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ABSTRACT

In this thesis | examine the problem of modeling and visualizing large groups of plants.
The extreme visual complexity of such scenes can be captured using multilevel models,
which combine a hierarchy of models at different levels of abstraction. The modeling of
plant communities is done by two-level models, where the higher-level model describes
the spatial distribution of plants, and the lower-level model describes individual plants’
shapes.

Models of plant communities can be divided based on the direction of information
flow: local-to-global models are rooted in individual-based ecosystem simulations, while
the properties of individuals in global-to-local models are inferred from a given distri-
bution of plant densities. Multiset L-systems are introduced as a formalism for local-
to-global models of the spatial distribution of plants. A new global-to-local model is
developed which uses the idea of iterative deformation of a probability density.

Examples of both local-to-global and global-to-local models of the spatial distribution
of plants are demonstrated which exhibit various ecological properties, including succes-
sion, clustering, and self-thinning. These examples are coupled to a low-level model of

individual plants to create realistic visualizations of the plant community.
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CHAPTER 1
INTRODUCTION

1.1 Statement of problem

One of the dominant threads in computer graphics is the recreation of natural phenomena.
Some early work [Gar85, MWC80, Max81] recreated dippearancenf nature by artifi-

cial mechanisms. Other authors [FR86, Rey87] attempted to recreate thepaotgmises
behind the phenomena. Both approaches are still used, modeling many types of natural
phenomena, from social [PM01] to meteorological [DKOO, Fea00].

These efforts, especially the ones based on reproducing the processes behind the phe-
nomena, are made difficult by the extreme complexity of nature. Not only do natural
systems have many components, but these components interact in a complex manner,
sometimes with substantial effect. For instance, the quality of light received by a plant
greatly affects its amount, direction, and type of growth [MP96, GMPVGO00]. Yet each of
the thousands of leaves on a tree reflects light on each of the other leaves. If the modeller is
trying to faithfully recreate the processes present in nature, the interactions between all of
these leaves must be taken into account. In a forest of a thousand trees, there are millions
of leaves, and a million times as many possible interactions to consider.

This thesis is concerned with the particular problem of modeling and visualizing scenes
of large numbers of plants. There are many reasons we might want to create a realistic
visualization of a plant community. For the purposes of education, a visualization of im-
portant phenomena in ecology or of an extinct ecosystem may be created. In the realm of

forestry, the models used to predict the results of a decision to cut or replant a patch of
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forest can be visualized to provide more comprehensible data for policy makers. In urban
planning or architectural design, the interaction of a surrounding ecosystem with human
habitation can be predicted and previewed. Finally, for the purposes of art or entertain-
ment, the visualization of an ecosystem based on an underlying ecological model will look
realistic, and can be produced with less effort on the artist’s part.

Leaves, flowers, and other plant organs are important in the visualization of plants.
However, a direct simulation of an entire plant community with these organs as basic
modules is, as noted above, extremely complex and requires a great deal of computation.
The model cannot be nzely simplified by taking collections of organs as basic modules,
as the organs themselves are important, at least for visualization. Multilevel modeling
deals with this problem by replacing a single complex model with a hierarchy of models
at a sequence of scales [GGCC97].

A paper from SIGGRAPH 1998 by Deussen et al. [DHI8] describes an application
of the multilevel modeling idea to a two-level model of plant ecosystems. A high-level
model determines the spatial distribution of the plants, and lower-level models determine
the plants’ shapes and the positions of the plant organs. The models are coupled so that
information created at a higher level can affect the outcome of the model at the lower
level. The SIGGRAPH 1998 paper represents the starting point of the work described in

this thesis.

1.2 Contributions of this research

The contributions of this research to computer graphics and the ecological modeling of

plant communities are as follows. First, it extends to the modeling of plant communi-
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ties the systemization of individual-based models described in [PMKLO1], dividing such
models into two categories based on the direction of information flogal-to-globalor
global-to-local In local-to-global models, global features emerge from the local inter-
actions of individuals. In global-to-local models, on the other hand, global features are
decomposed to instantiate local properties. These two types of models also differ in the
type of control the modeler has over the model. In local-to-global models, the parameters
are local and thus fitting the model to a global boundary condition is difficult. In global-
to-local models, the parameters are global, and fitting to global boundary conditions is
considerably simpler.

New methodologies for modeling the spatial distribution of plants are described. The
formalism ofmultiset L-systemis introduced as a framework for local-to-global individual-
based models of the spatial distributions of plant communities. This extension allows L-
systems to model populations of individual organisms which reproduce, interact, and die.
The idea of thedeformation kerneis introduced, and used in a global-to-local method
which decomposes an initial density distribution into individual plant positions.

Improved methods for joining higher-level spatial distribution models and lower-level
individual plant models are described. Using a global-to-local model of individual plants
described by Prusinkiewicz et al. [PMKLO01], the plants created by the lower-level model
can be of a species, shape, and size defined by the higher-level model.

These modeling methodologies are illustrated using ecologically relevant examples.
Local-to-global models are described which display the phenomeselfethinning suc-
cession and clustering The deformation kernel method is shown to allow control of
clustering as well as the interaction of multiple species. Finally, the methodologies are

applied to image synthesis, creating realistic visualization of these models.
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1.3 Organization of the thesis

In Chapter 2 | give general background in the ecological phenomena which are relevant to
this thesis. In Chapter 3 | discuss previous work in the area of individual-based modeling
of plant distributions.

In Chapter 4 | introduce the formalism of L-systems (Section 4.1) and multiset L-
systems (Section 4.2), then use this formalism to present three local-to-global models of
plant spatial distributions. These models capture the essence of the ecological phenomena
of self-thinning (Section 4.3), plant succession (Section 4.4), and clustering through local
propagation (Section 4.5). In Chapter 5 | describe the global-to-local deformation kernel
method for modeling the spatial distribution of plants, which allows control over both
local density and clustering. In Chapter 6 | show how the high-level models of the spatial
distribution of plant communities can be coupled to low-level models of individual plants
to produce realistic renderings of the communities.

Finally, in Chapter 7 | analyze the running time and space requirements of the algo-

rithms discussed in the text, present further research directions, and conclude the thesis.



CHAPTER 2
ECOLOGICAL PHENOMENA OF PLANT COMMUNITIES

In this chapter, | discuss some ecological phenomena which are particularly pertinent to
the spatial distribution of plant communitiesSuccessior{Section 2.1) is a process in
which the species makeup of plant communities changes. Competition between individual
plants lead to the processthinning(Section 2.2), during which the plants form a marked
hierarchy of size¢Section 2.3). Thinning leads to a spat&krdispersiorof plants; other

processes, such as propagation, leaglustering(Section 2.4).

Plants and their environment
The structure and composition of plant communities is a function of their environment.
What kinds of plants are present, where they are located, and how they grow is largely
dependent on what environment they find themselves in. This environment, in turn, can
be decomposed into two parts: tpRysicalenvironment, principally meteorological and
geological; and theiological environment, predominantly the plants themselves [Per94].
The physical environment includes the amount and quality of sunlight; the speed and
prevailing direction of winds; the rainfall and moisture content of the air; the type of soll
and its quality; and various landforms such as hills or rivers. All of these qualities affect
what plants will grow in the environment: some plant species require direct sunlight,
while others need only indirect light; some species thrive only in high-moisture areas,
while others will not survive if there is too much moisture. Heterogeneities of this type in
the physical environment will affect the structure and composition of the community.

The biological environment also has direct effects on the structure and composition of
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the plant community. A tree dropping seeds which grow into new trees clearly changes the
community’s structure. However, many effects of the biological environment are indirect,

and occur because the biological environment changes the physical environment. For
instance, plants shade the sun and block the wind, draw moisture and nutrients from the

soil, and release oxygen and water vapour into the atmosphere [Har77].

2.1 Succession

The physical and biological environments at any location affect the sorts of plants which
will grow there. It is possible for a community with one species composition to create an
environment which is more favourable to a different composition of species. This is at the
heart of the phenomenon of succession.

Suppose two species of trees are growing in a field. The first grows quickly, but re-
quires direct sunlight; the second tolerates shade, but grows relatively slowly. If there are
initially only saplings of both species present, then the first species, because of its faster
growth, will come to dominate the field, effectively turning it into a forest largely consist-
ing of the trees of the first species. However, turning the field into a forest creates a shady
environment, which is not favourable to the first species. The second species, however,
can survive in a shady environment, and it performs better in this environment than the
first species. Eventually, the forest consists primarily of trees of the second species.

This is a classic illustration of the phenomenon of succession [Per94]. It can be ob-
served at many scales, with many different sets of species, across all environments capable
of supporting life [Per94]. The final stage of succession, which is self-supporting, is called

theclimax In the two-trees example given above, the forest primarily consisting of trees
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of the second species is the climax stage. The properties of the climax stage of succession
are largely determined by the physical environment and by what species are available in
the area. For instance, the climax stage of a tropical ecosystem is quite different from that
of a temperate ecosystem, due largely to differences such as rainfall and temperature.
Once a climax state has become established, it is self-supporting; in this sense, it is
the ‘final’ stage of the ecosystem. In any real ecosystem, however, catastrophic events
will eventually change the composition even of climax states. THesterbancesan be
either internal to the ecosystem or come from outside it. External disturbances include
human clearcuts or forest fires; internal disturbances include pest infestations or even the
death of one particularly dominant tree [Per94]. After a disturbance, the climax state has

been disrupted and a new succession process begins.

2.2 Thinning and self-thinning

As a plant grows, so do the effects it has on the environment. It consumes more resources,
so that less light and fewer nutrients are available for neighbouring plants. Eventually, as
all plants in a community grow and consume more resources, some plants will not have
enough resources to survive, and will die. This mortality is definetkasity-dependent
as it increases as the density of the community increases. Such density-dependent mor-
tality is calledthinning and occurs in most plant communities. A plant thinned by plants
of a different species ialien-thinned a plant thinned by plants of its own specieséf-
thinned[Har77].

An interesting practical example of a plant community is the even-aged monoculture,

a community of a single species of plants all seeded at the same time. Such communities
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Figure 2.1: The self-thinning curve. The solid line represents the trajectory of the com-
munity in state space; the dotted line has a slopef2. After [Per94], figure 12.1.

are common in forests raised for cultivation. As these monocultures undergo the process
of self-thinning, an interesting phenomenon can be observed [YKOHG63]. If the average
mass of a plant is plotted against the number of plants per unit of areselththinning
curveis obtained (Figure 2.1).

In stage 1, the plants grow without interacting; the number of plants, and thus the
number of plants per unit of area, does not change. In stage 2, the plants begin to interact;
many of the plants die off in competition for resources. Finally, in stage 3, the community
reaches theelf-thinning line which has a slope of3/2. The state of the community
moves along this line until all of the mature plants die. This self-thinning line is found in

monocultures of many plant species, both woody and herbaceous [Per94, Har77].
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Figure 2.2: Size distribution in a size hierarchy.

2.3 Size hierarchies

Thinning also results in another interesting pattern in the community distribution. If the
size distribution of natural plant communities is recordesiiza hierarchyfHar77] is ob-
served (Figure 2.2(a)). This size hierarchy shows vastly more small, dominated plants than
large, dominating plants. In fact, the hierarchy shov@ganormaldistribution of plants;

the logarithm of the mass of the plants is distributed normally (Figure 2.2(b)). Log-normal
size hierarchies are observed in a number of cultivated and natural populations, including

even-aged monocultures [Har77].

2.4 Overdispersion and clustering

A plant’s spatial location is not independent of the spatial locations of other plants. Under
a thinning process, plants which are too close to other plants die off, causing the average
distance between plants to increase. This caageslispersiorof plants within the envi-
ronment.Clustereddistributions can also occur; in these distributions, the presence of one

plant increases the probability of finding another plant in its vicinity. This clustering can
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have several causes, such as environmental heterogeneity (plants of the same type clus-
tering in an environment favourable to them) or propagation (seeds falling close to their
parent plants).

As plants are largely discrete entities, they can be analyzed by abstracting them to
points. Many of the properties of the spatial distribution of a plant community can then be
drawn from the study of spatial point patterns [Dig83].

A spatial point pattern is a set @ointsin a two dimensional space [GBS02]. The
simplest statistical model for point patterns is tteempletely randonpattern, also called
the Poissonpattern. In this pattern, the number of points in an atdas expected value

AlA|. If N(A) denotes the number of points in the setthen

(N(A))a = AlA]

This equation also serves as a definition fordieasity\.

The density only describes an aggregate property of a set of points, not the relation-
ships between them. When the points represent plants, these relationships are quite im-
portant. Indeed, the most common deviation from complete randomness is clustering
[GBSO02], in which points have a relatively greater tendency to be found near each other.

The degree of clustering can be quantified using several statistical measures [CE54,
Hop54, Sin85]. For example, thitopkins indexHop54] is defined as the average distance
from a randomly chosen point in the plane (which is not necessarily a member of the point
pattern) to its nearest point in the pattern, divided by the average distance from a randomly

chosen point in the pattern to its nearest other point in the pattern:
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random plant p

closest plant to p

a

.- closest plant to x
random point x

Figure 2.3: How the Hopkins index is calculatedl.is the distance from a point in the
plane to its nearest point in the pattern ard the distance from a point in the pattern to
the nearest other point in the pattern; the Hopkins index is then %

L {a)_ fminle = pil))

(b)  (mini(|lp; — pill));

(See also Figure 2.3).
Distributions which are completely random havefdrvalue of 1. Distributions that
are more dispersed than random (‘regular’) havé/avalue less than 1, and distributions

that are clustered have di value greater than 1. For example, Figure 2.4(a) shows an
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Figure 2.4: The effect of clustering on plant distribution.

overdispersed distribution of points with a Hopkins index of 0.4, Figure 2.4(b) shows a
random distribution of points with a Hopkins index of 1.0, and Figure 2.4(c) shows a

clustered distribution with a Hopkins index of 2.4.



CHAPTER 3
I NDIVIDUAL -BASED MODELS OF PLANT COMMUNITIES

A REVIEW

Two modeling paradigms

In this thesis | make use of a classification of individual-based models based on the direc-
tion of information flow. The first class is ¢tdcal-to-globalmodels, in which global struc-

ture emerges from local interactions among individuals. The second clasglabaf-to-

local models, in which global structure is decomposed to instantiate individuals.

The global-to-local paradigm arises because of a limitation of simulation-based, local-
to-global models. The amount of control a modeler has over the final outcome — the
global structure — is limited. The modeler can control the model by setting bound-
ary conditions — specifying the average protein concentration, or the crown shape of a
tree. In very simple models with very few parameters, setting the parameters to achieve
the specified boundary conditions may be as simple as solving a linear equation. As the
model becomes more complex, however, finding the correct parameter settings becomes
more difficult. The relation between parameters and boundary conditions becomes less
tractable, and direct solution becomes infeasible. It is even possible that there are no
parameter settings which produce the required boundary conditions.

One way to solve this problem is favert the model, turning boundary conditions
into parameters. A simple way to do this is to marginally alter the original model to
fit the boundary conditions. For example, if the density of trees in one area of a forest

simulation must be increased, a single extra tree can be added at each simulation step, in

13
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addition to the trees added by the simulation. A more complete way to invert a model is
to reformulate it in order to completely reverse the direction of information flow, creating
a global-to-local model.

The division between local-to-global and global-to-local models has arisen in areas
other than the modeling of plant communities. In [PMKLO1], the distinction is discussed
in the modeling of individual plants. In that paper, individual plant organs are instantiated

to fit user-specified global organ distributions.

Multilevel modeling

A second drawback to the simulation-based approach is that as the number of individuals
and their complexity grows, the number of possible interactions, and hence the amount of
computation required to reproduce a scene, increases. One way to handle this drawback is
to usemultilevel modelingGGCC97]. Multilevel modeling involves coupling models of a
system at successively lower levels of abstraction. The higher-level, more abstract models
are created first; then, the information from them is used to parameterize the lower-level
models. The models of plant communities described in [DBR] are two-level models:

the top level describes the community’s spatial structure, while the lower level is of the
geometry of individual plants.

Multilevel models are a useful way to handle the complexity of a simulation because of
the multiscale nature of natural phenomena. A forest as a whole has a far greater influence
on an individual tree than that tree has on the forest; a tree as a whole has far more influence
on an individual leaf than that leaf has on the tree. Thus, while describing higher-level
phenomena with a model appropriate to that scale loses some information which would be

taken into account in a single-level model at a finer scale, it gains tremendously because



CHAPTER 3: IB MODELS OF PLANT COMMUNITIES : A REVIEW 15

the individual interactions between low-level components is not considered; for instance,
two leaves on different plants do not have to interact at all. This savings in the number
of interactions allows more complex scenes to be modeled than would be computationally
feasible in the single-scale approach.

In this chapter, | discuss previous work in the individual-based modeling of plant com-
munities: local-to-global (Section 3.1) and global-to-local (Section 3.2) models of spatial

distributions, and multilevel models (Section 3.3) of entire plant communities.

3.1 Local-to-global models

Local-to-global individual-based models of plant communities have been extensively stud-
ied in the field of ecology. Aikman and Watkinson [AW80] and, later, Firbank and Watkin-
son [FW85] and Lep and Kindimann [LK87], created models to explain the emergence
of the3/2 power law in self-thinning monocultures (Section 2.2). Aikman and Watkinson
derive a differential equation for the mass of a plant from “quasi-logical postulates”; the

equation they use to calculate the magsf an isolated plantis

dmi
dt

2
= a;q; — bym;.

Hereg; is the area of the plant'scological neighbourhogdhe area from which it can
extract resources, and is related to the area of the plant. The parameterss; are
growth constants which vary from plant to plant. The ter# can be interpreted as the
total resources extracted from the plant's environment, while the grrhis an amount
which must be spent to maintain the plant’s structurgsandb; are set so that the plant

grows logistically to some maximum sizé.
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The plants interact through competition. The equation for the growth of a competing

plant is

dmi

i = Cli%‘f(%) - bim?,

wheref is a function which relates to the amount of competition experienced by the plant.
If dm;/dt becomes negative, the plant does not have enough material to maintain itself,
and it dies. This happens when it experiences too much competition. The competition
function f is not based on the size of the plant’s neighbours, however, but only on the
average size of all plants in comparison to the area of the plot. Computer simulations do,
however, show a fit to the self-thinning curve. As well, the size hierarchy formed fits well
to a log-normal distribution.
In Firbank and Watkinson’s model, the size of a plentependent on the sizes of

neighbouring plants. The mass of a plantis given by

2t "
my = My (;) )
wherem;; is the mass of an isolated plant at time is the size of the plant’s ecological
neighbourhoody is the plant’s efficiency of resource use, ands thezone of influence
of the plant. When the zone of influence is the same as the ecological neighbourhood, the
plant is the same size as it would be if it were not competing for resources. In thisicase,
increases logistically to some maximuvh.
If the plant is competing for resources, then the zone of influence will not be the
entire ecological neighbourhood. The ecological neighbourhood is a circle of;aceal

intersections of two or more circles imply competition between the plants so represented.
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A plant’s zone of influence includes the portions of its ecological neighbourhood to which
it has exclusive access, as well as a fraction of the shared area. The overlapping area is
divided between the plants sharing it, with the tallest plant getting a fradtodthe area,
the next tallest getting a fractiahof the remainder, and so on. A valued# 1 represents
completely one-sided competition, in which the tallest plant gets all of the resources of the
shared areas.

The heighth, which determines the resource allocation in overlapping areas, is related

to m through a power function:

v
hy = umy.

If a plant’s mass decreases, it is counted as dead and removed from the simulation. Firbank
and Watkinson examine the effect of changing the paramefgg efficiency of resource
utilization), d (the competition factor), and andv (the allometric parameters relating
height to mass) on the model. They found good fit to the self thinning curve and a log-
normal distribution, with the allometric parametehaving the greatest effect: valuesiof
aroundl /3 (that is, plants whose height is proportional to the cube root of the mass) create
self-thinning lines with slopes of arouneB /2, while higher and lower values steepen and
flatten the curve, respectively.

LepS and Kindimann [LK87] use a similar model to examine the results of different
initial configurations on the development of a stand of trees. Their model computes the

heighth at timet + 1 as
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wherea is the growth ratef{ is the maximum possible height of the tree, ghd a term
expressing the competitive influence of neighbouring trees. In the absence of competition
(f; = 1), atree will grow logistically to the maximum height.

The plant’s ecological neighbourhood is a circle with radius- kh; and area;; =
7r2. The competition factof; gives the proportion of the ecological neighbourhood which
is available for use. If;; is the area of overlap between individuakndy, then
Ji=1- Qqi

Here( is a parameter which describes the intensity of neighbours’ influence — for large

values of(), the neighbours have very little competitive influence on the plant. The area of
overlap/;; is weighted by the ratio of the heights of influencing and influenced plants. An

individual is more influenced by taller neighbours than shorter neighbours. For very tall
competitors or large areas of overlgpmay drop below 0; it is thus explicitly bounded to

be nonnegative. If; is zero, the plant will experience no growth.

The competition factor also affects the survival probability of the plant. If very low, the
plant has a high probability of dying. Plants are randomly chosen to die each simulation
step.

Leps and Kindlmann used their model to examine how plant distributions with various
initial configurations evolved differently under a self-thinning process. They found that, no
matter what the initial configuration — regular, clustered, or random — the stand evolved
toward an overdispersed distribution.

Pacala and Silander [PS85] described an individual-based model for the analysis of

plant monocultures. The model represents plants as circles in a two-dimensional space —
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the plants interact when their respective circles intersect. There are three submodels —
one for propagation (which includes fecundity and seed dispersal), one for survival (which
depends on ground conditions, neighbouring plants, and the amount of sunlight the plant
can absorb), and one for growth (which involves different parameters for germination,
growth as a seedling, and mature growth).

Pacala and Silander’'s model is more complex than the models described above which
only seek to explain self-thinning. For one thing, it includes the propagation model,
which must take into account all of the neighbours of the plant. All of the models de-
scribed in this paper include only timmberof neighbours, and not their spatial rela-
tion or relative size. However, in a further series of papers by Pacala and his collab-
orators [PCS93, PD95, DLDB97], the model and its submodels are developed into the
extremely successful SORTIE model of the forests of eastern North America, which ex-
plicitly takes into account the position, size, and species of neighbours, the underlying
terrain and soil content, and many other factors.

More recently, Enquist and Niklas [ENO1] have examined plant community invariants
with an individual-based simulation model. Plants in this model have three “compart-
ments” for energy acquired from sunlight: some goes into leaves, which increases the
crown radius and allows the capture of more light; some goes into the stem, which allows

the plant’s height to increase; and some is kept in reserve for reproduction:

a é
CLMTOT = bM}gEPR + CMzEAF + dMSTE]V[

where species differ only in the parameters, ¢, andd; o, 3, v, andd are constant across

species. The plants are modeled as circles with @setunction of M, 4, at heighth a
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function of M s ). If @ plant’s area is unobstructed (if it has no competitors, or it is taller
than its competitors) then it receives the full benefit from photosynthesis; plants which are
located below the canopy receive a fraction of this amount, determined by a predetermined
light attenuation factor, which also varies across species.

Running simulations of this model, Enquist and Niklas found allometric scaling re-
lationships which confirm empirical observations made across ecosystem types. For in-
stance, itV is the total number of plants with some range of magses,, mp;g,] andM is
the total mass of those plants, then, once the distribution reaches equilibfiam)/ —3/4,

Progress on local-to-global individual-based models of plant communities in ecol-
ogy led to similar models within the field of computer graphics, along with realistic
visualizations of the communities. The SIGGRAPH 1998 paper on ecosystem simula-
tion [DHL 98] includes two individual-based local-to-global models of plant distribu-
tions. The first, a simplified version of the model of Firbank and Watkinson [FW85], was
designed to exhibit the self-thinning property. Plants are represented by circles with radius
r. The operation of the model can be reduced to three rules (Figure 3.1). The first rule
states that whenever the circles representing two plants intersect, the smaller is considered
dominatedand is removed from the population. The second rule states that once a plant
reaches its maximum size, it is considenedtureand ceases to grow. The third rule states

that a plant which is neither dominated nor mature will grow. The growth rule is

riv1 = ri(1 + random(Ar)).

Under this growth rule, plants in the absence of competitors will grow exponentially up to
the size of maturity. Simulation with this model produced a good fit to the self-thinning

curve.
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Figure 3.1: Diagrammatic representation of the model of self-thinning described
in [DHL*98]. Green circles represent growing plants, the red circle represents a domi-
nated plant, and the yellow circle represents a mature plant that no longer grows.

The second model was slightly more complicated and involved several species of
plants with different preferences for moisture level. Competing in a heterogeneous en-
vironment, a segregation of plants emerged between wet and dry areas. A log-normal size

hierarchy was observed in the mature populations.

3.2 Global-to-local models

Within ecology, the explanation and exploration of observed phenomena is of greater im-
portance than what particular microscopic state is obtained. Thus, the statistics of plant
distributions is more important than where, specifically, the plants are. Global-to-local
models are, then, of limited use within ecology.

In the field of computer graphics, however, the particular microscopic state is impor-
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tant, as that is what is rendered. Several methods for generating forest scenes have been
proposed. All of these use a global-to-local method for generating the spatial distribution
of trees.

Chiba et al. [CMDH97] place the trees randomly, using Poisson disc sampling [WW92].
This technique places points one at a time and at random, throwing out all points which
are closer than a given distance to a previously generated point. Neyret [Ney96] places
plants on every vertex of a rectangular grid, then jitters the positions. In both cases, the
desired global state is a constant tree density in the forest, with regular spacing between
trees.

Reeves and Blau [RB85] place the trees on the vertices on a rectangular grid, with the
added condition of a minimum distance between trees. The tree’s species can be chosen
interactively or procedurally. In one illustrated method, the species is determined by an
underlying heightfield, which otherwise has no effect. Higher trees are more likely to be
evergreens, lower trees more likely to be deciduous. Again, the desired global state is a
constant tree density with regular spacing, along with a greater concentration of conifers
in the heights and deciduous trees in the valleys.

Deussen [DHL 98] describes a global-to-local model which takes in a user-specified
density map. This density map is a greyscale image specifying how densely packed the
plants are in each area. The density map is run through a Floyd-Steinberg error diffusion
process [FS75] which creates individual points situated on grid vertices. After jittering
these points, plants are placed at each one.

All of these methods create plant distributions that are overdispersed; indeed, in most
they are overdispersed by design, explicitly enforcing minimum distances between the

plants.
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3.3 Multilevel modeling

The closest parallel to multilevel models in ecology is the techniqugfegation mod-
els[ACVPO00], which allow the modeling of higher ecological levels by grouping individ-
uals or species together into aggregates that are treated as units.

In computer graphics, however, all of the models described above are multilevel mod-
els, in the sense that they determine a plant distribution, then place individual plant models
at those positions. The models of Neyret [Ney96] and Chiba et al. [CMDH97], as well as
the global-to-local model described in Deussen et al. [DB] have the barest possible
connection between the ecological levels; the actual plant models which are placed at each
position are randomly determined, independent of the spatial distribution.

The spatial distribution model of Reeves and Blau [RB85] can also calculate the species
of each tree procedurally; for instance, dependent on altitude. The tree models placed at
each position are of the computed species.

The local-to-global spatial distribution models of the SIGGRAPH 1998 paper [[R8L
describe both the species and the size of each plant. The plant models are procedurally
determined; a pre-generated model of the plant’s species is executed a number of develop-
ment steps proportional to the size determined in the spatial distribution model. Smaller
plants are thus instantiated with models of younger plants; larger plants with models of

older plants.
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Local-to-global models derive global patterns — the spatial distribution of plants — from
local interactions between individuals. All of the local-to-global models of plant commu-
nities described in this chapter are implemented in L-systems [PL90], which were orig-
inally designed to represent individual branching plant structures. Section 4.1 describes
L-systems, and Section 4.2 describes multilevel L-systems [LP02], an extension which al-
lows their use in the modeling of populations of individuals. Three L-system based models
of plant communities follow, capturing the phenomena of self-thinning (Section 4.3), suc-

cession (Section 4.4), and clustering (Section 4.5).

4.1 L-systems

L-systems were introduced in [Lin68], and were designed to model individual branching
plant structures, which they represent by strings of symbols. Formally, an L-system con-
sists of three component¥’, (2, P): V' is thealphabet which is a set of all of the symbols
which the system will use2 C V* is theaxiom which represents the initial state of the
system; and® C V x V* is a set ofproductions which define how the system develops
over steps of time [PL90]. In each iteration, the productions are applied exactly once to
each symbol in the string, in parallel, yielding a new string. By convention, if more than
one production applies, the production which appears first in the production list is used.
Both the topology and the geometry of the plant can be included in the model. To model

topology, bracketed string notatiofLin68] is used; with this notation, anything inside a

24
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pair of brackets [] is a branch. To model geometry, we cantuidke notation[PL90], in
which symbols are interpreted as commands to a ‘turtle’ that moves in a two- or three-
dimensional space.

The following L-system illustrates the essential features of the language:

L-system 4.1:
Alphabet:  {I,B,[,]}
Axiom: IB

Production:  B— [IB]IB

The alphabet consists of the symbols I, and B. In a botanical context, these can be
interpreted asnternodes anBuds. The axiom is IB, an internode topped with a bud. The
production grows the plant from the bud — a bud yields a branch, another internode, and
another bud. The string [IB] represents a branch inditaeketed string notatiofLin68];
using this notation, everything inside a pair of brackets [] is a branch.

Figure 4.1 illustrates the execution of this L-system, visualizing internodes as lines and

N

buds as circles.

(a) Axiom (b) First derivation (c) Second deriva-
step tion step

Figure 4.1: The execution of L-system 4.1.

This thesis uses several extensions to the L-system formalism described above. First,
symbols such as | and B can be extendeg@ésametergPL90, PH90, Han92], which can

be acted upon as variables. This is illustrated in L-system 4.2:
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L-system 4.2:
Axiom: 1B(1)
1. B@t):t>2—L
2. B(Y) — IB(t+1)

This L-system is similar to the one above; however, in this case, the symbol B takes a
single parameter, which may be interpreted as 'age’. The first production turns a bud with
parameter 2 or greater intolaeaf. The second production is only used if the first fails;

that is, if B’'s parameter is less than 2. In that case, it produces an internode topped by a

bud which is one unit older. This L-system is illustrated in Figure 4.2.

(a) Axiom (b) First derivation (c) Second deriva-
step tion step

Figure 4.2: The execution of L-system 4.2.

Another extension of L-systems used in this thespsisudo-L-systenjBru86], which
makes it possible to rewrite two or more symbols using a single production. Finally, the
extension obpen L-system®1P96] makes it possible to capture the interactions between
the modeled plants and their environment.

In open L-systems, the environment is conceived as an external system which is linked
to the L-system through thenvironmental communication symi®i. The communica-
tion symbol is treated like any other within the L-system during the derivation step. After

derivation, the environmental communication symbol, the symbol immediately preceding
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it, and whatever parameters they hold are sent to the environmental program. The en-
vironment performs whatever processing is required, then changes the parameters of the
communication symbol and sends it back to the L-system. The altered parameters can

then be tested by the L-system and different actions taken depending on their value.

4.2 Multiset L-systems

L-systems are largely used to model the development of a single organism. This thesis
uses L-systems to model interaction between many plants at the ecosystem level as well.
To this end, it uses the formalism ofultiset L-systemsvhich were introduced in [LP0O2].

That paper described them as follows.

Multiset L-systems unify and extend to branching structures two previously defined
notions of the L-system theory: developmental systems with finite axiom sets [RL74] and
L-systems with fragmentation [RRS76]. In multiset L-systems, the set of productions
operates on a multiset of strings that represent many plants, rather than a single string that
represents an individual plant. New strings can be dynamically added to or removed from
this multiset, representing organisms that are added to or removed from the population.
All interaction between strings is handled through the environment.

Formally, a context-free non-parametric multiset L-system is a four-tipte(V, %, 2, P)
whereV is thealphabet(a finite set of symbolsy; ¢ V is a reservedragmentation sym-
bol, @ C V* is afinite set of words ovér” called theaxiom andP C V' x (VU {%})*is
a finite set ofproductions The alphabet” may contain, in particular, a pair of brackets,

[ and], which are used to delimit branches as described above and in [PL90].

A derivation step in a multiset L-system consists of two sub-steps. First, all words
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x; in the predecessor multiset are replaced by the intermediate successonwasag)
productions inP. The individual derivations:;; — y; are performed as in an ordinary
L-system. Second, the words that contain one or more fragmentation symbols % are
subdivided. In this process, the symbol % acts as the marker of positions at which branches
v are cut off the tree;. The remaining part of the treg and the cut off brancheg;.
become the members of the successor multiset.

For example, let us consider the multiset L-system 4.3:

L-system 4.3:

Alphabet:  {A,B,I,[,]}

Axiom: {A,B}

Productions: 1. A~ I[B]JA
2. B— B%A

Starting with the axiom, the first two derivation steps yield the multisets listed in Table 4.1.

step| intermediate multiset final multiset
0 | {A B} {A,B}
1 | {I[B]JA, B%A } {I[BJA, B, A }
2 | {I[BR%A]I[B]A, { I[B]I[B]A, A,
B%A, I[B]JA } B, A I[BJA }

Table 4.1: Operation of a sample multiset L-system

Extensions of L-systems, such as pseudo-L-systems and open L-systems, also apply
to multiset L-systems. In particular, in the simulation of ecosystems we rely extensively
on the environmental query symbol ?E to simulate interaction of plants with their en-
vironment. The models of the plants themselves are extremely simplified, in order to

accommodate a large number of plants. The L-system-based plant modeling software
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L-studio/cpfg [PKMHOO] was used to both generate the plant distributions and to

model the individual plants.

4.3 The self-thinning model

As an illustration of the use of multiset L-systems, consider the implementation of the
individual-based model of self-thinning outlined in [DHA8]. We construct an L-system
from the three rules of plant development (Figure 3.1). In the L-system, each plant is
parameterized only by position and size; in module forng,mt.

L-system 4.4.

Axiom: { T(z,r)?E(1),
T(fQ,TQ)’)E(l) y

T(7r)7EQL)}

1. T@r)?EC) : c==0—¢
2. T(@,r) :r > R — T(Z,R)
3. T(@r) — T(Z,r + grow(r, At))

Each plant is represented by the modul&,f)followed by the communication symbol
?E(c). The parameteris used for communication with the environmental process, which
sets it to O if the plant is dominated and 1 if the plant is not dominated. The environmental
program treats all of the trees as circles of radiusnd determines which circles are
intersecting; the smaller of any pair of intersecting circles is considered dominated.

The axiom introduces plants with random positions and sizes; the initial distribution
of plants could also be generated algorithmically. Under production 1 any dominated plant

(that is, a plant withc: == 0) will be removed from the population in the next iteration,

Iin L-studio/cpfg , vectors cannot be parameters of modules. However, for the sake of simplicity,
the vector? will stand in here for the doubler, ).
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Figure 4.3: Three stages of simulation of the self-thinning process. Green circles are
growing plants, red circles are dominated plants, and yellow circles are mature plants, as
in Figure 3.1.

along with its associated communication module. Production 2 stops the growth of a plant
which has reached the maximum sizeFinally, production 3 increases the size of a plant
which is neither dominated nor mature. The user-defined function graw) captures
the growth of a plant of radiusover time intervalAt.

Figure 4.3 shows three stages of a self-thinning process simulated using this L-system.
As the plant community develops over time, dominated plants gradually disappear and thin
out the distribution. Figure 4.4 shows a graph obtained by sampling the state of the system
at each time step of a single simulation — compare it with the theoretical self-thinning

graph in Figure 2.1.

4.4 Plant succession

An extension to L-system 4.4 transforms it into a model of interaction between two plant

species.
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Figure 4.4: A self-thinning curve which tracks the progress of the simulation shown in
Figure 4.3. The dotted line has a slope-af/2 and the thick line is made up of samples
taken from the simulation at each time step. The circles represent the three steps shown in
Figure 4.3.
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L-system 4.5:
Axiom: { X }

1. X — T(#,r1,1)?E(L) %

T(Zn,1n,1)?E(1) %
T(fn+1 y'n+1 ,Z)OE(l) %

T(Zsminsm2)?E(L) % X

N

T(@,r,sp) ?E(C) : ¢ == 0 && random(1x shadedfp] — T(Z,r,sp) ?E(1)
3. T@r,sp) ?E(C):c==0—¢

T@r,sp) . r > R && random(1) < oldagepp] — T(7,R,sp)
T@rsp):r>R—e€

ok

6. T(r,sp) — T(Z,r + grow(r,sp, At),sp)

In this model a plant is represented by the modul&,T§p). Parameters’ andr
represent the plant’s position and size, as in the previous model; the parametehe
plant’s species identifier, either 1 or 2. Production 1 adaeew plants of species 1 and
m new plants of species 2 to the population. The production predecessor X reappears in
the successor multiset; thus, new plants are added in every simulation step. Productions 2
and 3 removes a dominated plant with probability shaded[sp]. The value shadeslf],
called theshade tolerancef the plant, is a measure of how well it can handle being in
shadow. Regardless of shade tolerance, a plant that is dominated will not grow.
Productions 4 and 5 model the senescence of plants. Once a plant has reached the
radiusR, it survives with the probability oldagej]; a plant that does not survive dies and
is removed from the community. Production 6 uses the growth function grgwi\¢) to
simulate the growth of plants that are neither dominated nor old, according to their size

and species.
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With the right parameterization, this model captures the phenomenon of succession
(Section 2.1). If species 1 has a higher growth rate but lower shade tolerance and old-
age survivorship than species 2 (groyi(At) > grow(r,2,At), shaded[1l}< shaded[2],
oldage[1l]< oldage[2]), then an initially empty field will be populated in stages. First,
the field will be dominated by species 1. Then, as the largest members of species 1 die,
smaller members of species 2, which have survived due to their greater shade tolerance and
now have a size advantage over young seedlings of species 1, fill in the gaps. Eventually,
the field will be dominated by members of species 2. A straightforward extension of this
model to three plant species is illustrated in Figure 4.5, with realistic plant models created
by the methods discussed in Chapter 6.

Models of plant succession are important in practice, specifically in the simulation of
tree regrowth after cutting. Our simple model is just the first step toward addressing the

problem of visualizing plant succession with enough accuracy for predictive purposes.

4.5 Clustering through plant propagation

The evaluation of the Hopkins index for the distributions shown in Figure 4.3 yield values
of H equal to 0.8, 0.4, and 0.4, respectively. Similarly, calculating the Hopkins index for
the distributions in Figure 4.5 results in H values of 0.6, 0.7, 0.7, and 0.6, respectively.
This shows that the competition for space in a thinning process leads to overdispersed
plant distributions.

We can see why this is the case. If any two plants so much as touch each other, one of
them will become dominated. In the self-thinning model, the dominated plant immediately

dies; in the succession model, it dies with some probability per derivation step. In either
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(a) After 20 iterations

(c) After 300 iterations

(d) After 1000 iterations

Figure 4.5: Four stages of ecosystem simulation using the plant succession model
of L-system 4.5. Left: results of coarse-level simulation, using pink circles to in-
dicate position of herbaceous plants (fireweed), orange circles to indicate positions
of the early-succession deciduous trees, and green circles to indicate positions of the
late-succession coniferous trees. Right: synthetic images obtained by placing tree models
at the locations generated by the coarse-level simulation.
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case, the competition for space drives the plants apart, and there is no opposite mechanism
encouraging plants to cluster.

One clustering mechanism observed in nature is local propagation. We can capture
it, for instance, by ‘sowing’ new plants near parent plants of the same species, instead
of making them appear at random throughout the field. The resulting alteration of the
succession model is given in L-system 4.6.

L-system 4.6:
Axiom: { T(z,r,1)?E(1) ,

T(Z,,r,1)?E() ,
T(fn+1 41 ,Z)OE(].) y

T(‘%’n-i-marn-ﬁ-miz)r)E(l)}

=

2. T@rsp)?E(c):c==0-¢

T(@,r,sp) : r > R && random(1) > oldagefp] — T(Z,R,sp)
T@rsp):r>R—¢

B w

5. T(@r,sp) ?E(c)— T(Z,r + grow(sp,r,At),sp) ?E(1) % T + AL,rq,sp) ?E(1)

The axiom defines the initial state of the model by placinglants of species 1 and
m plants of species 2 at random in the field. The subsequent productions are the same as
in the succession model, except for production 5. According to it, a plant that is not dom-
inated creates a new plant at position- Az, whereAZ is a small random vector. Since
the new plant is in close proximity to its parent, this propagation mechanism encourages
clustering in the distribution.

Figure 4.6 illustrates the operation of this model. At the beginning, plants are randomly

distributed. As the ecosystem develops, the two species become spatially segregated, cre-
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ating large clusters of plants of each species. For example, the Hopkins indices of species

1 at the three stages shown are equal to 1.1, 4.2, and 11, respectively.

4.6 Conclusion

The three models described in this chapter capture many of the ecological phenomena dis-
cussed in Chapter 2. The thinning model of Section 4.3, originally described in {B8]L
exhibits a very good fit to the theoretical self-thinning curve. The succession model
(Section 4.4) produces the expected waves of dominance by different species, from fast-
growing to shade-tolerant. Finally, a high Hopkins index indicates that the model of clus-
tering by propagation (Section 4.5) does indeed create spatial distributions that exhibit

clustering.
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(c) After 1000 iterations

Figure 4.6: Three stages of ecosystem development simulated using the plant propagation
model of L-system 4.6. Left: results of coarse-level simulation, using orange circles to
indicate positions of poplar trees and green circles to indicate positions of spruce trees.
Right: synthetic images obtained by placing tree models at the locations generated by the
coarse-level simulation.
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Global-to-local models derive local instantiations — the locations and other properties of
individual plants — from specified global properties. The global-to-local methods de-
scribed in this chapter usedeformation kerneto decompose a global probability dis-
tribution into individual plants. The deformation kernel describes how the presence of a
reference plant alters the probability that a second plant will be found at a given distance
from it. The global-to-local model using deformation kernels is described in Section 5.1.

Implementation is discussed in Section 5.2, and results are shown in Sections 5.3 and 5.4.

5.1 The deformation kernel method

The effect one plant in the self-thinning model of L-system 4.4 has on the probability of
finding another plant nearby is shown diagrammatically in Figure 5.1. Within the reference
plant radius, the probability of finding another plant is very small; outside that radius,
the probability of finding another plant is not affected by the reference plant.

The function K shown in Figure 5.1 is an example ofdaformation kernel If we
suppose there is a probability fiellwhich gives the probability of finding a plant at each
point, the deformation kernel captures the impact of an existing plant on this field. Various
interactions between plants can be described using deformation kernels of different shapes,
as suggested in Figure 5.2.

A simple global-to-local placement algorithm can now be developed using this de-

formation kernel idea. We maintainjaint probability density functiofiRos97] f(x,y),

38
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Figure 5.1: The effect a plant has on the probability of finding neighbouring plants.
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Figure 5.2: Examples of deformation kernels.
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which characterizes the probabilify{z, y)dxdy of placing a new plant in the are&dy
centered af (z,y). The plants are placed one at a time; as each is placed, its deformation
kernel is applied to the probability functiofi that will be used to determine the posi-
tion of the next plant. In this way, a distribution of plants will eventually be formed by
decomposing’.

Formally, the joint density functiort defines a probability field, where the probabil-
ity of a new plant growing in the rectang|é, =] x [0,ys], with 0 < z, < z,,,, and

0 < ys < Ymaz» 1S given by the cumulative probability distribution function

F(:Es»ys> - P{xt S Ts, Yt S ys}

Ts Ys
- / f(y) dr dy.
0 0

The plant must be somewhere in the field, so the probability that the plant will be found
in the rectangl€0, z,...] X [0, ymaez| IS ONe, and the density function must satisfy the

normalizing equation

/0 xmz/oym Flz,y)dedy = 1. (5.1)

We find the positioriz,, y;) of the plant to be added by calculating firstjtghen itsz
coordinate. To this end, given the two-dimensional density functiany), we create the

marginal distribution functiorfy (y). That distribution function describes the probability
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thaty, < vy, independently of the choice of * :

FY(ys) - P{xt S Lmazs Yt S ys} = F(Imaxvys)-

We choose theg coordinate for the plant using tiveverse transformation meth¢gos97].
To this end, we generate a random numbérom the uniform distribution ono, 1]. We
then searchty (y) to find the valuey, such thatFy (y,) = u. As Fy is monotone and
continuousy; exists and is unique. This is our planysoordinate.
Once we have chosep, we use theconditional distributionFxy (s | ¥:), which
describes the probability that < z,, given ay valuey;:
o fa ) de

Fxir(@s [ 90) = Ploe < s Ly = o= v
O )

We then apply the inverse transformation method to find the coordipageren Fxy (xs | y¢).

Having placed a plant of sizg at position(z;, y,), we now deform the probability
density functionf(x, y) in order to simulate the effects of that plant on the placement of
nearby plants. To this end, we first multiply the probability density funcfian y) by the

plant’s deformation kernek (x, y),

ftemp(x,y) = f(l’,y)K(J],y),

then renormalize the functiofy.,..,(z, y) to satisfy Equation 5.1. The deformation kernel

typically is a function of the form

IThereis a corresponding marginal distribution functiga(x,), which describes the probability that
x; < x4, independent of what is chosen fgr.
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K(z,y) = (\/(x_xt)2+(y_yt)2> 7

T
where the function:(r) measures the effect a unit-sized plant has on the formation of
plants at a distancefrom it.

The operation of the kernel method is illustrated in Figure 5.3. The deformation kernel
is Figure 5.2(d). The initial distribution is uniforny,(z,y) = ¢. In the middle, a single
plant has been added to the field; the density function has been altered in the plant’s neigh-
bourhood. On the bottom, four more plants have been added, and the density function has

been modified near each of them.

5.2 Implementation of the deformation kernel method

An obvious way to implement the above concepts is to represent values of the probability
density functionf(z,y) using ann by n array of sampleg;;. To calculate position of a

new plant, we create a vectBrof partial sums of the rows, where

We determine the coordinage of the newly placed plant using the inverse transformation
method. To this end, we pick a random numberom the uniform distribution on the
interval [0, R,,_4], then perform a binary search to loc&eg such thalR; < u < R;;;.
We then linearly interpolate betweénh R;) and(i + 1, R;11) to find (y;, u).

Now a vectorC of values representing the conditional distributibRy (x, | y) is

computed by interpolating rowisand: + 1 of the arrayf;,.
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(a) A uniform initial probability density

(b) After placing a single plant and deforming

(c) After placing several plants

Figure 5.3: An example of the deformation kernel algorithm, using the kernel of Fig-

ure 5.2(d). Left: the plant distribution. Right: the functign
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k k
Cr=(ye =)D farv; + (i +1)=v) > fiys
j=0 =0
Given the value,, £k = 0,1,...,n — 1, we choose a value from the uniform random
distribution on the intervdh, C,,_4], and use the inverse transformation method to find
The kernel is applied by simply calculating the distadcd every sampling point, j)
from (x, y;), then multiplying the valug;; of the distribution functiory at that point by

n(g). The entire process is captured by Algorithm 5.1.

Algorithm 5.1:

for each plant do
R() —0
forifromOton —1do
for j fromOton — 1 do
R —R;+ fj;
Riy1 — Ry

u«—randR,,_;)
findk suchthatR, < u < Ryy1
Ye <k + (u — Ry)/(Ri1 — Ri)

CO —0

for j fromOton — 1 do
Cj — Cj+ ((ye = k) X firany; + (K +1) —w1) X fiy)
Cj+1 — Cj

v« randC,_1)

find ¢ such thatC, < v < Cyy4

Ty 12 + (U — Cg)/(Cg.H — Cg)

for i from (ly; — r,]) to ([y, + r¢]) do
for j from (|z; — r¢]) to ([x; + r;]) do
d—/(x— )2 + (ye —0)?
fij < fig x w(d/r)
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If there arem plants to be placed and the functigris represented using’ valuesy;;,
the above algorithm will tak&(mn?) time to run, since the suni®, must be recalculated
each time a new plant is placed.

We improve on this result by updating the arf@yincrementally. When a kernel is
applied to the distribution, the differences betwg‘grandm(%)fij are summed for each
(1, 7) within the range of the plant, and the differences are applied to theRrragsuming
that the kernel is only applied to a small fraction of the cells in the grid, this operation can
be performed irO(n) time per plant. The modified algorithm is shown as Algorithm 5.2.

Algorithm 5.2:

RO — 0
fori fromOton — 1 do
for j fromOton — 1 do
R, — R; + fj;
Rt — R,

for each plant do
u <« randR,,_1)
findk such thatR, < u < Ry
gk + (u—Ry)/(Ris1 — Rip)

CO — 0

for j fromOton — 1 do
Cj — G+ ((ye — k) X fupny; + (K +1) —v1) X fiy)
Cj+1 — Cj

v« randC,,_)

find ¢ such thatC, < v < Cyy4

T < 12 + ('U — Cg)/(Cg.H — Cg)

AR «— 0
for i from (ly, — r,]) to ([y, + r¢]) do
for j from (|z; — r¢]) to ([« + r¢]) do
d—\/(xy— ) + (g — i)?
AR — AR+ (fi; — fi; x k(d/rt))
fi < fij X 6(d/re)
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Figure 5.4: Some kernels and the point patterns they generate. The kernels are drawn at a
larger scale than the point patterns.

for i from ([y; + ] + 1) ton do

5.3 Results

Figure 5.4 shows point patterns generated using the above algorithm with different defor-
mation kernels. We can check that they vary between uniformly distributed and clustered
by calculating their Hopkins indices. The Hopkins indices of the figures shown are 0.4,
1.0, 1.2, and 2.4, confirming the visual observation that the kernel method is capable of
creating a range of distributions, from regular to random and clustered.

In Figure 5.5 points have been replaced by simple models of daisies, created using an
L-system. The very different visual impact of the three images demonstrates the impor-

tance of clustering to synthetic images of plant communities.
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(c)H=2.4

Figure 5.5: Point patterns corresponding to Figures 5.4(a), 5.4(c), and 5.4(d), rendered as
fields of daisies.
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A

(a) The density map

(b) Low clustering (H~ 1.2). (c) Higher clustering (H= 1.9).

Figure 5.6: Plant distributions created from a user-defined density map.

The distributions shown in Figure 5.5 are created by initializing the probability density
function f to a constant value. If, instead, we initialifeto a user-defined field (with a
paint program, for example), we can generate spatial distributions of plants that conform
to this field, as shown in Figure 5.6. This result improves on the methodology created
in [DHL *98], which allowed for the application of a user-specified density map, but did

not make it possible to control the degree of plant clustering.
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distribution affected
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Figure 5.7: The concept of the kernel matrix M for two species.

5.4 Extensions

The deformation kernel method can be extended to include information about the plants’
sizes, as well as to model the interaction of several species.

The sizes of the plants can be drawn from a distribution which fits the size hierarchy
observed in nature (Section 2.3). This information is taken into account while generating
the distribution by placing plants in order of size, largest first. Larger, older plants then
affect the positioning of smaller, younger plants, as is to be expected.

To incorporate multispecies information, it is noted that plants of species 1 may have
a different effect on other plants of species 1 than they do on plants of species 2. Different
kernels are thus required to capture these different effects. In fact, for two species, a total
of four kernels are required: one for the effects species 1 has on itself, one for the effects
species 1 has on species 2, one for the effects species 2 has on species 1, and one for
the effects species 2 has on itself. This leads, in the general cas&etaed matrix\/

(Figure 5.7), which defines the effects that each species has on itself and on each other
species.

In an extension of the deformation kernel methodhtepecies, we keep track af
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different probability density functiong;. As plants are placed, each probability density
function is deformed by the relevant kernel; thus, if a plant of speciegplaced, each
function f; is deformed by kerned/; ;, where: = 1,2, ..., n. This process is illustrated
in Figure 5.8.

A full-scale instance of these techniques is the forest community model shown in Fig-

ure 5.9, with tree models generated using the method of Chapter 6.
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(c) After placing several plants of each species

Figure 5.8: An example of the deformation kernel algorithm with two species. On the left,
the probability density function of species 1; on the right, that of species 2.
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Figure 5.9: A forest community distribution created by the multispecies kernel method.
Top: the distribution created, using dots to represent trees. Bottom: synthetic images
obtained by placing tree models at the locations generated by the coarse-level simulation.



CHAPTER 6
MULTILEVEL MODELING OF PLANT COMMUNITIES

The methods described in Chapters 4 and 5 create spatial distributions of plants within
plant communities. These spatial distributions are ideally used in conjunction with some
individual plant models to create a multilevel model of plant communities [D®8].

This multilevel model allows us to depict plant scenes in greater detail than the higher-
level spatial distribution models alone, and to efficiently model scenes of much greater
complexity than lower-level individual models alone.

Like the community models, individual plant models can be categorized into local-to-
global and global-to-local models. Local-to-global approaches, in which a plant devel-
ops according to a series of rules and an initial state, were used in the multilevel models
of [DHL *98]. Unfortunately, local-to-global plant models suffer from the same problem
of lack of controlas their counterpart community models. This is problematic in the case
of multilevel models, because it is the plant’s global characteristics that are specified by
the elements of the higher-level model. Thus, it seems that global-to-local plant models
are far more useful in the business of multilevel modeling.

Global-to-local plant models are discussed in depth in [PMKLO1]. That paper includes
a model of a plant based on g#8houette curvéFigure 6.1).

L-system 6.1:
Axiom: A(0,0)

1. A(o,s): 0 < MAX_ORDER && s < max_len|o]
{ rel = s/max_len[o]; } ~~
#(int width(o,rel)) F(intlen(o,rel))
[+(branchangp,rel)) A(o + 1,maxlenfo + 1] - branchlen(o,rel)) |
/(phyllo_angp]) A(o,s+int_len(o, rel))
2. A(0,s) : s > max_len[o] ~ "K
53
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(a) A desired tree  (b) Fitting a tree (c) The resulting
silhouette to the silhouette tree model

(d) Other trees with their silhouette curves

Figure 6.1: Trees generated by L-system 6.1 and their defining silhouette curves.
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L-system 6.1 is based on the conceptbodnch mapping Under this assumption,
short branches are identical to the top parts of longer branches of the same order. A series
of functions define the shape of the tree: m@m|o] is the length of the longest branch
of ordero; int_len(o, rel) and intwidth(o, rel) define the length and width of internodes
of ordero at relative positionrel along the parent branch; branahgp, rel) defines the
branching angle of a new branch; and brahe(, rel) defines its length. The constant
phyllo_angp] is the phyllotactic angle which defines the rotation about the branch be-
tween successive internodes of order

L-system 6.1 can then be understood as follows: The modules)Afepresents a
branch of ordew and length maxen[o]—s. Thus, the axiom represents a ‘branch’ of
order O (that is, a trunk) of length ma&n[0], which is the height of the tree. Production
1 is activated only if the branch is of order less than the maximum and has not yet reached
its maximum length. The local variabtel is set to the relative position of from O to
maxlen[o]. The production then creates an internode of widthwrdth(o,rel) and length
int_len(o,rel); a branch of ordes + 1 and length branclen(o,rel); and, finally, a rotation
by the phyllotactic angle phyllangp] and a continuation of itself, of the same order but
int_len(o, rel) shorter. The second production turns the tip of every branch into a leaf K.

If the branches are relatively straight, the silhouette of the tree is provided by the func-
tion branchlen(0yel), and the height and width of the tree can be said to be_le@{0]
and maxlen[1], respectively. This provides a useful set of global parameters to match to
the parameters provided by the higher-level model.

In the case of the models described in Chapters 4 and 5, the only parameters provided
to a plant are its position, size, and species. The actual height and width of the tree object

which is generated are related to the sizarough a power function [Nik94]:
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whereAy, Aw, cy, andey, are dependent on the species.

The plant models created in Chapters 4 and 5 are quite simply created using L-system 6.1.
A “species” is created manually as a given silhouette specification and set of parameters.
For instance, the “poplar” model of Figure 4.6 has an ellipsoid silhouette; the “conifer”
model of the same image has a conical silhouette, and, in addition, has the phyllotactic
angle of first-order branches setli®0°, creating the horizontal branch tiers characteristic
of such trees.

In theory, every plant could be created individually; however, given the size of the
geometric description of even a single tree model (up to sixty megabytes), some form of
approximate instancinfPHL *98] is required. At most, a few dozen plant objects are used
in the images shown in this thesis (See Table 7.1). A k-means clustering algorithm [LL83]
is used to find a small number of exemplar sizes which are representative of each species.

As an illustration of the entire process, we consider the steps taken to produce Fig-
ure 5.9(b) from Figure 5.9(a). A silhouette and set of parameters are modeled by hand for
each species. Ten exemplar sizes are chosen for each species and each plant in the scene
is replaced by one of the exemplar sized plants. Figure 6.2(a) shows the scene from Fig-
ure 5.9 rendered using the silhouette shapes instead of realistic tree models. Finally, ten
plant objects of each species are created, filling the silhouettes, and placed at the required

positions (Figure 6.2(b)).
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(a) With silhouette shapes

(b) With realistic tree models

Figure 6.2: A comparison between silhouette shapes and realistic tree models in the ren-
dering of the distribution of Figure 5.9.



CHAPTER 7
CONCLUSIONS

Statistics pertinent to the scenes shown in this thesis are given in Table 7.1. The times
taken to generate the spatial distribution vary greatly, from under a second (for the defor-
mation kernel models) to nearly an hour (for one of the local-to-global models). It must
be remembered, however, that the local-to-global models create an entire history of the
spatial distribution, while the global-to-local models create the spatial distribution of one
moment in time. Each timestep of the local-to-global models takes, on average, under
three seconds.

None of the images took, from the start of the spatial distribution generation to the
end of rendering, more than an hour to create. Once the form of the individual plant
models for each species are created, the entire task, except for lighting and other aesthetic
considerations in rendering, is automated. This makes the process suitable for the practical
application to realistic image synthesis.

Possible further directions for this research include various practical applications, such
as scene dressing for computer animation purposes and visual impact analysis of tree cut-
ting and regrowth. The realism of the resulting scenes can be further improved using more
accurate models of the underlying biological processes and more sophisticated rendering
methods. Finally, the idea of the deformation kernel is not inherently a global-to-local
one; it should be possible to create a local-to-global model of the spatial distribution of

plants using deformation kernels.

58
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Number of Time takef

. different | primitives | distribution | plant
Fig. plants| plants (millions) | generatioh | generation rendering®
4.5a| 2688 20 34 9 sec 30 sec 8 min
b| 1593 20 18 72 sec 27 sec 8 min
c| 1409 20 30 2 min 30 sec 9 min
d 834 20 78 3 min 40 sec 11 min
4.6a| 5584 24 141 2 min 30 sec 15 min
b| 5526 24 147 22 min 30 sec 14 min
c| 3427 24 100 44 min 30 sec 12 min
55| 100 8 1.5 0.05 sec *d 2 min
6.2 1599 36 147 0.5 sec 65 sec 11 min

aTimes recorded on a 733 MHz Pentium Ill processor.

bFor Figures 4.5 and 4.6, the times given show how long the simulation took to reach the given frame.

“Raytraced witlrayshade , 9 samples per pixel. For Figures 4.5, 4.6, and 6.2, the imageéd2ds 512
pixels; for Figure 5.5, the image wéd40 x 480 pixels.

9The plant models for Figure 5.5 were manually generated and randomly assigned.

Table 7.1: Statistics pertinent to Figures 4.3, 4.5, 4.6, 5.5, and 6.2.

Final words
This thesis addresses several open problems in the modeling of plant communities for
image synthesis. First, the distinction between local-to-global and global-to-local models
originally made in [PMKLO1] is extended to models of plant communities, and new mod-
eling methodologies are applied to each. The formalism of multiset L-systems provides a
framework for individual-based local-to-global models of plant communities; the global-
to-local deformation kernel method allows greater control over the decomposition of an
initial density function.

Second, the global-to-local plant modeling techniques described in [PMKLO1] are
combined with the spatial distribution models to create multilevel models of plant com-
munities. The global-to-local nature of the individual plant model allows tighter coupling

between the two levels of the model. The size, shape, and species of each plant in the
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higher-level model can be reflected in the individual plant model.

Third, these methods have been illustrated using examples with ecological relevance.
Local-to-global models expressed in multiset L-systems captured the phenomena of self-
thinning, succession, and clustering. The deformation kernel method is used to create
models with variable clustering and multiple interacting species. Finally, the methodolo-
gies have been applied to image synthesis with the creation of realistic visualizations of

these models.
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