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Abstract
Modelsof forestecosystemsareneededto understandhow climate
andland-usechangecanimpactbiodiversity. In this paperwe de-
scribean individual-based,spatially-explicit forestsimulatorwith
full accountingof both landscapecontext and the �ne-scale pro-
cessesthat in�uence forestdynamics. Unfortunately, performing
realisticforestsimulationsof suchmodelsiscomputationallyinfea-
sible. We designef�cient algorithmsfor computingseeddispersal
andlight, usinga plethoraof techniques.Theseincludehierarchi-
cal spatialdecomposition,monopoleapproximationandutilizing
the graphicshardwarefor fastgeometriccomputations.Theseal-
gorithmsallow usto simulatelarge landscapesfor long periodsof
time.

Categoriesand SubjectDescriptors: F.2.2[NonnumericalAlgo-
rithmsandProblems]:Geometricalproblemsandcomputations

GeneralTerms: Algorithms,Experimentation

Keywords: Forestmodels,Simulator, Ecologicalforecasting,Graph-
ics hardware,Quad-tree,Monopoleapproximation.

1. Intr oduction
Forestscover approximatelyone-thirdof the Earth's land surface
andaccountfor 80%of terrestrialbiomass[20]. Modelsof forest
ecosystemsare neededto understandhow climate and land-use-
changecanimpactbiodiversity(i.e., thenumberandrelative abun-
danceof species),storageof carbonandforestresourcesatscalesof
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decadesto centuries.To beusefulto scientistsandmanagers,forest
modelsmustbesuf�ciently detailedto capture�ne scaleprocesses,
suchasestablishmentof seedlingsin theforestunderstory, yetsuf-
�ciently broadto admitlandscapeandatmosphericprocesses.

Competitionand dispersal, the two important spatio-temporal
componentsof forestdynamics,havelongfrustratedefforts to sim-
ulateresponsesto globalchange.Competitionfor resourcesat �ne
spatialscalesdeterminesthe speciescompositionof forests. For
example,light availability determinesthegrowth rateof treesand
their ability to survive. Speciesthat cantoleratedeepshadepro-
liferate beneathdenseforest canopies,whereaslight demanding
speciesexploit recentlydisturbedsites,which can be causedby
�re, hurricanes,or land clearance.Intermediatelight levels occur
in “gaps”,wheredeathof oneor a few largetreescancreatesmall
openingsin the forestcanopy. Moreover, the light availableto an
individualdependsonit' ssize– tall individualsexperienceadiffer-
ent light environmentthando seedlings.Spatio-temporalvariabil-
ity, from smalltransient“sun�ecks” to full canopy removal, makes
computationexpensive.

Seedproductionand dispersaldeterminelocal abundanceand
populationspreadacrosslandscapes.The combinationof large
disturbancesandchangingclimatemeansthat specieswith abun-
dant,well-dispersedseedcanbene�t whenothersmay be threat-
ened. Most seedfalls closeto the parenttree [5, 18], thus pro-
motingaggregation.A fractionof seedthatdisperseslongdistance
determinesmigrationpotential[6, 8]. Modelscannotignore tree
size,aslargeindividualsproducemoreseedthando small individ-
uals. Moreover, speciesdifferencesor “trade-offs” betweenlong-
distancedispersalcapacityandcompetitive ability determinebio-
diversity[12, 14].

In this paperwe describean individual-based,spatially-explicit
forestsimulatorwith full accountingof bothlandscapecontext
(1 sq.km.) and�ne-scaleprocessesthatin�uence competitionand
dispersal.Individual-basedmodelsrepresenttreesin termsof loca-
tion, size,crown shape,species,age,growth rate,mortality risk,
and reproductive ability. The landscape,in which the individu-
als are located,is heterogeneouswith respectto the factors(e.g.
light) thataffect demographicrates.Our approachinvolvesbotha
clari�cation of the computationalissuesanddevelopmentof new
algorithmsthat rely on approximation.Theapproximationsmake
useof a comprehensive statisticaltreatmentof variability andun-
certaintythat is parameterizedfrom �eld dataasbasisfor ef�cient
simulation.

Related work. Modelsof forestdynamics,termed“standsimu-
lators” or “gap models”, have in�uenced ecologicalresearchfor
over 30years[3, 16,21,22]. Earlymodelsfocussedon light avail-
ability at intermediatespatialscales
���
�
������ . Thesemodelswere
individual-based,but not spatially explicit [3, 21]. While allow-



ing analysisof relatively �ne scaleprocesses,suchmodelsmissthe
sub-gridvariability thatdeterminescompetitiveinteractionsandthe
landscapèconnections'critical for understandingdispersal.More
recentefforts treatthe landscapeasa uniform grid, modelingthe
dynamicswithin grid cells in a similar way as previous models,
with theadditionof neighbor-to-neighborinteractions[22]. SOR-
TIE [16], the �rst spatially-explicit forestmodel, addedspatially
explicit light anddispersal.This approachallowed for spatialre-
lationshipsat relevantscales,with limitationssetby computational
constraintsto 9ha (300mx 300m). Due to the rangeof spatio-
temporalscalesinvolved,all effectshave beenlimited by capacity
to estimateparameters[16].

Our approach. Dispersalandlight submodelsform vital compo-
nentsof forestdynamics.They arespatialin nature,i.e, seedden-
sity andlight availability at every point on the landscapedepends
on the locationandgeometriccharacteristicsof all thetreesin the
forest. In fact, they arethe primary limitation on simulatingspa-
tial models– thelight calculationaccountedfor morethan90%of
theruntimein the forestmodelof Pacalaet al. [16]. Furthermore,
this computationaldemandincreasessigni�cantly with increasing
landscapesize.

Our forestmodelallows for many sourcesof variability andun-
certaintythat characterizeprocessesanddata. To computeall the
processesexactly, werequire� 
���� � calculationsateachtimestep
where � is the numberof treesin the forest and � , the number
of grid cells into which the landscapeis partitioned. To perform
ef�cient simulation,we balanceaccuracy againstthestochasticity
inherentin dataandprocess.For example,uncertaintyin light esti-
mationis proportionatelyhighatthelowestlight levels.Thismeans
thatprecisecomputationatsuchlight levelsis unnecessary. In gen-
eral, knowledgeof uncertaintyanderror associatedwith parame-
terizationguidesthedevelopmentof ef�cient algorithms.

Our contributions. We exploit spatialcoherenceto designef�-
cient algorithmsfor dispersalcalculations. We usequadtree [9,
19] to representtheforestatvariousspatialscales.Usingthemulti-
resolutionnatureof thequadtree,wemakespatialapproximations,
dependingon therequiredaccuracy. To computedispersal,we use
the monopoleapproximation[2] to aggregateseeddispersalfrom
distanttrees.This yieldsanef�ciency-accuracy tradeoff schemeto
computedispersal.Experimentalresultsshow a speedupof about
anorderof magnitudefor reasonableerror. Thegraphicshardware
is very ef�cient in performingcertainbasicprimitives,simultane-
ously on all pixels. Recently, therehasbeensomework on using
thegraphicshardwaretosolvegeometricproblems[13,15,17]. We
exploit this parallelismof graphicshardwareto obtaina hardware-
basedalgorithmto calculatelight. Our algorithm is at leasttwo
ordersof magnitudefasterthanthenaive algorithm.

All ourexperimentsareperformedona2.2GHzIntel PCwith 4
GB memory, nVidia Quadro4XGL 900graphiccardrunningLinux
OS.

Organization. We �rst describeour modelandits componentsin
Section2. Section3 describesbrie�y the variouscomponentsof
our modelsimulator. Then,in Section4 and5, we describetheal-
gorithmsthatperformdispersalandlight calculationsandanalyze
their ef�ciency andaccuracy. Finally, in Section6, we presentpre-
liminary simulationresultsthat indicatethat theerror in thecom-
putationshave minimal impacton thedynamicsof themodelasa
whole.

2. Forest Growth Model
The forest model consistsof a landscape� and a populationof
trees.Thelandscaperemains�x ed,but thepopulationchangeswith
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Figure1: Landscape



andtheunderlyingmesh
�
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time. We �rst presentanoverview of the forestmodel. Then,we
describein detailthedispersalandlight submodels.

2.1 Overview of the Model

Landscape.Our modelconsidersthe landscape� of the forestas
a planarpolygonalregion. The areaof the landscapevariesfrom
a few hectaresto few hundredsof hectares.We discretize� by
enclosingit with asquareandoverlayingauniformgrid (mesh)M.
Eachgrid cell �

� 	

of � is a squarewith sidelength � ; we refer
to � as the resolutionof � . We use �

� 	

to denotethe centerof
�

� 	

, andwe associateanelevation(height) �

� 	����

with �

� 	

. By
interpolatingthe heightsat otherpointsof � , we canview � asa
terrain.Wecanalsoassociatevariousgeologicalandurbanfeatures
suchasrivers,lakes,roads,etc.with � . Figure1 showsanexample
of a landscapealongwiththeunderlyingmesh.

Population. Our modelusesa hybrid representationof individual
trees,dependingontheirsize.Theearlystagesof treesaremodeled
asdensities,andaftersomegrowth, they aremodeledasindividuals
with uniquephysicalattributes. More precisely, we classify the
populationinto � ve stages:seed,yearling, seedling, sapling, and
adult (seeFigure 2). We further re�ne the stageseedinto seed
rain andseedbank— the former representingthe seedsthat are
dispersedby treesandthe latter representingthe onesthat areon
the ground. The seedsthat have germinatedarecalledyearlings.
We modelseedrain, seedbank,andyearlingasdensities,asthey
do not have any geometricattributesandall of themof the same
speciesareidentical.Weassumethatthedensityis uniform within
eachgrid cell.

We modelthenext threestages— seedling,sapling,adult— as
familiesof individuals. Eachindividual � hasa physicallocation

�


����

���

� andvariousphysicalattributes. Currently, we model
eachindividual asa cylindrical trunk anda cylindrical canopy sit-
ting on the trunk; seeFigure 4. Let ��� 
������ ��� 
���� denotethe
diameterandheightof the trunk at time ! . The diameterandthe
heightof the canopy of � dependon ��� 
�� � of � , andthe rela-
tionshipcanbe found in [7]. We de�ne two “threshold” parame-
ters: "$# and "$% . An individual � is a seedlingif �

�

����'&("$# ,

a saplingif "
#

&)��� 
����*&+"
% , andan adult if ��� 
����-,+"

% .
Figure3 shows thelandscapewith individualsat Duke Forestsite.

Dynamics. The dynamicsof our forest model consistsof three
parts— establishmentof individuals,growth, andmortality. Indi-
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Figure2: Evolution of densitiesof stagesseedandyearlingandgrowth of
anindividual from aseedlingto anadult.
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Figure 3: Landscapeand individuals in Duke Forestsite. Locationsand
trunk attributes(diameterandheight)correspondto actualtreesmeasured
in meters.

vidualsareestablishedby dispersalof seeds.Theadult treespro-
duceseedsdependingon ��� 
���� (alsoknown asdiameterat breast
height) andtheseseedsaredispersedbasedon a dispersalkernel.
Thedispersalkernelaccountsfor bothshortandlong distancedis-
persal.Growth of eachof thestagesis calculatedbasedonresource
availability andlocal density. Individualsarepromotedfrom one
stageto next basedon thegrowth thresholds.An individual diesat
the currenttime basedon its mortality probability. The mortality
probability is calculatedbasedon theindividual's growth suppres-
sionandnaturaldisturbances.

Resources. Theforestcontainsseveral resourceslike light, mois-
ture,nitrogen,etcwhich arevital for thegrowth of an individual.
We modeleachresourceasa separatesubmodel.Light is consid-
eredasoneof themainresourcesin ourmodel.Wehavedeveloped
a sophisticatedlight model,basedon Casetti's [4] light model,to
calculatetheavailability of understorylight at eachgrid cell.
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Figure4: Geometricmodelof anindividual.

2.2 Disper sal Submodel
Thedispersalmodeldeterminesthenumberof seedsthatdisperse
into eachgrid cell of � . This quantitydependson:

� thenumberof seedsproducedby eachindividual,denotedas
fecundity.

� spatialdistributionof seeds,whichisde�nedby thedispersal
kernel.

Fecundity. The reproductive output of an individual is nonzero
only if it is a femaleand reproductively mature. The functional
form of thefecundity, chosenfrom [7], is composedof factorsthat
dependon thespeciesto which thatindividualbelongsandthesize
of theindividual. Thechosenform alsoincludesa factorthatcap-
turesthetemporalvariability. Moreprecisely,

�

� 
���� , thefecundity
of individual � at time ! , hasthefollowing form:

�

� 
�� ����� 
������	� � 
�� ��� � 
�
	��
���������
������������ 
 � � 
���� ��
�� � (1)

where "! and $# arespecies-speci�cscalingparametersand��� 
�� �

is thediameterof thetrunkof individual � attime ! . Thefunctions
� 
�� � and ��� 
���� areindicatorfunctions,indicatingthegenderand
reproductive maturityof � , respectively.
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� if � is female,
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� is the Gammadistribution with species-
speci�c maturityparameters�

!
� �

#
. Next, 4�
�� � is anindividual

scalingparameterde�ned as:
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 � "
�

� is the Normal distribution with species-speci�c
parameter" . Finally, ? � 
���� is a temporallyautocorrelatedGaus-
sianstochasticprocess,de�ned as:

? � 
����5-�6>8=:;13/�< 
�@A�	? �CB�#�
������;D

�

���

where@ and D arespecies-speci�cparameters.

Dispersalkernel. Thedispersalkerneldescribesthespatialdistri-
butionof thescatteringof seedsin thevicinity of theparentplant,as
a functionof distanceE . Weusea bivariateStudent's t-distribution
for thedispersalkernel,whichhasthefollowing form:

F
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whereJ isaspeciesspeci�c parameter. Figure5 showsthegraph
of the dispersalkernel for the parametersof two species: Acer
rubrumandLiriodendron tulipifera.

Clark et al. [5] show that this kernel �ts the dispersaldatabet-
ter thanotherkernelsfor mostspecies.The kernelhasa convex
shapeunderthecanopy of the individual which is responsiblefor
shortdistancedispersal,anda fat tail which is responsiblefor long
distancedispersal.
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Figure5: Dispersalkernelfor parametersof speciesAcerrubrumu=101.3;
Liriodendron tulipifera u=719.8.Parametervaluesarefrom Clarket al [7].

Theactualnumberof seedsdispersedinto thegrid cell �
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, de-
notedas �
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� , is drawn from a Poissondistribution
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where� is thesidelengthof grid cell �
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and � � 
	
 � is theexpected
seeddensityin location 
 at time ! .
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wherethesumis takenover all theindividualsin theforest.

2.3 Light Submodel
We now describehow we model the amountof light received by
eachindividual, which in turn controlsits growth. Theamountof
light receivedby asaplingor anadultis proportionalto its exposed
canopy area. A point � on the canopy of an individual is called
exposedif the ray in 
 N � � -direction emanatingfrom � doesnot
intersectany other individual. The exposedcanopyarea (ECA),
denotedby � 
���� , is theareaof the ��
 -projectionof theexposed
pointson thecanopy of � . Thegrowth of a saplingor anadult � ,
denotedby � 
���� , is measuredby thechangein its trunk diameter

�
�


���� . It is calculatedasfollows:

� 
����5���0!(N�� # �

� 
����

���

� ��� 
�� ����� N � 
�� �

�

where�
!
, �

#
aretheinterceptandasymptoteof growth rateand

�
�

�

���

arelight saturationcoef�cients.
Theamountof light receivedby a yearlingor a seedlingis pro-

portionalto theunderstorylight at thegrid cell thatcontainsit. The
understory light at a grid cell �

� 	

, denotedby  

� 	

, is theaverage
annualintensityof sunlight that reaches�

� 	

, and is modeledas
follows:

Thespatialscaleof our forestis suf�ciently small,sowecanas-
sumethatatany pointof time,all pointsin thelandscapereceivethe
sameintensityof light from any givendirection.Wemodelthesky
asa positive hemisphereat in�nity . We discretizethis hemisphere
into a uniform grid ! by drawing latitudeandlongitudearcs.We
referto thisgrid asthesolargrid. For acell ��"$#

�

! , let %&"$# bethe
directionof thecenterof ��"'# and ()"$# betheannualsunlightinten-
sity thatemanatesfrom ��"$# . ()"$# is computedusingsolargeometry
calculations.Let * � L (

"$#
Q

",+ # betheintensitymatrix,whichwill be
computedin thepreprocessingstep.Figure6 shows a phototaken
at theDuke Forestsiteusingwideanglelens.Thephotowastaken
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Figure6: Canopy photoof adult individuals (asseenfrom the ground)at
Duke forestsite.

from thegroundwith thelenspointing in the 
 N � � -direction.The
elevation andazimuthlines thataresuperimposedover thephoto,
correspondto regionsof solargrid with high light intensity.

Let E3� E 
	- �/. �
0 ��1 � be theray emanatingfrom �

� 	

in direction
%&"$# . Since,the solargrid is drawn on a hemisphereat in�nity , E

passesthroughthecenterof �
"$# . Let 243 denotethesetof saplings

or adultsindividualswhosecanopy interceptsE . Thenthefraction
of light thatreachesgrid cell �

� 	

is de�ned as

�

"$#

� 	

�

&
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The growth of a yearlingor seedling� , denotedby � 
���� , is
measuredby the changein its height � � 
���� . It is calculatedas
follows:
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Here,  

� 	

is the understorylight in the grid cell containingthe
individual � . �

!
, �

#
arethe interceptandasymptotesof growth

rate,
�

is the light saturationcoef�cient, ��bUc�d (resp. ��e)f

�

f

3
c ) is

thenumberof individualsof same(resp.different)speciespresent
in thegrid cell containing� , and g , gVe aredensitydependentco-
ef�cients.

3. Our Model Simulator
We have developeda forestsimulatorbasedon themodeloutlined
in Section2. Submodelsincludedispersal,light, germinationand
mortality. The simulatortakesasinput an initial con�guration of
the forest and landscape. It simulatesdynamicsat annualtime
steps.Figure7 shows the�o wchartof operations.
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Figure7: Flow chartof thesequenceof operationsperformedby thesimulator.
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Figure8: Snapshotimageof theforestsimulatedby ourmodel.

Sincedispersalandlight calculationsarecomputationallyinten-
sive, and ecologicalexperimentsneedto be performedon large
landscapes(at least1 sq.km.) andfor longdurations(up to several
thousandyears),performingexactcalculationsto simulatedynam-
ics would take months(e.g. a time stepon � ������� ��� landscape
took 5 hours). We thereforeexpeditethe simulationby perform-
ing calculationsapproximately— theapproximationerrorcanbe
controlledby the user(the approximationerror is �x ed suchthat
it is within the inherentstochasticityof the model). We main-
tainahierarchical(multi-resolution)representationof theforestus-
ing a quad-treedatastructureandcalculatedispersalapproximat-
ing at spatialresolutionsdependingon the requiredaccuracy. A
hardware-basedalgorithmis usedto calculatelight. Thedispersal
andlight algorithmsareexplainedin Section4 and5, respectively.

Thesimulatoroutputsthedensitiesof seedbanksandyearlings
for eachgrid cell andthelocationsandcharacteristicsof all thein-
dividuals.We have developedavisualizationpackageusing
OpenGL/GLUT, whichallowstheuserto view forestdynamicsand
to navigate throughthe forest interactively. The usercan zoom-
in/zoom-out,controlling both view point and viewing direction.
Figure 8 shows a snapshotimageof the visualizationof the for-
estsimulatedby our model. We alsoimplementedanothervisual-
izationpackageto view densitydata(seedbankandyearlings)to-
getherwith summarystatistics,usingAmira [1], avolume-rendering
package.

4. Computing Disper sal
In this section,we describeour dispersalalgorithm. We �rst de-
scribethequad-treebaseddatastructureandthenwe describethe
approximationalgorithmto calculatedispersal.In ourdescriptions,
we assume,for sake of simplicity, thatall individualsin the forest
belongto thesamespecies.Thedatastructureandalgorithmcan
beextendedto thecaseof multiple speciesin anobvious manner.
Finally, wepresentexperimentalresultsthatshow theperformance
of our algorithm.

Quad-tree data structur e. For simplicity, we assumethat � is
enclosedin asquareof side-length�

# anddiscretizedinto a �

#
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Figure9: Monopoleapproximationfor dispersal.(i) A ����� mesh
�

, grid
cell

��� 	

(shaded)anda ����� region containing5 individuals(shown as
small circles). (ii) The meshafter monopoleapproximation.The ªsuper
individualº (shown asa large circle) is locatedat the centerof the �����

region.

mesh� , where 1 , 
 is aninteger;we assumethat � � � . Let �

denotetheareaof � , which is alsothenumberof grid cellsof � .
We denoteby ( , thesetof all the individuals(saplings,adults)in
theforestandby � , thesetof their locations.

� ���

�


���� � �

�

("! +

A quad-tree# on � is a4-way treethatrepresentsa hierarchical
subdivision of � . Eachnode $ of # is associatedwith a square

%'&)(

� , a subset�

&

�

%'&+*

� of points,anda set (

&

�,�$�-�

�


����

�

%'&

! of individuals. For theroot J of # ,
%'.

� � , �

.

�

� and (

.

� ( . If
%'&

is a grid cell of � or � �

&

�9� � , $ is a
leaf. Otherwise,we partition

%�&

into four congruentsquaresby
bisectingits two sides,andassigningthe four squaresto the four
childrenof $ . If thedepthof a node$ is % , thentheside-lengthof

%
&

is �

#

B

�

. Themaximumdepthof # is < 80/21 � .1

In eachnode$ , westore � �

&

� , thetotalnumberof individualsand
4

�

3$ � �54

�

K06




�

�

���� , the total fecundityof all the individuals

in (

&

. (If we have multiple species,we storethis informationfor
eachspeciesseparately).We usethis information to develop an
approximationschemeto computedispersal.At eachleaf $ of # ,
we storethesets(

&

and �

&

in a list.

Approximation scheme. The dispersalalgorithm computesthe
expectednumberof seeds�

�

 �

� 	

� , from all the individualsof the
forest,thatfall into eachgrid cell �

� 	

attime ! using(3). Theexact
computationtakes � 
���� � time sincewe iterateover all grid cells
andindividuals. This is too expensive evenfor a moderatelysized
forest.For example,it takesaboutfour hoursto computedispersal
exactlyon a ��
7��89� � 
7�:8 landscapewith 500,000individuals.

We rely on an approximationschemeto expeditethe computa-
tion at a slight lossin accuracy. We �rst describetheintuition and

# In general,a node ; of a quad-treeis a leaf only if < =

&

<?>A@ , but in our
applicationit suf®cesto stopthesubdivisionassoonaswereachagrid cell.
This ensuresthatthedepthof B is CED�F

1HG .



Algorithm 1 Monopole Approximation ( $ , �

� 	

)
�

&

: centerof square
% &

if 
/O 


%'&

�

P

� �

&

� �

� 	

� &�� � then
return

�

� 
��

&

���

F



� �

� 	

� �

&

�=H�J �

else
if $ is a leaf then

return 4

�
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�

� 
������

F



� �

� 	

�

�


�������H;J �

else
for eachchild � of $ do

returnMonopole Approximation 
�� � �

� 	

�

thengive a formal description. It is clearfrom (2) and(3) that if
an individual is far away from a grid cell �

� 	

, thenthe expected
numberof seedsfalling into �

� 	

is almostthesameif we vary the
locationof � a little; seeFigure9. We thereforeclusterthe grid
cellsthatarefar away from �

� 	

andmove all individualsin a sin-
gle clusterto a canonicallocation. We regardall theseindividuals
asa single“superindividual” �

&

, whosefecundity
�

� 
��

&

� is the
sumof thefecundityof all the individualsin thecluster. Thequad
treeprovidesa naturalway of computingthis clustering.We refer
to this approximationasmonopoleapproximation.

For a node$ of # , let �

&

(resp. O 


%'&

� ) denotethecenter(resp.
side-length)of

%'&

. SeeFigure9. We seta thresholdparameter�

calledmonopolecoef�cient. If O 


%
&

�

P

� �

&

� �

� 	

� &�� (grid cell
�

� 	

is far away from
%�&

ascomparedto side lengthof
%'&

), we
performthe monopoleapproximation,i.e. replaceall the individ-
uals (

&

with the “superindividual” �

&

locatedat �

&

. The seeds
falling into �

� 	

dueto individuals (

&

is approximatedby theseeds
falling into �

� 	

dueto �

&

.
We now describethe algorithmformally. It is a recursive pro-

cedure,startingat the root of the quadtree. We performthe fol-
lowing at eachnode $ of # : we checkwhetherthe monopoleap-
proximationcan be performedat $ i.e. O 


%'&

�

P

� �

&

� �

� 	

� &

� . If so, we approximatethe expectednumberof seedsfalling
into �

� 	

due to individuals (

&

by calculatingthe expectednum-
berof seedsfalling into �

� 	

dueto the“superindividual” �

&

. If
O 


%
&

�

P

� �

&

���

� 	

�>'�� , and $ is a leaf,wecalculatetheexpected
numberof seedsfalling into �

� 	

dueto individualsin (

&

by sum-
ming thecontribution from eachindividual in (

&

. Else,we recurse
on thechildren � of $ . Algorithm 1 givesthepseudocodefor the
algorithm.

We performthe Monopoleprocedureat eachgrid cell �

� 	

. It
canbe shown that the time complexity of the above algorithmis

� 
 � < 80/ �*N � � .
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Figure10: Runningtimeof dispersalalgorithmwith monopole0.1for vary-
ing forestareasizes.

Experimental results.Wereporttheresultsof asetof experiments

performedon our forestsimulator. Herewe emphasizetheperfor-
manceof theapproximationalgorithmfor forestsof differentareas

� anddifferentmonopolecoef�cients � . We measurethe perfor-
mancein termsof runningtime andRMS valueof relative errorin
dispersedseeds.For a moredetailedstudyon theperformanceof
ourdispersalalgorithm,see[10]. Let �

� 	

denotetheactualseedrain
thatfalls in grid cell �

� 	

, ascomputedby theexactalgorithmand
�

�

� 	

denotetheseedrain in �

� 	

ascomputedby theapproximation
algorithm.Wede�ne therelative error �

� 	

to be

�

� 	

�

�

�

�

�

�5�

�

�

� 	

�

� 	

�

�

�

�

+
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Figure11: RMS relative errorof approximationalgorithmwith monopole
0.1for varyingforestareasizes.

TheRMSvalueof �

� 	

is de�ned as:

�

�

	

�

�

�

�

+

	�


� �

�

�

� 	

�

� 	
�

���

#��

�

+

Weperformedexperimentsona forestinitializedwith theoutput
of a 100yearsimulationinvolving a singlespecies.In our exper-
iment, we varied the side length of the forest from 32 metersto
1024 meters. Figure 10 comparesthe running time of the exact
algorithmwith the approximationalgorithm(for monopolecoef-
�cient 0.1). The exact algorithmis the monopolealgorithmwith
monopolecoef�cient setto 0. For a � ����� � ��� sq. m forest,the
monopoleachievesspeedupof two ordersof magnitude.Figure11
plotsthevalueof

�

, for monopolecoef�cient 0.1.Notethat
�

, the
RMS error in seedsdispersed,is lessthan ��� for the landscapes
simulated.
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Figure12: Plot of running time of monopolealgorithmon a �0@�� ���0@��

landscapewith varyingmonopolecoef®cient.

Next weperformedexperimentsona forestwith sidelength512
meters,with monopolecoef�cient rangingfrom 0.1 to 1.0. Fig-
ure12 and13 shows the runningtime andthevalueof

�

for dif-
ferentmonopolecoef�cient. As anticipated,therun time decrease
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Figure13: Plotof RMSerrorof monopolealgorithmona �0@�� � �0@�� land-
scapewith varyingmonopolecoef®cient.

with the increasein themonopolecoef�cient. Similarly, theRMS
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Figure14: Spatialmapof coef®cient of variation in the numberof seeds
dispersedfor speciesCacaandPita.

Thenext experimentcomparestheinherentvariability of thedis-
persalprocesswith therelativeerrorincurredby theapproximation
algorithm. First, we quantify the inherentvariability (stochastic-
ity) of the dispersalmodelusingstatisticalmethods.We perform

�

� � 
�
 
 iterationsof dispersalcomputationon the Duke For-
eststand,locatedin theBlackwoodDivision of theDuke Forestin
ChapelHill, NC. In the Duke Foreststand,every individual over
2m tall was identi�ed to species,mapped,and its diameterwas
measuredat 1.45mhigh,a commonmetricin forestryandecology
referredto asDiameterBreastHeight (DBH). In total therewere
52 speciesobservedin thestand,but in this paperwe will focuson
two species:Carpinuscaroliniana (CAca)andPinustaeda(PIta).
TheDuke foreststandwasapproximatelycenteredin a � ��� � � ���

landscapeat � � � � � resolution.Wesetthemonopolecoef�cient
to 
I+ ���0� sothattheerrorin computationis negligible ( & ��� ).

For eachiteration,thesimulatoroutputsthespatialmapof seed
rain, numberof seedsdispersed,in the forest. Let �

� 	

� denotethe
seedrainatgridcell �

� 	

in iteration! , � &W- � .�& � ��� , � & ! &

�

.
From the

�

replicatedispersalmaps,we calculatethemeanseed
rain ��

� 	

at grid cell �

� 	

usingtheformula:

��

� 	

�

�

�

�

�

����#

�

� 	

� +

We also calculatethe coef�cient of variation of seedrain ���

� 	

,

usingthefollowing formula:
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Figure14 shows the spatialpatternof the temporalvariability
(CV) in seedrain for speciesCacaandPita. For eachspecies,the
RMSvalueof ���

� 	

, denotedby ��� , capturestheinherentvariabil-
ity of thedispersalprocessfor thatspecies.Thefollowing formula
expresses��� in termsof seedrain �

� 	

� andmeanseedrain ��

� 	

:

��� �
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TheCV valuefor speciesCacaandPita are65.12and1.45re-
spectively. This indicatesthatspeciesCacahashigh inherentvari-
ability ascomparedto speciesPita.            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

Caca Pita            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

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

Next, westudyhow therelativeerror ?

� 	

varieswith themonopole
coef�cient. Figure 15 shows the spatialdistribution of �

� 	

with
� � 
 + � for speciesCacaandPita. Thecirculararcpatternsin the
�gures is anartifactof ouralgorithm— theportionof theforestin
which we performthe monopoleapproximationat the samelevel
of thequad-treeis boundedby a circle.

TheRMS relative error for speciesCacaandPita for �7� 
 + �

are0.25and0.05respectively. TheRMSrelativeerroris at leastan
orderof magnitudesmallerthanthe inherentvariability, implying
thattheerrorincurredby theapproximationis quitetolerable.

5. Computing Light
In this sectionwe describeour algorithmto calculatelight. First,
we brie�y describeour algorithmto computeexposedcanopy area
(ECA). Then,we describethegraphicshardware-basedalgorithm
to computeunderstorylight. Finally, we provide experimentalre-
sultsto demonstratetheef�ciency of ouralgorithm.

5.1 Computing exposed canop y area
The algorithmcomputesfor eachsaplingor adult � , the areaof
the ��
 -projectionof theexposedpointsof thecanopy of � . Let 2



denotethesetof all theadultsandsaplingsin theforest.Since,we
modelthe canopy of � asa cylinder, its ��
 -projectionis a circle

� 
�� � . Let � 
���� betheheightof thetopof thecanopy of � from
theground. Themain ideaof thealgorithmis to assigneachgrid
cell �

� 	

to thetallestindividual �

�

2 , suchthat � 
���� contains
�

� 	

completely. If thereexistsno individuals �

�

2 suchthat its
canopy projection � 
�� � completelycontains�

� 	

, we leave grid
cell �

� 	

unassigned.Our algorithmperformsthis assignmentby
consideringindividuals �

�

2 in decreasingorderof � 
���� , and
assigningto � , all thegrid cells thatarecompletelycontainedin

� 
�� � andhave notbeenassignedalready. It is easyto seethatthe
exposedcanopy area� 
���� of � canbeapproximatedby thesum
of the areasof all the grid cells assignedto � . We canincrease
the accuracy of the ECA calculationby using a meshwith �ner
resolution.

5.2 Computing under stor y light
First we describethe exactalgorithmto computeunderstorylight
ateachgrid cell �

� 	

of � . Then,wedescribeanef�cient graphics
hardware-basedalgorithmto computeunderstorylight.

Exact algorithm. Wecalculatetheunderstorylight atgridcell �

� 	

asfollows: Let " beasaplingor adultin theforest.For eachdirec-
tion %&"$# , we determinethe fractionof light,

F

"$#� 	 , that reaches�

� 	

(afterattenuationby " ). Let E � E 
	- �/. ��0 �
1 � betheray emanating
from �

� 	

in direction %&"$# .

F

"$#

� 	

�

�

� �


 if EN���76
8�:
9�8$:?6
�;6�:
<?�=>>8,@ " ,

��N�PO

I

� if EN���76
8�:
9�8$:?6
� 9	/,�R8A:GB 8,@ " ,
� otherwise.

Thecalculationof this fraction
F

involvesdecidingwhetherthe
ray E intersects" . We repeatthis calculationfor all the saplings
andadultsin theforest.Now, �

"$#
� 	

���

I

F

"$#
� 	 . We thencalculatethe

understorylight  

� 	

using(4).
The above algorithmtook 4 hoursto computeunderstorylight

on a � ����� � ��� landscapehaving 50,000individuals.

A graphics hardware-basedalgorithm. The light modelcalcu-
lation, asdescribedin Section2.3, is similar to thevisibility com-
putation in 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 thegrid cells. One
of theprimarycapabilitiesof thegraphicshardware is to perform
suchvisibility computationssimultaneouslyfor all grid cellsin � .
Sincethenumberof grid cellsin our forestis large(about � 
�� grid
cells),thegraphicshardwareprovidesanef�cient methodfor light
computation.The main challengein usingthe graphicshardware
for calculatinglight is therepresentationof thetranslucenceof in-
dividuals.Light interceptingthecanopy of anindividual " is atten-
uatedby a factorof O

I

. To performlight-objectinteractionsusing
hardwarerequiresasimpleform of volumerendering.

Thealgorithmhasthefollowing structure:

1. For a given direction,calculateattenuationfraction �

"$#
� 	 for

all grid cells �

� 	

usingthegraphicshardware.

2. Repeatabove stepfor all directions%?"'# .

3. Calculate(

� 	

for all grid cells �

� 	

using(4).

We observe theforestfrom in�nite distancealongangle%?"$# and
usethehardwarecoloraccumulationoperationof colorblendingto

(ii)(i)

�

"$#
	���


�

"$#�	���


�

�

"$#

Figure16: (i) Algorithm rendersindividual
�

asa cylinder. Light raysthat
comealong direction

�

"$#

intercepts
�

and forms a shadow
�

"$# 	���


. (ii)
Optimizedalgorithmrendersthetransformedindividual (shadow)

�

"$# 	���


.
Light rayscomefrom theverticaldirection.

computetheproduct�

"$#� 	 for all grid cells �

� 	

of � . Becausethe
only operationsallowedin colorblendingare N'��� , min, andmax,
we usea simple trick, namely, compute< 80/ �

"$#� 	

� 4

I

< 8 / 
�� �

O

I

� . Thegraphicshardwarecalculates< 8 /;�

"'#� 	 usingcolor blend-
ing, from whichwe cancompute�

"$#� 	 .

Thestepsneededto compute�

"$#� 	 are:

1. Setting light sourceand imageplane: Fix the light source
at in�nity alongdirection %?"$# . Settheimageplaneasaplane
orthogonalto %&"$# suchthatall theindividualsarein between
thesourceandimageplane.

2. Render individuals: Draw eachindividualasgeometricob-
jects(canopy andtrunkaredrawn ascylindersof appropriate
diameterandheight).Thecolorof thecanopy cylinder is set
to < 80/ 
�� � O

I

� (for blending)and the color of trunk is set
to < 80/(? , where ? is an arbitrarily small constant.Since ? is
small,almostall thelight is blockedby thetrunk.

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

4. Projection: Our objective is to calculatelight at the grid
cells,which lie on a horizontalplane.Thecolor buffer con-
tains light on pixels of the imageplane that is oblique to
the horizontalplane. We performa projectionoperationto
projecteachpixel on imageplaneto theappropriatepixel on
horizontalplane.

Fromexperimentalresults,it is foundthat theprojectionopera-
tion is costly, takingabout25%of thetotal time.

We optimize the algorithmby eliminating the projection. The
needfor projectionarisesbecausetheimageplaneis obliqueto the
sourcedirection.We can�x thesourcealongtheverticaldirection
and transformthe individuals suchthat oneobtainsthe samere-
sult. The transformationdependson thedirectionof light source.
For a givendirection %

"$# andanindividual " , thegrid cellsthatre-
ceive attenuatedlight dueto " arethosethatform theshadow of "

whenlight comesfrom direction %
"$# . Thus,for a givendirection,

we computethe shadow of individual " and renderthe shapeof
theshadow. For vertical cylinders,theshadow is a rectanglewith
a semi-diskat eachend and can be easily computed. Figure 16
(i) shows anindividual " renderedasa cylinder by theoriginal al-
gorithm. Light raysalongdirection %

"$# , intercept " andform the
shadow �_"$# 
�" � . Figure16 (ii) shows theshadow � "$# 
�" � rendered
directlyby theoptimizedalgorithm.

Experimental results.We evaluatedtheperformanceof thehard-
warealgorithmwith a setof experimentswherewe variedtheside
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Figure17: Comparisonof runningtime of exact algorithmandhardware
algorithmfor varyingforestareas.
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Figure18: (a)Thecanopy of theadultsandsaplings(representedby circles)
in Duke forestsite. (b) Thelight intensitymapcalculatedby ourmodelfor
theseadultsandsaplings.

lengthof theforestfrom 32metersto 1024meters.Figure17com-
parestherunningtime of thehardwarealgorithmandtheexactal-
gorithmto calculatelight. For a ��
7��8�� ��
0�:8 landscape,thehard-
warealgorithmis at leasttwo ordersof magnitudefasterthanthe
exactalgorithm.

Figure18(a)showsthetopview of theadultsandsaplingcanopy
in Duke Forestsite. Thecanopiesaredepictedascircleswith the
actualcanopy radiusof theindividual. Figure18(b) showsthelight
intensitymapcalculatedby ourmodelfor theseadultsandsaplings.
The light calculationcapturesquite well, the spatialvariability in
understorylight that resultsfrom variability in individual sizeand
location.

6. Ecological Experiments
To determineif the approximationalgorithmshave an impacton
modeledforestdynamics,we presenttwo ��
 
�
 runsof the forest
modelona � 8 ���:8 landscape.Theserunsillustratethecompetitive
dynamicsof two species,AcerrubrumandLiriodendrontulipifera.
In both the runs, the landscapewasinitialized to identicalcondi-
tions. Oneof the runsusedtheexactdispersalalgorithm,andthe
other, the approximatealgorithmwith ��� 
I+ ��� � . Both the runs
usedgraphicshardwareto calculatelight. As shown in Figure19,
whenoperatingwithin a reasonableerrorbound,theimpactof ap-
proximationof model dynamicsis negligible when compounded
over the long term. Furthermore,the runsillustratedin Figure19
includenumeroussourcesof uncertaintyandstochasticityso any
differencesbetweenrunsis hardto attributeto computationalerror
alone.

In addition to accuracy, it' s essentialthat the forest simulator
provide ecologistswith a modelthat is suf�ciently fast to usefor
experiments.We performedtwo runsfor the sameexperimentas
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Figure 19: Comparisonof coexistenceexperimentwith 2 speciesfor (a)
exactdispersaland(b) approximatedispersal( � = 0.125)
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Figure20: Comparisonof coexistenceexperimenton �0@�� � �0@�� landscape.
(a) exactdispersalcalculationfor 300yearsand(b) approximatedispersal
calculation( � = 0.125)for 1000years.



above on a � �����)� ��� m landscape.In boththeruns,thelandscape
wasinitialized to identicalconditions.Oneof therunsperformed
exactdispersalcalculation,while theotherperformedapproximate
dispersalcalculationwith � � 
 + ���0� . Both therunsusedgraphics
hardware to calculatelight. The exact algorithm took aboutone
anda half hoursto calculateonetimestepof exactdispersalcalcu-
lation. We rantheexactalgorithmfor two weeksandit couldonly
complete300yearsof simulation.On theotherhand,theapproxi-
mationalgorithmcompleted1000yearsof simulationin abouttwo
days.

7. Discussion
We have developedef�cient algorithmsto simulatean individual
based,spatiallyexplicit forestmodel. The speed-upof our simu-
lator over a naive calculationwasmadepossibleby the following
algorithms:

� Monopolebasedapproximationalgorithm to calculatedis-
persal.Experimentsshows a speedupof anorderof magni-
tudefor reasonableerror.

� A novel graphicshardware-basedalgorithmfor calculating
understorylight. Our algorithmis two ordersof magnitude
fasterthanthenaive method.

Workpresentedin thispaperispartof anongoinginter-disciplinary
projectto studyforestecosystemsusingsimulation.Wehavebegan
usingoursimulatorto performexperimentsthataddressecological
issueslike coexistenceandmigration.

Someof the interestingalgorithmic issuesandfuture direction
include:

� Our currentdispersalalgorithmhascomplexity O(�0< 8 / � ).
WeplantoadaptthelineartimeMultipolealgorithmof Green-
gard[11] to calculatedispersal.

� Weplanto developabetterlight modelthatcapturesthetem-
poral variability of light intensity. Basedon this model,we
plan to designef�cient hardware-basedalgorithmsto com-
putelight.

� Extendourmodelto includeterrainfeatureslikeroads,lakes,
buildings,etc.

� Extendourmodelto includeadditionalenvironmentalfactors
suchassoil moisture,nitrogenanddisturbanceagentssuch
as�re andwind.
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