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Abstract 

Grid-based automata models have been widely applied in simulating ecological process and spatial patterns at 
all spatial scales. In this paper, we present methods for calculating the effects of number of states, size of the 
neighborhood, means of tallying neighborhood states, and choice of deterministic or stochastic rules on the 
complexity and tractability of spatial automata models. We use as examples Conway’s Game of Life and 
models for successional dynamics in a mesquite savanna landscape in south Texas. The number of possible 
neighborhood state configurations largely determines the complexity of automata models. The number of dif- 
ferent configurations in Life, a two-state, deterministic, voting-rule model with an eight-cell Moore neighbor- 
hood is 18. A similar model for the seven-state savanna system would have 21,021 different neighborhood 
configurations. For stochastic models, the number of possible state transitions is the number of neighborhood 
configurations times the number of possible cell states. A stochastic, unique neighbor model for the savanna 
system with a Moore neighborhood and seven possible states would have 282,475,249 possible neighbor- 
hood-based state transitions. Stochastic models with an eight-cell Moore neighborhood are probably most 
appropriate for ecological applications. The best options for minimizing the complexity of ecological models 
are using voting rather than unique neighbor transition rules, reducing the number of possible states, and 
implementing ecologically-based heuristics to simplify the transition rule table. 

Introduction 

Grid-based models such as cellular automata have 
been widely applied in simulating ecological 
processes and spatial patterns at all spatial scales 
(e.g., theoretical populations - Molofsky 1994; 
wild daffodils - Barkum and Hance 1982; grasses - 
Silverton et al. 1992; shrubs - van Tongeren and 
Prentice 1986; birchheech forest - Wissel 1991; 
animal populations in a landscape - Zhou -and 
Liebhold 1995; metapopulations - Hanski and 
Gilpin 1991; landscapes - Turner et al. 1993). This 
simulation approach has great flexibility because 
each cell in the grid can represent any of a great 
variety of ecological entities from individual plants 
in community dynamics models to arbitrarily-large 
patches of ground such as the data pixels in satel- 

lite images. In addition, the rules governing the 
state change behavior of each cell can be arbitrarily 
set for neighborhood size and interactions at the 
discretion of the modeller, or in accord with the 
nature of the spatial data available. 

However, there is still considerable variability in 
terminology and details for grid-based models in 
the ecological literature. For example, ‘cellular 
automata’ has been widely used to characterized 
grid-based models with discrete or continuous state 
values, with stochastic or deterministic state transi- 
tion rules, or with synchronous or asynchronous 
(e.g., ‘event-driven’) state changes. The original 
formulation of ‘cellular automata’ was actually 
very narrowly defined to include a finite number of 
discrete states with deterministic and synchronous 
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transition rules (Hogeweg 1988). To avoid confu- 
sion between ecological applications and formal 
mathematical treatments of ‘cellular automata’ in 
the complexity and non-linear systems literature, 
we prefer to call this general class of ecological 
models ‘spatial automata’. In fact, grid-based 
automata models are themselves a subset of a larg- 
er class of models called ‘polyautomata’, which 
includes such diverse formalisms as compartment 
models, network models, and neural networks 
(Smith 1976). 

As for any modelling paradigm, it is important 
to understand as much as possible the general 
behavior of spatial automata as a mathematical 
construct. This is to make sure that ecologically- 
interesting behavior of applied models can be dis- 
tinguished from artifact behavior arising from the 
mathematics of the model. One factor crucial to 
spatial automata models is the number of rules 
required for the state transition matrix, given the 
number of possible states, the size of the neighbor- 
hood, the means of tallying neighborhood states, 
and the choice of stochastic or deterministic rules. 
As number of states and the size of the neighbor- 
hood increase, the number of rules required to 
completely specify the system also increase, but 
how just how quickly? 

In this paper, we present means for calculating 
the effects of these factors on the state transition 
rule matrix for different formulations of spatial 
automata, including, but not limited to, cellular 
automata. This presentation is semi-formal in that 
we introduce terminology and notation that we 
have found useful in understanding different auto- 
mata models. However, our main objective is to 
demonstrate that while complete specification of a 
spatial automata model can become very complex 
very fast, there are a number of simplifications and 
tradeoffs to be made in selecting a particular for- 
malism for application. This is to make sure that 
the model remains computationally feasible, and, 
for empirical applications, that the available data 
are adequate for parameterizing the model. 

Cellular automata 

We begin with a definition of cellular automata 
which, because it is a simple, narrowly-defined for- 

malism, is useful as a starting point for considering 
other spatial automata formalisms. Cellular auto- 
mata is a grid-based model in which each cell in 
the grid is an independently-behaving entity (an 
‘automaton’) which at any moment in time as- 
sumes one of a set of possible discrete states. The 
grid is a regular tessellation of cells, most com- 
monly an orthogonal two-dimensional grid with 
square cells. A common ecological application is to 
specify each cell as the possible location of a single 
plant, and the possible states for each cell as the 
presence or absence of a plant in that cell (e.g., 
Molofsky 1994). The model would thereby simu- 
late the population dynamics of the plant species 
within the spatial extent of the model grid. Cell 
behavior involves each cell deciding its state at the 
next time step in the model simulation. All cells 
make this decision and change states accordingly in 
synchrony. The decision is based on the current cell 
state and those of cells in a neighborhood of uni- 
form number and spatial configuration for each cell 
in the grid. The particular configuration of states 
for the cell and its neighborhood of cells is called a 
neighborhood Configuration. For all cellular auto- 
mata models, there is a set of rules which unequi- 
vocally specifies the next state of the cell given its 
neighborhood configuration, that is, cellular auto- 
mata in the strict sense is based on deterministic 
rules for state changes. For any possible neighbor- 
hood configuration, there is a rule specifying the 
next state for the cell. In practice, there are a limit- 
ed number of possible cell states, but a much larger 
possible number of neighborhood configurations, 
so many different configurations will indicate the 
same outcome state. Like the neighborhood size 
and shape, the state transition rules are identical for 
all cells in the grid. 

The neighborhood of each cell can be defined in 
a number of ways, but two of the most common 
patterns in orthogonal grids with square cells are 
the von Neumann and Moore neighborhoods 
(Hogeweg 1988) (Fig. 1). The von Neumann 
neighborhood includes the four adjacent cells shar- 
ing a common edge with the central cell. The 
Moore neighborhood includes all eight adjacent 
cells touching the central cell along the edges or at 
the corners. Actually, because each cell considers 
its own current state as well as those of its neigh- 
bors in determining its next state, the neighborhood 
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Fig. 1. A cell (black) and its neighborhood of cells (gray tones) 
in a grid-based model. The four dark gray neighbors adjacent 
along the cell edges comprise a von Neumann neighborhood. 
These and the four light gray neighbors at the cell corners com- 
prise an eight-cell Moore neighborhood. 

configuration for the von Neumann neighborhood 
considers the states for five cells rather than four, 
and that of the Moore neighborhood nine cells 
instead of eight. It is convenient to use the term 
neighborhood for the four or eight nearby cells, 
and neighborhood configuration for the neighbors 
and the central cell itself. Larger neighborhoods 
can also be specified by adding more cells in a 
roughly radially symmetric pattern, i.e., in concen- 
tric rings of more and more cells around the central 
cell. However, as more cells are added to the neigh- 
borhood, the number of possible neighborhood 
configurations of state values also increases, so few 
models consider more than an eight-cell neighbor- 
hood. 

The strict formulation of cellular automata has 
two attributes that distinguish it from other spatial 
automata. First, there is a finite number of discrete 
states for each cell. Second, the rules for state 
change are deterministic. The formal rule set for a 
cellular automata model would therefore consist of 
a two-column table in which each possible neigh- 
borhood configuration is listed in the left column 

and the designated next cell state is listed in the 
right column. Because there is only one possible 
outcome for each neighborhood configuration, this 
formulation is considered a one-dimensional rule 
table. While most ecological automata models use 
discrete states, many use stochastic rules which 
specify probabilities for state change rather than 
deterministic rules. In a formal specification of the 
rules for a stochastic automata model, there is a 
column for each possible outcome state in the mod- 
el, with a probability listed for each of these states 
for each neighborhood configuration. This is then a 
two-dimensional rule table. 

A well-known cellular automata model is John 
Conway’s Game of Life (Gardner 1970). In this 
simple simulation, each cell represents the potential 
location of a sessile microbe-like organism. Each 
cell can be either ‘alive’ or ‘dead’, that is, this is a 
two-state system. The neighborhood of each cell is 
an eight-cell Moore-type neighborhood. The simple 
deterministic rules for this system dictate under 
what conditions a dead cell is ‘born’ into a live cell, 
a living cell dies, and a dead or living cell remains 
a dead or living cell (Table 1). Note that there are 
only six rows in this table because neighborhood 
configurations with tne same outcome have been 
pooled into single rows. In a more formal specifi- 
cation for the model there would be one row for 
each possible neighborhood configuration. These 
rules can also be stated in an equivalent stochastic 
rule table in which the probabilities for the out- 
come states are 1 and 0 (Table 2). 

A model for successional dynamics in a mes- 
quite savanna landscape at the La Copita Research 
Area in south Texas (Scalan and Archer 1991) will 
be used as a more complex example for the sec- 
tions below. This model simulates changes in vege- 
tation cover from 1960 to 1983 within 20 x 20 m 
cells in a grid superimposed on aerial photographs 
of the study area. This model is actually a Markov- 
ian matrix model in that the size of the neighbor- 
hood configuration is one, that is, the cell considers 
only its own state in determining its next state. In 
addition, the state transition rules are stochastic 
rather than deterministic (Table 3), so this model is 
not a strict cellular automata model. This model is 
of interest because there are seven possible states, 
and we would like to consider how complex the 
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Table 1. Deterministic state transition rule table for Conway’s 
Game of Life, a strict cellular automata model. There are two 
possible state values for each cell, ‘alive’ or ‘dead’. 

Neighborhood configuration 

Current Number of Next 
cell ‘alive’ cell 
state neighbors state 

Dead 0-2 
Dead 3 
Dead 4-8 
Alive 0-1 
Alive 2-3 
Alive 4-8 

Dead 
Alive 
Dead 
Dead 
Alive 
Dead 

model would become if the neighborhood configu- 
ration size was expanded from one (Markov) to 
five (von Neumann) or nine (Moore) cells. 

Basic notation and terminology 

There are three basic numbers involved in calculat- 
ing number of state transition rules for any spatial 
automata formulation: 

the number of possible discrete states of each 
cell, 
the number of cells in the specified neighbor- 
hood configuration, i.e., the cell itself and all 
other cells in the neighborhood, and 
the number of possible neighborhood configura- 
tions of cell states. 
The number of states s and the neighborhood 

configuration size n are specified in the model for- 
mulation, but c is calculated in different ways 
depending on how the neighborhood is polled for 
the transition rules. If each neighboring cell is 
uniquely identified by its spatial orientation with 
respect to the center cell (e.g., north, south, east, or 
west), we term this model a ‘unique neighbor’ sys- 
tem. On the other hand, if the number of cells in 
each state are simply tallied without consideration 
for which state is in which cell, then we term it a 
‘voting’ system. The roll of two dice is a voting 
system because we do not distinguish each die in 
tallying the result; all permutations of each out- 
come are considered identical. In the unique neigh- 
bor system, each permutation of states among cells 
in the neighborhood is considered a unique neigh- 
borhood configuration. 

Table 2. Stochastic state transition rule table for Conway’s 
Game of Life, a strict cellular automata model. There are two 
possible state values for each cell, ‘alive’ or ‘dead’. Because all 
probabilities are either 1 or 0, this is still a deterministic model. 

Neighborhood configuration Next state probabilities 

Current Number of 
cell ‘alive’ 
state neighbors Alive Dead 

Dead 0-2 0.00 1 .oo 
Dead 3 1 .oo 0.00 
Dead 4-8 0.00 1 .oo 
Alive 0- 1 0.00 1 .oo 
Alive 2-3 1 .oo 0.00 
Alive 4-8 0.00 1 .oo 

Table 3. Sate transition matrix for vegetation dynamics in a 
mesquite savanna at the La Copita Research Area in south 
Texas (Scanlon and Archer 1991). There are seven possible 
states for each 20 x 20 m cell. State changes are based on sto- 
chastic rules for a one-cell neighborhood. The vegetation nota- 
tion for cell states are: W - woodland; Wm - woodland margin; 
C - coalesced cluster; Cm - coalesced cluster margin; M - 
mature cluster; P - pioneer cluster: and H - herbaceous. 

Current Final cell state 
cell 
state W Wm C Cm M P H 

W 0.970 0.027 0.003 0.000 0.000 0.000 0.000 
Wm 0.497 0.429 0.000 0.042 0.000 0.011 0.027 
C 0.373 0.090 0.328 0.119 0.030 0.060 0.000 
Cm 0.132 0.126 0.137 0.423 0.058 0.095 0.021 
M 0.044 0.065 0.196 0.522 0.109 0.065 0.000 
P 0.088 0.121 0.036 0.170 0.104 0.447 0.036 
H 0.019 0.086 0.019 0.216 0.111 0.475 0.074 

The distinction between these two systems is im- 
portant in calculating the number of possible neigh- 
borhood configurations. For the unique neighbor 
system: 
c = sn the number of possible neighborhood con- 

figurations for a spatial automata based on 
‘unique neighbor’ rules, where 

c = s1 for a Markov neighborhood configuration 
(n=l>, 

c = s5 for a von Neumann neighborhood configura- 
tion (n=5), and 

c = s9 for a Moore neighborhood configuration 
(n=9). 

For voting rules, different permutations of state 
values are considered identical, so many neighbor- 
hood configurations which are considered unique 
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in the ‘unique neighbor’ system are considered 
identical in the ‘voting’ system. However, the state 
of the central cell is still considered a unique cell, 
while all the other cells in the neighborhood are 
indistinguishable. Therefore there are fewer pos- 
sible neighborhood configurations for a ‘voting’ 
system, and c is calculated as: 

(n+s-2) ! 
c = s x  , where 

(n-l)!(s-l)! 

( 1 +s-2) ! 
c = s x  = s for a Markov neighbor- 

)!(s-l )! hood configuration, 

(s+3)! 
c = s x  for a von Neumann neighbor- 

4!(s-1)! hood configuration, and 

(s+7)! 

8 ! ( ~ - - 1 ) !  configuration. 
c = s x  for a Moore neighborhood 

The Life model has s = 2 and n = 9, and is based 
on voting rules to determine whether the cells are 
dead or alive at the next time step. The number of 
possible neighborhood configurations is therefore: 

(2+7)!  
c = 2 x  = 18. 

8 ! (2- 1 )  ! 

This is reasonable because there are nine different 
combinations of On-Off counts for the eight neigh- 
bors (i.e., 0-On and 9-Off through 9-On and 0-Off), 
and two possible initial states for the cell itself, for 
a total of 2 x 9 = 18. If this model instead used a 
unique neighbor system, then c = sn = 29 = 512. 

The original La Copita model has a neighbor- 
hood of only one cell, so for either the unique 
neighbor or voting rule formulations, c = s = 7. If 
this were a voting rule model with a Moore neigh- 
borhood as for the Life model, then: 

(7+7)! 

8!(7-l)! 
c = 7 x  = 21,021. 

The number of neighborhood configurations obvi- 
ously increases dramatically with an increase in the 
number of possible states from 2 (Life) to 7 (La 
Copita). 

Before considering the number of rules that are 
required for these different spatial automata formu- 
lations, it is necessary to carefully define terms rel- 
ative to state changes and neighborhoods: 

A transition is the change in state (xl to x2) of a 
cell from time t, to time t,. This can also be called 
a state transition. 

s is the number of possible transitions for a cell in 
any particular initial state xl. s is also the num- 
ber of states and therefore the number of possi- 
ble final states. 

s2 is the number of possible transitions for all pos- 
sible combinations of initial. and final states x1 
and x2, for both deterministic and stochastic sys- 
tems. This is simply the product of the number 
of possible initial and final states. 

A neighborhood-based transition is the cell state 
change to a particular final state based on an initial 
neighborhood configuration, part of which is the 
initial cell state. There are a number of possible 
neighborhood configurations for each possible ini- 
tial cell state, so there are more possible neighbor- 
hood-based transitions than there are possible state 
transitions. 

A transition rule is a rule which dictates state tran- 
sitions for a cell given a particular initial neigh- 
borhood configuration. 
- There is a one-to-one correspondence between 

neighborhood configurations and transition 
rules in a complete, formal transition table. 
In stochastic systems, there may be multiple 
possible final states x2 from the same initial 
neighborhood configuration, and therefore 
multiple possible transitions. However, be- 
cause these all have the same initial neighbor- 
hood configuration, they are all part of a single 
transition rule. 

- A transition rule corresponds to a single row in 
a complete transition table/matrix for a spatial 
automata model. In cellular automata and other 
deterministic models, there is only a single col- 
umn of final states x,, but in stochastic models, 

- 
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there are columns for each of the s possible 
states. 

sc is the number of all possible transition rules for 
all s possible states and c neighborhood configu- 
rations for all conceivable deterministic systems. 
For stochastic systems, there are an infinite 
number of possible probabilities, and so an infi- 
nite number of possible transition rules. 

A transition rule set is the specified set of transi- 
tion rules for all possible neighborhood confiigura- 
tions in a single model formulation. The transition 
rule set corresponds exactly to the transition table/ 
matrix. 

sn = c 
is the number of possible neighborhood-based 
transitions for a given deterministic ‘unique 
neighbor’ transition rule set. This is the number 
of possible states raised to the number of cells in 
the neighborhood configuration, that is, the num- 
ber of possible neighborhood configurations. 

c x s  Sn+l = 

is the number of possible neighborhood-based 
transitions for a given stochastic ‘unique neigh- 
bor’ transition rule set. This is the number of 
possible final states times the number of possible 
states raised to the number of cells in the neigh- 
borhood configuration, that is, the number of 
possible final states times the number of possible 
neighborhood configurations. 

(n+s-2) ! 

(n- 1 )  ! (s-1 ) ! 
s x  

is the number of possible neighborhood-based 
transitions for a given deterministic ‘voting’ 
transition rule set. This is the number of possible 
neighborhood configurations. 

(n+s-2) ! 

(n-l)!(s-l)! 
s2 x 

is the number of possible neighborhood-based 
transitions for a given stochastic ‘voting’ transi- 
tion rule set. This is the number of possible final 

states times the number of possible neighbor- 
hood configurations. 

Changes in complexity for different models 

The overall complexity of a spatial automata model 
relates directly to the size of the state transition 
matrix for the particular model formulation. This is 
a critical concern in model development for two 
reasons. First, a more complex model can be com- 
putationally intractable. If the number of neighbor- 
hood configurations and the transition matrix grow 
too large, computation of next states for all cells in 
a large grid may be drastically slowed, even for fast 
computer systems. Second, development of empiri- 
cal models requires adequate data to identify all 
possible state transitions and neighborhood config- 
urations in the system. The more complex the mod- 
el, the more data required to parameterize it. 

The size of the transition matrix for any model 
formulation is dependent on 1) the number of pos- 
sible states, 2) the size of the neighborhood, 3 )  the 
system for tallying neighbor states (i.e., unique 
neighbor or voting), and 4) deterministic or sto- 
chastic rules. The choice of deterministic or sto- 
chastic rules determines whether the matrix will be 
one or two-dimensional, and the difference in num- 
ber of possible state transitions is a factor of s. The 
choice between unique neighbor and voting rules 
also leads to a significant difference in the number 
of neighborhood configurations, with the voting 
system resulting in a smaller number. However, it 
is not quite so clear how important the number of 
states and the size of the neighborhood are to com- 
plexity of the models relative to the other factors. 

The key determining factor in model complexity 
is the number of possible neighborhood configura- 
tions. Consider simple variations in the Life model 
formulation with respect to number of cells in the 
neighborhood and a choice between unique neigh- 
bor and voting rules (Table 4). There is a linear 
increase in number of configurations with increase 
in neighborhood size for voting rules, but a geo- 
metric increase for the unique neighbor rules. 
However, the linear increase for the voting rules is 
strictly an artifact of having s = 2, because the 
increase is much greater than linear for the La 
Copita system where s = 7 (Table 5).  The unique 
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Table 4. Number of possible neighborhood configurations in 
the Life cellular automata model for different neighborhood 
sizes and for ‘unique neighbor’ and ‘voting’ neighborhood tally 
systems. The number of possible states s in this model is two. 

Number of cells 
in the Unique 

Neighborhood tally system 

neighborhood neighbor Voting 

1 (Markov) 2 2 
5 (von Neumann) 32 10 
9 (Moore) 512 18 

Table 5. Number of possible neighborhood configurations in a 
deterministic spatial automata model for the mesquite savanna 
system under different neighborhood sizes and for ‘unique 
neighbor’ and ‘voting’ neighborhood tally systems. The number 
of possible states s in this model is seven. 

Number of cells Neighborhood tally system 
in the Unique 
neighborhood neighbor Voting 

1 (Markov) 7 7 

9 (Moore) 40,353,607 21,021 
5 (von Neumann) 16,807 1,470 

Table 6. Number of neighborhood configurations for different 
number of states, unique neighbor and voting neighborhood tal- 
ly systems, and different neighborhood sizes. These data are 
also the number of possible neighborhood-based transitions for 
a deterministic model. 

Number 
of 
states 

2 
3 
4 
5 
6 
I 

Neighborhood tally system 

Unique neighbor Voting 

Neighborhood size Neighborhood size 

1 5 9 

2 32 512 
3 243 19,683 
4 1,024 262,144 
5 3,125 1,953,125 
6 1,776 10,077,696 
7 16,807 40,353,607 

1 5 

2 10 
3 45 
4 140 
5 350 
6 756 
7 1,470 

9 

18 
135 
660 

2,475 
7,722 

21,021 

neighbor system clearly leads to extremely com- 
plex models as the neighborhood size or number of 
states increase. To consider the effect of using sto- 
chastic instead of deterministic rules, the number 
of neighborhood configurations for the Life and La 
Copita models should all be multiplied by 2 and 7, 
the s value for each model, respectively, to deter- 
mine the number of neighborhood-based transitions 
or the number of entries in the state transition 

matrix. In this case, the number of possible neigh- 
borhood-based transitions of the La Copita model 
with a Moore neighborhood and stochastic unique 
neighbor niles would be 282,475,249. 

The alternatives for neighborhood tally system 
(ie., unique neighbor or voting) and deterministic 
versus stochastic systems are only two for either 
factor, so options are limited for reducing complex- 
ity. The size of the neighborhood is also rather lim- 
ited for two-dimensional models. Ordinarily there 
should be a symmetric number of neighboring cells 
on each of the four sides of the center cell; this 
means that increases in number of neighbors would 
ordinarily be in increments of four (e.g., Markov to 
von Neumann to Moore neighborhoods). Further, 
the two examples in Tables 4 and 5 show that 
neighborhood configurations with more than 9 
cells are probably intractable except in very special 
cases. Number of states would seem to provide the 
greatest flexibility in controlling complexity. Table 
6 indicates how rapidly the number of neighbor- 
hood configurations increases with number of 
states for the various other factors. 

Data requirements for parameterizing these 
models is even more problematic, and for the sev- 
en-state La Copita system with a unique-neighbor 
Moore neighborhood essentially impossible. To ex- 
haustively parameterize empirical spatial automata 
models, at least one instance of each neighborhood 
configuration must be present in the data, assuming 
a perfectly deterministic model. A number of in- 
stances of each configuration must be present to 
simply identify possible final states for a stochastic 
model, much less to calculate probabilities for each 
transition. Further, if some of the states are much 
less frequent that others in the data, then for a per- 
fectly random distribution of states across the grid, 
neighborhood configurations including these states 
will be much less frequent than others, requiring an 
even larger data set to find examples for these rare 
configurations. And still further, if the states are not 
randomly distributed but tend to be either aggregat- 
ed or dispersed, some configurations will be even 
rarer in the data. 

The Markovian La Copita model was originally 
derived from 1,47 1 cell observations for the period 
1960-1983, which coincidentally corresponds al- 
most exactly with the number of possible neighbor- 
hood configurations (1,470) for a deterministic vot- 
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ing system with a five-cell von Neumann neighbor- 
hood configuration. However, the similarity of 
these numbers does not imply that this model could 
actually be easily calibrated from the observations. 
It is very unlikely that all possible configurations 
are represented in the observations; instead those 
configurations comprised of the more common cell 
states are frequently represented, and those includ- 
ing rarer states are not present at all. Theoretical 
models such as the Life model are not constrained 
by parameterization concerns because all rules are 
theoretically specified, but these models are still 
hindered by computational tractability as the transi- 
tion table increases in size. 

Recommendations for reducing complexity 

The objective of most spatial automata models is 
to address effects of interactions among the cells, 
whether they represent individual organisms, 
patches of different cover or community types, or 
light reflectance in satellite images. For this reason, 
constraining the nature of the interaction rules to 
meet computational or data limits defeats the pur- 
pose of the model. We should be free to implement 
exactly those interaction rules we consider most 
relevant to our ecological system, whether theoreti- 
cal or real. Somehow, the model should be compro- 
mised to suit the system, rather than the reverse. 

In an orthogonal grid, the four edge cells in a 
von Neumann neighborhood are only marginally 
closer to the central cell than the four corner cells 
added in a Moore neighborhood. Although increas- 
ing the neighborhood configuration size from five 
to nine cells dramatically increases the complexity 
of any spatial automata model, for purposes of eco- 
logical interactions, it seems unreasonable to pre- 
clude interactions between the central cell and the 
four corner cells. The next larger symmetrical 
neighborhood configuration would include 13 
cells, with one cell added in line with each of the 
four cells along the center cell edges. However, 
these additional cells would be twice the distance 
away from the center cell as the edge cells, so the 
intensity of the interactions would probably be 
qualitatively different from the adjacent cells in a 
real ecological system. The primary choice with 
respect to neighborhood configuration size in eco- 

logical systems may be between the nine-cell 
Moore neighborhood configuration and a one-cell, 
no-interaction Markovian model. However, Zhou 
and Liebhold (1995) found that neighborhoods 
larger than the Moore in their two-state model of 
gypsy moth outbreaks performed better than Mar- 
kovian, von Neumann, or Moore neighborhood 
versions. 

Choices for the number of states implemented 
may also be limited if the objective is to build real- 
istic ecological models. For example, the La Copita 
system has seven clearly-defined cover types. 
Reducing the number of states to meet parameteri- 
zation or computation needs would defeat the 
objective of investigating observed cover-change 
dynamics. Models in which each cell represents an 
individual organism such as a tree often implement 
qualitatively different interaction rules for different 
ages of the organism. For example, a tree-cell may 
need to reach a certain age or size before it can 
reproduce and colonize an adjacent empty cell. In 
this case, restricting the states to ‘alive’ or ‘dead’ as 
in the Life model would defeat investigating effects 
of age structure and time delays on successional 
dynamics in a forest. 

Nonetheless, some reductions in the number of 
states might be achieved by deriving alternative 
models which aggregate different subsets of the 
total list of states. For example, a landscape model 
might include, say, 20 different community types, a 
number of states clearly very intractable for most 
spatial automata models. Alternative models could 
focus on particular classes of states, while aggre- 
gating others. If all grassland and shrubland com- 
munities could be aggregated into single states for 
each class, then each forest type could be retained 
as a separate state to investigate forest dynamics 
across the landscape. An alternative model could 
then aggregate forest and grassland communities 
while retaining separate shrub communities, and so 
on. This divide-and-conquer approach could also 
identify which communities have the most ecologi- 
cally interesting (e.g., rapidly expanding or declin- 
ing) behaviors, so that less-interesting communities 
could be aggregated in a final model. 

The choice between deterministic and stochastic 
models can also strongly influence the complexity 
of spatial automata models. Theoretical ecological 
models can usually make good use of deterministic 



265 

rules to simplify the transition matrix by judicious 
selection of states and unique neighbor versus vot- 
ing rules. However, most empirical ecological data 
indicate that different final states can result from 
the same initial neighborhood configuration. This 
means that empirical models should usually make 
use of a stochastic transition matrix. A large matrix 
does not necessarily mean a proportional increase 
in model complexity, however, because most of the 
probabilities in the table may be 0. The problem is 
that the data required to calculate the probabilities 
and confirm that most are 0 can be prohibitively 
large. 

One approach to simplifying calibration of a 
large and potentially complex stochastic transition 
table is to set certain limits on the precision needed 
for calculation of probabilities. For example, all 
probabilities less than 0.10 could be converted to 0, 
and those greater than 0.90 could be set to 1.00. 
Alternatively, all probabilities could be rounded to 
the nearest 0.25. A series of models could be con- 
structed with increasing precision in the probability 
estimates, and each model compared with the 
observed grid data to estimate how much increased 
precision actually improves model performance. It 
may well be that data needs for transition table cal- 
ibration can be greatly curtailed if more data would 
not significantly improve replication of observed 
data. 

The choice between unique neighbor and voting 
rules for tallying neighborhood states is fortunately 
straightforward. In most ecological applications, 
there is little need to uniquely identify each neigh- 
bor. Because all neighbors in the von Neumann and 
Moore neighborhoods are essentially the same dis- 
tance from the central cell, the influence of two dif- 
ferent neighbors with the same state should be 
identical. This means that in almost all cases, vot- 
ing rules will he the preferred and much simpler 
formulation (Table 6). An exception would be mod- 
els in which an environmental gradient of some 
sort is implemented in the model grid. For exam- 
ple, there may be prevailing winds or a slope 
across the grid which influences direction of dis- 
persal. In this case, there may be a preferential 
influence of upwind or upslope cells, which could 
be implemented in the model by incorporating 
unique neighbor rules. Wissel (1991) implemented 
directionally in his model of forest dynamics be- 

cause of potential solar radiation damage to beech 
trees. This was implemented by altering the transi- 
tion probabilities for cells with empty neighbors to 
the south, east, and west, thereby considerably in- 
creasing the complexity of the transition rules. 
Analytical methods from digital image processing 
can be adapted specifically to identify significant 
gradients and asymmetrical cell interactions in 
dynamic systems (e.g., Pratt 199 1). Implementation 
of gradients across the model grid is itself a consid- 
erable complication in model design because the 
state transition rules might no longer be uniform 
for all cells in the grid. 

The most important means of controlling the 
complexity of spatial automata models is certainly 
implementation of heuristic information into the 
transition rules. In most ecological systems, certain 
state transitions would never or hardly ever be ex- 
pected to occur. In successional systems, for ex- 
ample, a change from a severely disturbed site to 
mature forest in one time step would never be ex- 
pected. In many dynamic ecological systems, there 
is a sequence of states that are usually followed, 
such as the seres in a succession sequence. For ex- 
ample, Turner et al. (1993) use a deterministic se- 
quence of successional states in their model-of for- 
est dynamics in a landscape mosaic. In other cases, 
neighborhood configurations which are function- 
ally identical can be aggregated into single rows in 
the transition table. In the Life model, for example, 
configurations with 4, 5, 6 ,  7 ,  or 8 alive neighbors 
are all functionally identical, and these are aggre- 
gated in the transition table (Table 1). Wherever the 
pattern of final states are identical for different 
neighborhood configurations, these configurations 
can theoretically be aggregated. The key is to look 
for similarities among these configurations so heur- 
istic rules can be derived for these aggregations. 

One particularly useful heuristic approach is to 
construct a simple state transition table such as that 
for the La Copita system in Table 3. This matrix 
looks only at initial and final states, and does not 
consider neighborhoods (except for the one-cell 
Markovian neighborhood). Wherever the probabili- 
ty for a particular state transition is 0, this indicates 
that regardless of the neighborhood configuration, 
this transition will never occur. Therefore all pos- 
sible neighborhood configurations which include 
this initial state will have a 0 probability for this 
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particular transition. This technique can consider- 
ably simplify calibration of a stochastic transition 
matrix. 

The knowledge of the system on the part of 
the modeller is certainly the most important factor 
in controlling model complexity. Compromising 
among modelling objectives, ecological realism, 
and computational tractability is ultimately the re- 
sponsibility of the ecologist. As for any other mod- 
elling paradigm, this is the main part of the art of 
ecological modelling. 
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