationsandanalyzetheir ef�ciency and
accuracy. Finally, we presentpreliminarysimulationresults
thatindicatethattheerrorin thecomputationshaveminimal
impacton thedynamicsof themodelasa whole.

2 ForestGrowth Model

Theforestmodelconsistsof a landscape� anda population
of trees. The landscaperemains�x ed, but the population
changeswith time. This brief overview of componentsis
followedby adescriptionof submodels.

Overview of the Model

Landscape. Ourmodelconsiderstheforestlandscape� as
a planarregion with a closedpolygonalboundary. Thearea
of the landscapecan rangefrom a few hectaresto 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 stagesseedandyearling
andgrowth of anindividual from a seedlingto anadult.

Population. Ourmodelusesa hybrid representationof in-
dividual trees,dependingon treesize.We classifythepopu-
lation into six stages:seeddispersedduringthecurrentyear
(seedrain), viableseeddormantin thesoil (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. Wemodelthenext threestages– seedling,sapling,adult
– asindividuals. Eachindividual � hasa physicallocation

�

��� 
���� � andvariousphysicalanddemographicattributes.
Tree geometryincludesa cylindrical trunk that supportsa
cylindrical crown (SeeFigure1).

Dynamics. Forestdynamicsinvolve threemain processes
– reproduction,growth, mortality. New individuals enter
thepopulationvia seedproductionanddispersal.Basedon
a stochasticprocess,seeds(the seedrain) either( � ) germi-
nate to become�rst year seedlings,( � � ) becomedormant
in the seedbank,or ( � � � ) die with a mortality risk that de-
pends,in part,ondensityof seedlingsin thegrid cell. Seeds
that residein theseedbankcanlatergerminateas�rst year
seedlings,remaindormant,or die,againwith amortalityrisk
basedondensity. Growth in eachof thelaterstagesis calcu-
latedbasedon light availability and,for yearlingandestab-
lishedseedlings,localdensity. For individuals,mortality is a
stochasticprocess,with mortality risk decliningwith growth
rate. All surviving �rst-year seedlingsbecomeestablished
seedlings,at which point they areassigneduniform random
coordinateswithin the grid cell they occupy. Surviving in-
dividualsarereclassi�edasseedling/saplings/adultsdepend-
ing on theheightof theindividual.

2.1 Dispersalsubmodel

Thedispersalsubmodeldeterminesthenumberof seedsthat
disperseinto eachgrid-cell of � . This quantitydependson
( � ) thenumberof seedsproducedby eachtree(i.e. fecundity)
and( � � ) thedispersalkernel.
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Figure 3: Dispersalkernel for parametersof speciesAcer
rubrum p=1; U=101.3(steepcurve) and speciesLirioden-
dron tulipifera p=1; U=719.8

Thefecundity, � , of anindividual � is calculatedas:
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is a temporallyautocorrelatedGaussianstochasticprocess.
Furthermore,thesizeatwhichatreebecomesreproductively
mature,� , is determinedbasedon its diameter! according
to a gammadistribution � ��� 
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 , where
W?X and Y

X are speciesspeci�c parameters.All parameters
areestimatedfrom tenyearsof �eld data(Clarketal. 2004).

Thedispersalkerneldescribesthescatterof seedaboutthe
parentplant asa function of distanceZ . We usea bivariate
Student'st-distributionfor thedispersalkernel,whichfor �t-
tedparameters[ and \ ,
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where [ and \ are speciesspeci�c parameters.Figure 3
showsthegraphof thedispersalkernelfor theparametersof
two species:AcerrubrumandLiriodendrontulipifera (Clark
et al. [7]).

To calculate the expectedseed density at location l ,
m

npo�q

��l 
 we sum over the seedscontributed to this location
from all treesin theforest,which dependson theamountof
seedthey produceandondispersalto l ,
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Figure4: Canopy photoof trees(asseenfrom theground)at
Duke forest. Theelevationandazimuthlinescorrespondto
regionsof solargrid with high light intensity.

Theactualnumberof seedsnpo

q thataredispersedinto grid
cell � ! # is drawn from aPoissondistribution
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where$ denotestheresolutionof themesh.
The fecundity calculation developed here is basedon

the idea of partitioning the variability in reproductive out-
put appropriatelyin a hierarchyof species-level effectsand
individual-leveleffectsthatareconstant,temporallyvarying,
andsize-dependent.Thefunctionalform of thedispersalker-
nel waschosenfrom a numberof potentialfunctionsusing
formalstatisticaltechniquesfor modelcomparison(Clarket
al [3]). Model parameterizationis basedon extensive �eld
data(Clarket al. [7]).

2.2 Light Submodel

The light sub-modelhastwo elements,one for calculating
understorylight availability andtheotherfor calculatingthe
exposedcanopy area(ECA) of adult trees. The former de-
terminesgrowth of earlylife historystages(�rst yearandes-
tablishedseedlings,andsaplings)while thelatterdetermines
growth of adults. TheECA modelcalculates,for eachtree,
the two dimensionalprojectedareaof the treecrown that is
directly exposedto thesky. The understorylight submodel
calculatesfor eachgrid-cell on the groundthe intensityof
sunlightintegratedfor sunangleover thedayandyear.

This summaryof thelight submodeldescribesannualso-
lar geometryandthepenetrationof sunlightthroughthefor-
estcanopy.

Solar submodel. The spatialscaleof our forest is suf�-
ciently small that we can assumethat the magnitudeand

o����

*

Figure5: Light ray alongdirection o ��� interceptinga tree * .
Dottedlinesrepresenttheazimuthandelevation.

directionof light above the canopy at any point in time is
spatiallyconstant.We begin by discretizingthe sky into 	

elevation and 
 azimuthanglesthat de�ne the solar hemi-
sphericalmatrix having elementso ��� . The solarsubmodel
computestotal annualsunlight intensity, �

��� alongeachdi-
rection o

��� . This calculationtracksthesolarpathover days
andthroughouttheyear, integratingdirectandindirect light
intensity. Figure4 shows a hemisphericalphototakenat the
DukeForestmappedstand,wherethelinesdepicttheregion
the sun tracesfrom sunriseto sunsetat different times of
year. In this photothetop andbottomlines indicatetheex-
tremesof thesolartrack,andtheverticallinesdepictregular
time increments.For a givenlandscape,thesolarmodelis a
one-timecalculationdoneexternalto the restof themodel;
theintensitymatrix � from this is takenasa modelinput.

Modeling the �lter ed light. The interceptionof light by
the forestcanopy is calculatedusinga discreteapproxima-
tion to Beer's law. Considera ray alongdirection o
��� that
meetsthegroundin grid-cell � ! # (SeeFigure5). Let theray
intercepta tree * alongits path.Wemodeltheattenuationas
follows: thecanopy of * attenuateslight passingthroughit
by a fraction given by ��� , andthe trunk of * attenuatesall
the light. The fractionof light transmissionalongdirection

o
��� is givenby:

[

���

!�#

�

�

�

u��

���i{��
�


 (1)

where � is thesetof all thetreesthat interceptthe light ray.
The intensityof light from direction o
��� is thereforesimply

�

���


�[

���

!�#

. However, the light energy striking the groundis
diminishedunlessthe surfaceis perpendicular. We correct
incomingenergy for angleof incidence. If the cell � !�# is
�at, thiscorrectionis A"=������

�


 where�

� is thezenithangle.
Combininglight from all directions o

��� , the intensityof
light at grid-cell �"!

&

# is givenby
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For simplicity, we normalize
�

!�# by themaximum
�

that
wouldoccuronanopenunobstructedplane.
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3 Our Model Simulator
We developeda forestsimulatorbasedon relationshipsout-
lined in Section2. Submodelsincludedispersal,light, ger-
mination,mortality, disturbance,andclimate.Thesimulator
takesasinput aninitial con�gurationof theforestandland-
scape.It simulatesdynamicsat annualtime steps.Figure6
showsthe�o wchartof operations.

Dispersalandlight calculationsarecomputationallyinten-
sive. Moreover ecologicalexperimentsrequirelarge land-
scapes(at least 1 sq. km.) and up to several thousand
years. Using exact calculations,thesesimulationswould
take months.Our algorithmsincludeda quad-treelike data
structurethatishierarchical.Usingthemulti-resolutionquad
tree, we calculatedispersalusing approximationsat spa-
tial resolutionsthat dependon the requiredaccuracy. A
hardware-basedalgorithmis usedto calculatelight. Thedis-
persalandlight algorithmsareexplainedin Section4 and5,
respectively. Wedescribethequadtreedatastructurebelow:

Quad tr eedata structur e. We developeda 2D quadtree
( on the coordinatesof all the individuals(adults,saplings)
in theforest.Let � denotethesetof pointsrepresentingthe
locationsof the trees.All spatialprocesses(esp. dispersal)
operatebetweenandnot within cells. Thus,we stopthere-
cursionon thequad-treewhenthegranularityof the region
reachesthe sizeof a grid-cell. This propertyof our model
allows us to obtaina boundon thedepthof ( . In a general
setting,thedepthof thequad-treedependsonthedistanceof
theclosestpair of pointsin � , becauserecursioncontinues
until we separatetheclosestpair.

For any node � in ( , let
���

denotetheregion represented
by � and �

�

representthesetof all thetreescontainedin
�

�

.
In eachinterior nodeof thequad-tree( , we storesummary
statisticsfor treescontainedin the node. The summaries
consistof number, total fecundity, basalarea,etc. of trees

�

�

�

�

. Thesesummariesareusedto developapproximation
schemesfor dispersalcalculations.

Visualization. Thesimulatoroutputsthedensitiesof seed
banksandyearlingsfor eachgrid cell andthe locationsand
characteristicsof all thetrees.Visualizingthisoutputis used
to evaluatedynamics.We developedavisualizationpackage
for thesimulatorusingQT andOPENGL/GLUT, which al-
lows theuserto view dynamicsandto navigatethroughthe
forest interactively. The usercan zoom-in/zoom-out,con-
trolling both view point and viewing direction. Figure 7
showsasnapshotimageof thevisualizationof theforestsim-
ulatedby ourmodel.Weimplementedasecondvisualization
packageto view densitydata(for seedbankandyearlings)
togetherwith summarystatistics,using the AVS/AMIRA
volume-renderingpackage.

Experimental framework. All our experimentsare per-
formedon a 2.2 GHz Intel PC with 4 GB memory, nVidia
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Figure 7: Snapshotimage of the forest simulatedby our
model.

�

�

�

�

Figure8: Monopoleapproximationfor dispersal.Trees,rep-
resentedby crosses,disperseseedto destinationl .

Quadro4XGL 900graphiccardrunningLinux OS.

4 Computing Dispersal
Exactcalculationof dispersalrequires�
� ����
 time,because
eachgrid-cell receivesseedsfrom � trees. However, when
treesarefarawayfromthedestinationgridcell, theirindivid-
ual distancesfrom l areroughlythesame(Figure8). There-
fore, we canreplacethe treesby a singlelarge tree(repre-
sentedby shadedcircle) of appropriatefecundity to obtain
anapproximatesolution.

Approximation scheme. We formally describethe algo-
rithm asfollows: Let Z betheside-lengthof square� and o

bethedistanceof � from � , asshown in Figure8. We can
performthemonopoleapproximationif Z
	

o���
 , where
 is
themonopolecoef�cient. Theapproximationalgorithmis a
top-down traversalof thequad-treestartingat theroot. The
procedureatany node� is shown in Figure1.

The quad-treeprovidesa multi-resolutionmechanismto
monopoleapproximateregions of varying dimensionsde-
pendingon distancefrom � . Moreover, sincethe total fe-
cundityof treesin �

�

is storedat � , themonopoleapproxi-
mationcanbecomputedin constanttime.

We now analyzetherunningtimeof ouralgorithm.Let �

bea circleof radius ��	


 , centeredat thegrid-cell � .
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Figure6: Flow chartof thesequenceof operationsperformedby thesimulator

Algorithm 1 Monopole Approximation (node � , cell
� )

ZH� side-lengthof square
� �

o

� distancebetween
� �

and �

if ��Z
	

o���



 then
replacetreesin �

�

by a tree
�

of appropriatefecundity
calculatedispersalin � dueto tree

�

else
for eachchild � of � do

Monopole Approximation ��� ��� 
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Figure9: Concentriccircles �
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Lemma 4.1 The running time of Monopole procedure is
�
��24=�
 � 	




��b �

%


 where �

% is thenumberof treesthat lie
insidecircle � .

Proof: Thedispersaldueto all plantsin � is calculatedby
goingover eachtreeindividually. This is becauseo �

� 	




andthus Z 	

o
� 
 . Thecomplexity of thedispersalcalcula-
tion is �
���

%


 . Let �
!

���

�

�

�

24=�
 � be an annularring,
centeredat the centerof � and having inner radius �

!

	




andouter radius �

!

�

N

	


 . Figure 9 shows concentricrings
� � �

M

� �

N

� �

�

Themonopoleconditionis satis�ed for all
quad-treeregions

� �

with sidelength �

! , thatarecontained
in � ! . Usingapackingargument,thenumberof suchregions

�
�

is at most � 	




� .
For any gridcell � , theforestwith � gridcellsis covered

by atmost24=�
 � annularrings � ! . Thenumberof monopole
approximationsperformedin any such � ! is � 	




� . Thusthe
totalcomplexity of theMonopoleprocedureis �
��26=�
 ��	




� 
 .
Thusthetotal costis �
��24=�
 � 	




�rb �

%


 �

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

�
� � 24=�
 ��b��

%

�

%


 . Note that �

%

�

% denotesthe total
numberof dispersalcalculationsdonewithoutmonopoleap-
proximation.Dispersalis calculatedfor eachtreein thefor-
estlocatedin grid cell � for all grid cells that aredistance

��	


 . Thuseachtreecontributesto ��	




� dispersalcalcula-
tions. The total numberof individual dispersalcalculations
is thus � 	




� . The total time to calculatedispersalis thus
�
��� � 26=�
 � b"� 
 	




��
 .

Experimental results. We reporttheresultsof asetof ex-
perimentsperformedon our forestsimulator. Herewe em-
phasizetheperformanceof theapproximationalgorithmfor
forestsof differentareas� with theerrorthreshold,
 .

0

1000

2000

3000

4000

5000

6000

7000

8000

0 200000 400000 600000 800000 1e+06 1.2e+06

R
un

ni
ng

 ti
m

e 
(in

 s
ec

.)

Area of the forest (in sq meters)

Varying Size

Monopole
Exact

0

1000

2000

3000

4000

5000

6000

7000

8000

0 200000 400000 600000 800000 1e+06 1.2e+06

R
un

ni
ng

 ti
m

e 
(in

 s
ec

.)

Area of the forest (in sq meters)

Varying Size

Monopole
Exact

Figure 10: Running time of dispersal algorithm with
monopole0.1for varyingforestareasizes

We performedexperimentsona forestinitializedwith the
outputof a 100 yearsimulationinvolving a singlespecies.
In our experiment,we varied the side length of the forest
from 32metersto 1024meters.Figure10comparestherun-
ning time of the exact algorithm with the monopolealgo-
rithm (for monopolethreshold0.1). The exact algorithmis
themonopolealgorithmwith monopolefactorsetto 0. For
a � ������� ������� sq.m forest,themonopoleacheievsspeedup
of two ordersof magnitude.Figure11 plots theaverageer-
ror of seedsdispersedfor monopolefactor0.1.Notethatthe
error in seedsdispersedis lessthan ��� for the landscapes
simulated.

Next we performedexperimentson a forest with side
length1024meters,with monopolethresholdsrangingfrom
0.1 to 1.0 (seeFigure12). As anticipated,the run time de-
creasewith the increasein the monopolethreshold. Fig-
ure13 shows theRMS errorof seedsdispersedfor different
monopolethresholds. Similarly, the RMS eroor increases
with increasein themonopolefactor.
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Figure 11: Relative error of dispersal algorithm with
monopole0.1for varyingforestareasizes
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Figure12: Plot of runningtime of monopolealgorithmon a
������� � ������� landscapewith varyingmonopolethresholds
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Figure13: Plot of RMS error of monopolealgorithmon a
������� � ������� landscapewith varyingmonopolethresholds

Figure 14: Plot of averagerelative error of the Poisson
stochasticprocessasa function of seedrain density. Typi-
cal seedrain is on theorderof 0-100seeds/� � .

How much error can we tolerate in 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
swampsthemonopoleapproximationerror(Figure14. Fur-
thermore,variability in fecundityprocessincludes100-1000
fold year-to-year�uctuations,10-fold variationamongindi-
vidualsof comparablesize,and100 fold increasewith tree
size,oncetreesreachreproductivesize.

5 Computing Understory Light
In this sectionwe describelight calculationsbasedon soft-
wareandon graphicshardware. The softwareapproachin-
volvesanexactalgorithmandanapproximationschemeus-
ing a quad-treeThe bulk of this sectionis devoted to the
hardwarebasedalgorithm. We provide experimentalresults
to demonstrateef�ciency.

Exact Algorithm. We calculatelight at grid cell �
! # as

follows: Let * be a tree in the forest. We calculatethe di-
rections o���� alongwhich solar raysarriving at �

! # are in-
terceptedby * . For eachof thedirectionso
��� , we determine
thefractionof light,

]

���

! #

, thatreaches�
! # (afterattenuation).

This procedureis repeatedfor all trees* in theforest.After
consideringall trees,this fraction

]

���

! #

is exactly [

���

!�#

. Using
Eq.(2), wecalculatethetotal light intensityatgrid cell � ! # .

Theabovealgorithmfor a forestof area
�

� � �

�

� � having
50,000treestakes7 hourson a 2GHz PC with 4GB mem-
ory. Thebottleneckof thealgorithmis thecostlygeometric
computationsfor all thedirectionsthatintercept* . Wemake
the following observation: treesthat areneargrid cell � ! #

contribute heavily to light intensity ��! # (as they portendsa
largealtitudeangle),while thecontributionof distanttreesis
negligible.

Approximation Algorithm using Quad-tree. The ap-
proximationschemeconsiderstreesin increasingdistance
from �

!�# andexecutestheexactalgorithmusingthis order-
ing of trees.Thelight intensityat �"! # is approachedasymp-
totically asthealgorithmprogresses.Thealgorithmis termi-
natedat thedesiredaccuracy.

Empirical dataareusedto determineacceptableerror in
theapproximationalgorithm.Theapproximationtakesabout
1 hourascomparedto 7 hoursfor theexactalgorithm.

Thisalgorithmis still costly, requiringthreeweeksto per-
form a 500yearsimulation.Theapproximationalgorithmis
ef�cient for onegrid-cell. But it hasto repeatthis calcula-
tion for

�

� � �

�

� � grid cells. Giventhis inherentlimitation
of software basedtechniques,we turnedto a novel useof
thegraphicshardwarefor calculatinglight. As we will see,
theimprovementin runningtime will bedramatic,requiring
threeminutesfor thesamecalculation.
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5.1 Hardwarebasedalgorithm

The light modelcalculation,asdescribedin Section2.2, is
similar to the visibility computationin graphicshardware.
We aregiven a view point (grid cell � ! # ) anda collection
of geometricobjects(trees).The light model requiresa set
of directions o���� that arevisible from the view point. We
perform this calculationfor all the grid cells. One of the
primarycapabilitiesof thegraphicshardware, is to perform
suchvisibility computationssimultaneouslyfor all gridcells.
Becausethenumberof grid cellsin our forestis large(about
1 million grid cells), the graphicshardwareshouldbe ef�-
cient.

Themainchallengein usingthehardwarefor calculating
light is representationof thetranslucence.Light intercepting
by a treeis attenuated.To performlight-objectinteractions
usinghardwarerequiresasimpleform of volumerendering.

Thealgorithmhasthefollowing structure:

1. For a givendirection,calculateattenuationfraction [

���

!�#

for all gridcells �"! # usingthegraphicshardware.

2. Repeatabovestepfor all directionso
��� .

3. Calculate �
! # for all gridcells �

!�# in software using
Equation2.

The main idea of the hardware algorithm is as follows:
observe the forest from in�nite distancealong angle o

���

andusethehardwarecolor accumulationoperationof color
blendingto computetheproduct[

���

! #

for all � � . Becausethe
only operationsallowed in color blending are b �"{ , min,
andmax,we usea simpletrick, namelycompute26=�
 [

���

!�#

�

�

24=�
 ���v{ ��� 
 . After thehardwarecalculationwe take the
exponentto obtain[

���

! #

.

The algorithm to compute[

���

! #

consistsof the following
steps.

1. Setting light source and image plane: Fix the light
sourceat in�nity along direction o

��� . Set the image
planeasaplaneorthogonalto o

��� suchthatall thetrees
arein betweenthesourceandimageplane.

2. Render tr ees: Draw eachtree as geometricobjects
(two cylindersof appropriatediameterandheight).The
colorof thetreeis setto 26=�
 ��� { �

�

 (for blending)

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

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

Figure15: (a) Snapshotof treesrenderedusingprojections
(b) Snapshotof shadows of treesrenderedusing the im-
provedalgorithm. Thebold arrow indicatestheazimuthdi-
rectionof light source.

Figure15 (a) shows thesnapshotof treesrenderedusing
this algorithm.Thedirectionof light sourceis shown by the
bold arrow. 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
projectionarisesbecausethe imageplaneis obliqueto the
sourcedirection. We can �x the sourcealong the vertical
directionandmanipulatethetreerenderingsuchthatoneob-
tainsthe sameresult. The manipulationdependson the di-
rectionof light source.For a givendirection o

��� anda tree
( , thegrid cells(pixels)thatreceiveattenuatedlight dueto *

arethosethat form theshadow of * whenlight comesfrom
o

��� . Thus,for a givendirection,we computetheshadow of
the tree * andrenderthe shapeof the shadow. For vertical
cylinders,theshadow is a rectanglewith asemi-diskat each
endandcanbe easily computed. Figure15 (b) shows the
snapshotof shadowsof treesrenderedusingthis algorithm.

Experiments

We evaluatedthe performanceof the hardware algorithm
with a set of experimentswherewe varied the side length
of theforestfrom 32metersto 1024meters.Figure16com-
paresthe running time of the hardware algorithm and the
exactalgorithmto calculatelight.

Figure17showsahardware-calculatedlight intensitymap
for the Duke Forestmappedstandwith treecrownsarede-
pictedascircles. The light calculationcapturesthe spatial
variability in understorylight thatresultsfrom variability in
treesizeandlocation.quitewell.

6 EcologicalExperiments
To determineif the approximationalgorithmshave an im-
pacton modeledforestdynamics,we presenttwo 1000year
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Figure16: Comparisonof runningtime of exact algorithm
andhardwarealgorithmfor varyingforestareas.
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Figure 17: (a) Shows the light intensity calculatedby our
modelfor thetreesin Duke forest. (b) shows thecanopy of
thetrees(representedby circles).
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Figure 18: Comparisonof coexistenceexperimentwith 2
speciesfor (a) exact dispersal(monopole= 0) and (b) ap-
proximatedispersal(monopole= 0.125)

runsof the forestmodelon a 64x64mlandscapewith iden-
tical initial conditionsbut differing in their accuracy: one
an exact dispersalcalculationwith 


� �<7 � , the otherwith



� � 7 � �

�

. As shown in Figure6, whenoperatingwithin
a reasonableerror bound, the impact of approximationof
model dynamicsis negligible when compoundedover the
long term. Furthermore,the runsillustratedin Figure6 in-
cludenumeroussourcesof uncertaintyandstochasticityso
any differencesbetweenrunsis hardto attributeto computa-
tionalerroralone.

In additionto accuracy, it' sessentialthattheforestsimula-
tor provideecologistswith amodelthatis suf�ciently fastto
usefor experiments.Figure6 depictstheoutputfrom a1000
yearsimulationon a

�

� � �

�

� � m forest. This run usedthe
hardware light algorithmand the monopoleapproximation
dispersalalgorithm.Illustratingthecompetitivedynamicsof
two treespecies,Acer rubrum andLiriodendron tulipifera,
thesimulationtookapproximately2daysto complete.While
theequivalentrun usingnaive algorithmwasnot performed
for afull 1000years,weestimatethatit wouldrequirealmost
10months.
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Figure19: Coexistenceexperimentrun on
�

� � �

�

� � forest
for 1000years.

Conclusionand Futur e work

We have developedef�cient algorithmsto simulatean indi-
vidual based,spatiallyexplicit forestmodel. The speed-up
of our simulatorovera naive calculationwasmadepossible
by thefollowing algorithms:

� Monopolebasedapproximationalgorithmto calculate
dispersal.Experimentsshows a speedupof anorderof
magnitudefor reasonableerror.

� A novel hardwarebasedalgorithmfor calculatingun-
derstorylight. Our algorithmis two ordersof magni-
tudefasterthanthenaivemethod.

Work presentedin this paperis part of an ongoinginter-
disciplinaryprojectto studyforestecosystemsusingsimula-
tion. Someof the interestingalgorithmic issuesandfuture
directioninclude:

9



� Our current dispersal algorithm has complexity
O(� 26=�
�� ). We planto adaptthe linear time Multipole
algorithmof Greengardto calculatedispersal.

� Thedispersalandlight algorithmsutilize spatialcoher-
enceto obtaingoodapproximation.Weplanto develop
algorithmsthatutilize temporalcoherenceaswell.

� Ouralgorithmsareef�cient for internalmemory. When
simulatingvery largescaleforests,memoryI/O opera-
tions leadto poorperformance.We planto extendour
datastructuresandalgorithmsto externalmemory.

� Extendour model to includeadditionalenvironmental
factorssuchas soil moisture,topography, and distur-
banceagentssuchas�re andwind.
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