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1 Introduction

Cellular automata (CA) models have been applied to urban systems with a recent fervor
and have used to explore research questions in applications from location to urban
morphology. This paper (part 1 of a two-part series) is intended to serve as an
introduction to how cellular models of urban system actually work, on a theoretical level.
Part 2 focuses on how to build urban CA models in a practical context.

This paper begins by tracing the intellectual roots of urban CA in complexity (section 2)
and computer science (section 3). In section 4, the paper begins to didzasCA.

Section 4.1 outlines the advantages of using CA in urban studies. Section 4.2 describes
how CA must be modified for urban applications. Section 4.3 then discusses some likely
avenues for future development in the field. The paper concludes in section 5 with a
discussion on where research at the Centre for Advanced Spatial Analysis at University
College London is moving in the direction of agent-based and urban CA models.

2 Complexity
2.1 Emergence and complex adaptive systems

The idea of complexity hinges on the notion of emergériceemergent systems, a small
number of rules or laws, applied at a local level and among many objects or agents, are
capable of generating surprising complexity in aggregate form. These patterns manifest
themselves in such a way that the actions of the parts do not simply sum to the activity of
the whole (Holland 1998). Essentially, this means that there is more going on in the
dynamics of the system than simply aggregating little pieces into larger units. Although
often ordered in their structure, the complex systems that are generated are not always
just random or chaotic; recognizable and ordered features usually emerge. Additionally,
these systems are dynamic and change over time and the dynamics often operate without
the direction of a centralized executive. Examples of emergent systems abound. For

1 'This 1s to such an extent that complexity studies has been termed as the swence of emergence (Krugman 1996).



example, the liquidity of water is more than a simple extrapolation of characteristics that
can be attributed to individual water molecules, which have no liquid quality of their own
(Krugman 1996). Similarly, in economics, the activity of individual market participants,
trading without centralized control, often leads to aggregate outcomes that are relatively
efficient, as efficient as if theyerecontrolled.

2.2 Atrtificial Life

The field of artificial life (or A-life) is concerned with human-made systems that exhibit
life-like characteristics and behaviors. As well as exploring the possibility of creating
artificial life, the field is focused on understanding natural life by attempting to abstract
the fundamental dynamical principles that underpin biological phenomena—in short, this
Is a search for the rules that make life possible. A-life has close parallels with complexity
studies. Life and living organisms represent some of the best examples of complex
adaptive systems. Very simple genetic rules applied across many cells spawn advanced
biological structures and organisms. The quest for artificial life is being pursued by
replicating the complex dynamics of living systems in other physical media that make
them accessible to new kinds of experimentation and testing (Sipper 1997). In this sense,
it is hoped that some of the principles that govezal life can be uncovered in the

process. An obvious candidate for such a laboratory is the computer.

“The stuff of this life is non-organic matter, and its essence is information:
computers are the kilns from which these new organisms emerge. Just as
medical scientists have managed to tinker with life’s mechanisms in vitro,
the biologists and computer scientists of a-life hope to createnlife
silico.” (Levy 1992, p.5)

2.3 Reductionismversussynthetics

This detailed, bottom up approach to complexity is, in some senses, a relatively new way
of approaching scientific inquiry. Much research in the social sciences, and particularly in

geography, is challenged by a dichotomy between the individual (the household, a



person, and independent objects) and the aggregate (populations, collectives, and
regions). In a spatial sense, researchers have been confronted with the dilemma of
reconciling patterns and processes that operate and manifesalacales with those at

larger scales. This can be considered as a problem of ecological fallacy. An ecological
fallacy occurs when it is inferred that results based on aggregate data cannot be applied to
the individuals who form the aggregated group. A related problem in geography is the
Modifiable Areal Unit Problem (Openshaw 1983). Of course, there are many examples in
which aggregate forms may be extrapolated from the individual. However, reconciling
the two often poses a challenge, particularly when processes that operate at the local level
are interdependent, i.e., the actions of one individual depend on the actions of another
individual. In these cases, an understanding of the processes that generate macro-scale
patterns may not be easily gleaned by simply aggregating up from the individual; what is
needed instead is an understanding ofititeractive dynamics that link local-scale and

larger-scale phenomena.

This 1s an argument of reductionism zersus synthetics. The reductionist approach analyzes
problems by breaking them down to their constituent components, reducing them to
manageable pieces and gaining an understanding of them in the process. In some cases this
approach works quite well, and for many phenomena the technique is wholly appropriate:
particularly in situations where the whole 1s the sum of many small parts. However, the
reductionist approach is tlawed in the respect that it may miss the emergent properties of a
system: those that come as a by-product of the ‘nteractive dynamics of individual elements. In
many instances, a synthetic approach may be more approprate. In the context of this
discussion, it involves studying phenomena by experimenting with simple rules for behavior
and allowing constituent components to interact, dynamically, until macro scale phenomena
emerge—a piecing together rather than a dissection (Taylor 1992). This is what happens in
our own bodies. The rules encoded in our DNA specity a set of behaviors for the
development of our biology over time. The products of that interactive development on a
genetic level are macro-scale structures—organs, systems, and traits—that bare little
resemblance to the original components of our DNA. The central nervous system, for
example, is significantly more complicated than the arrangement of bits of guanine, adenine,

thymine, and cytosine along a genome. Researchers are increasingly adopting synthetic



approaches to the study of phenomena, particularly in studying life, where it has been noted

that,

“Reductionism does not work with complex systems, and it is now clear
that a purely reductionist approach cannot be applied when studying life:
in living systems the whole is more than the sum of its parts.” (Levy 1992,

p.-8)

These methodologies are also extending into other fields, including the social sciences

and urban studies.

2.4 Why treat cities as complex systems?

There are many reasons why we might transfer these ideas to our understanding and
conceptualization of cities. From the local-scale interactive behavior (commuting,
moving) of many individual objects (vehicles, people), structured and ordered patterns
emerge in the aggregate, such as peak-hour traffic congestion (Nagel, Rasmussen and
Barrett 1996) and the large-scale spatial clustering of socioeconomic groups by residence
(Schelling 1978). In urban economics, large-scale economies of agglomeration and
disagglomeration have long been understood to operate from local-scale interactive
dynamics (Krugman 1996). Also, cities exhibit several of the signature characteristics of
complexity, including fractal dimensionality and self-similarity across scales, self-
organization, and emergence (see Batty and Longley 1994; Allen 1997; Portugali 2000;
as well as section 3.4 of this paper).

2.5 Criticisms of complexity

Complexity studies are in their infancy as an academic discipline, but they have drawn a
relatively heavy degree of criticism recently, perhaps as a by-product of the attention
afforded the field and its pioneers in popular science journalism and publishing. In

particular, there have been accusations that a gap exists between the ‘rhetoric’ of

complexity studies and reality (Horgan 1995). This is really a multifaceted reaction
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against complexity studies. The field has been criticized for harboring a ‘reminiscence

syndrome’. Also, there has been a backlash against the claim of some complexity
researchers, particularly those at the flagship Santa Fe Insfititat complexity can

offer a unified theory of everything. Moreover, there have been growing concerns that the
techniques the field is offering up for the study of complexity are even more complicated

than the phenomena they purport to represent; that researchers are moving from

complexity to perplexity (Horgan 1995).

What was once thought to be the great strength of complexity has turned into one of its
chief criticisms. The intuitive sense that the idea of complexity conjures owes a great deal
to the idea of reminiscence: “Look, isn't this reminiscent of a biological or physical
phenomenon.” (Jack D. Cowan, co-founder of the Santa Fe Institute, quoted in Horgan
(1995)). Reminiscence criticisms accuse researchers of yielding to the “seductive
syllogism” of complexity, particularly in the use of computer-based models to explore
complexity (Horgan 1995). Just because the dynamic activity displayed in a computer
modelresembles real-life process, does not necessarily mean that it is a good model for
that phenomenon (Horgan 1995). (Similarly, just because the patterns that a CA generates
look like cities, that does not mean that CA are always appropriate for representing
specific urban phenomena.) Researchers may assume that reminiscence alone is
justification for a modeling paradigm, when really that reminiscence may be accidental,
coincidental, or may be a construct of the researcher’s own ideas. Others would defend
themselves by countering that while complexity may be guilty of reminiscence, the
mechanism®f processing in naturally appearing complex systems are very like those in

computers, and particularly in CA (Wolfram 1994).

One of the goals of complexity studies is to abstract simple features of complex behavior
that are common across a wide-range of systems, and perhaps to devise universal laws of
complex systems from those common principles. As Wolfram (1994) puts it, “To
discover and analyze the mathematical basis for the generation of complexity, one must
identify simple mathematical systems that capture the essence of the process.” (p. 411).

2 “where complex people study complex things.” (Horgan 1995).
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Wolfram goes on to speculate that universal laws analogous to the laws of
thermodynamics might be discovered for complex systems. However, there has been a
backlash against the claims for a unifying theory of complex systems. Contrast
Wolfram’s sentiments with those of John Casti, expressed in the introduction to his own
book on simulation and complexity: “it's really a pity that this bookdscrammed full

of mathematical arcana, since if it were it could only mean that we had something that
looked like a decertheory of complex systems. In fact, we are not even close.” (Casti
1997, p. ix).

There are two justifications for doubting our ability to arrive at universal laws of
complexity, both of which center on the use of computers to explore complex
phenomena. The first relates to the fact that some problems are not computable. The
second centers on a belief that complexity models may be more complex in themselves
than the phenomena that they are trying to simulate. By their very nature, computing
machines are rule following devices; yet, there is no reason to believe that all processes in
the natural world are rule-based (Casti 1997). Some processes in the natural and physical
worlds, and many complex systems, may not be computable.

In geography and urban planning, the introduction of simulation techniques from
complexity studies was heralded with suspicion. In particular, researchers feared that
tinkering with the simple formalisms of techniques such as CA in order to better tailor
them to simulating geographic phenomena might yield model structures as complicated
as the realities that they were designed to represent (Couclelis 1985; O'Sullivan and
Torrens 2000; Torrens and O'Sullivan 2000). In a true simulation model, the inputs and
states of the real-world object must be encoded in the states of the simulated phenomena.
Consequently, the simulated phenomena will have to have more states than the real-world
object, and thus the simulation must by necessity be more complicated than the thing(s)
being simulated (Casti 1997). The danger here is that in designing accurate models of
complex systems, we may end up with simulations that can be no better understood than
the systems that they simulate.

The criticisms of complexity are appropriate in many instances. Yet, to reject complexity
outright at this stage would be unwise; the field has a lot to offer. Really, the important
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message to understand here is that complexity has relevance to many systems, but not to
all. * This is also true in the context of the city. Many urban systems lend themselves to
the complexity approach, but others—especially those that operate from the top-down—
really don’'t. Nevertheless, the approach does provide a rich environment for
understanding how systems work dynamically and interactively, as well as offering some

innovative techniques for simulating such phenomena.

3 Basic cellular automata

By their very nature, CA are an excellent vehicle for exploring complexity. The finite
state machinésthat form the engines of CA dynamics are capable of interacting in
parallel at very local scales. Through the recursive interactive dynamics of this behavior
across many machines, CA can generate large-scale, and often ordered, patterns at meso-
and micro-scales through emergence (see section 3.2 and the discussion of Wolfram CA
classes). Under certain specifications, CA have proven to support universal computation
(see section 3.1). Section 3 explores the formulation of the basic CA model and its

history.

3.1 Cellular automata, computers, and Turing Machines

CA were first devised by John von Neumann (originator of game theory, and pioneer in
set theory, quantum mechanics, and the specification of electronic computers) and
Stanislaw Ulam (who worked on Monte Carlo simulation and the hydrogen bomb (as part
of the Manhattan Project with Edward Teller) and was influential in set theory and

number theory) in the 1940s as a framework for investigating the logical underpinnings

3 Although, in many cases you have to sift through a lot of hype to get this message!

4 A finite state machine is a simple type of automaton (a device that reads an input string and processes that
information). At any given moment, a finite state machine is in one of a bounded set of states, which change as
input is read and processed by the machine. The new state is determined by the current state of the machine as

well as the instructions read from the string,

12



of life. “One can say that the “cellular” comes from Ulam and the “automata” comes

from von Neumann”. (Rucker 1999, p.69) Von Neumann and Ulam were interested in
exploring whether the self-reproducing features of biological automata could be reduced
to purely mathematical formulations—whether the forces governing reproduction could
be reduced to logical rules (Sipper 1997).

The idea for the CA owes a great deal to Alan Turing’'s specification of a Universal
Turing Machine in the 1930s. The Universal Turing Machine wakypothetical
automaton (von Neumann went as far as to build computers on these principles), a
machine with limited specifications and ranges of action that was capable of computing
anything that could be computed: the Universal Turing Machine was capable of universal
computation. A system may be regarded as a universal computer if, given a suitable
initial program, it is capable of implementing any finite algorithm through its evolution
over time, i.e., that it is capable of producing a working copy as complicated as itself, and
the means to make further copies. A universal computer need only be reprogrammed, not
rebuilt, to perform any calculation that is thrown at it (Wolfram 1894)

“He tigured out that mathematicians, unlike carpenters, only needed to have
one tool in their toolbox, if it were the right sort of tool. Turing realized that
it should be possible to build a meta-machine that could be reconfigured in
such a way that it would do any task you could conceivably do with
information. It would be a protean device that could turn into any tool you
could ever need. Like a pipe organ changing into a ditferent instrument every
time you hit a preset button.” (Stephenson 1999, p.197)

The Physical Church-Turing Hypothesis hypothesized that a Universal Turing Machine
could duplicate the functions of both mathematical machines and those of nature (Levy
1992). The specifications for the Universal Turing Machine formed the principles on

which CA were founded, as well as germinating the seeds of modern digital computers.

5 All general-purpose digital computers are, for practical purposes, universal computers; mechanical adding
machines are not (Wolfram 1994).
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It is worth examining the specification of the Turing Machine as a preface to discussions
about the parameterization of urban CA in later sections of this paper. The Turing
Machine consisted of an infinitely long tape ruled off into sections. Each section of the
tape contained a bit of information: a symbol with either a zero or a one. The Machine
housed a scanning head that was capable of being in anyna$edrof configurations or

states (in this example the set is binary). Time was discrete in the world of the Universal
Turing Machine, it moved along in chunks as large or as small as you liked. Between
time steps, the tape head would examine its external world. Then, after consulting a rule
table (see below), it would consider the information that it encountered on the tape, as
well as the current state of the tape head, and from this it would determine its action in
the next time step. The control mechanism on the tape head served as a finite state
machine. The task that the tape head performed was to move along the infinitely long
tape. When the head reached a section of tape, it could perform one of several actions
(Casti 1997):

(a) Change the current state of the head to another state
(b) Retain the current state of the head

(c) Print 1 on the section of tape

(d) Print O on the section of tape

(e) Move left along the tape by one square

( Move right along the tape by one square

(g) Halt movement

From these simple rules and basic parameterizations, the Turing Machine was,
hypothetically, capable of performing universal computation and thereby capable of self-
reproduction.

14



3.2 One-dimensional cellular automata

What exactly is a cellular automaton? An automaton essentially comprises a finite state
machine (a Turing-like machine) that exists in some form of tessellated cell-space. The
term automaton refers to a self-operating machine, but one of a very distinct nature: “An
automaton is a machine that processes information, proceeding logically, inexorably
performing its next action after applying data received from outside itself in light of
instructions programmed within itself.” (Levy 1992, p. 15) CA differ in an important way
from Turing Machines: CA argarallel processors rather thaserial processors. In

parallel processing, more than one particular process is active at any given time. In serial
processing, on the other hand, one stage in the process is computed before the next starts;
only one stage is active at any given time. We can consider several elements that

comprise an elementary cellular automaton:

(a) The space on which the automaton existd4ttsce)

(b) The cell in which the automaton resides, which contairstate(s)
(c) Theneighborhoodaround the automaton

(d) Transition rulesthat describe the behavior of the automaton

(e) Thetemporal spacén which the automaton exists

Lattice The lattice of CA comprise the space in which the CA exist and evolve over
time. In an elementary CA, this lattice is one-dimensional (as in figure 1). However,
lattices can be-dimensional. CA designed for geographic purposes are generally defined

in two-dimension$, while lattices of several dimensions have been defined in other

6 It would seem reasonable that CA designed to simulate cities would be defined in three-dimensions,
considering that much of the built environment of cities extends in three dimensions. However, such models
have yet to be widely developed, most likely because of the difficulty of designing, building, and running CA
with dimensions greater than two. The only example at the time of writing was the Semboloni model

(Semboloni 2000).
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disciplines. In an elementary CA, lattices are defined in a regular fashion, often as grid-
squares or other combinations of regular shapes (hexagons and triangles have also been
used)’ In theory, CA lattices can extend to infinite proportions within any given
dimensionality, but for practical purposes some clever tricks are played to define the
edges of CA lattices. Most commonly, CA are designed to wrap around on themselves,
corresponding to a circular arrangement for one-dimensional CA, and a torus for two-

dimensional CA (figure 2).

Finite state autoimaton Two-cell
(state is ""full"") neighbourhood

[T T T T M TTTTJJ] timee

[TTTT [ MM TTTTT] tmec+d

Finite state autoimaton
(state is "empty"')

Transition rles:

Rule part A
if [cell state is ""full"']

then [proceed to the part B of the rule]
else [end]

Rule part B

if [the majority of the cells in the neighbourhood are "empty"]
then [move one cell to the right along the lattice]

end

Figure 1. One-dimensional cellular automata

7 Again, the assumption of a regular grid for cities is unreasonable, and urban CA have been modified to

operate on irregular lattices (see O'Sullivan 2000, forthcoming).
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Cell-states CA cell-states characterize the attributes of finite state machines in a CA
lattice. In this sense, they constitute a description of the elemental building blocks and
attributes that comprise a CA. In a Turing Machine, states are defined in a binary fashion,
as consisting of symbols representing zero or one. Von Neumann, in his CA, provided for
the existence of 29 cell states.

Neighborhoods A neighborhood comprises the localized region of a CA lattice, from

which the finite state machine (cell) draws input. This input forms the information
collected from a scan of cells within the neighborhood template (Langton 1992). A
neighborhood consists of a CA cell itself and any number of cells in a given

configuration around the cell.

Transition rules Transition rules are the real engines of change in a CA. They specify the
behavior of cells between time-step evolutions, deciding the future conditions of cells
based on a set of fixed rules that are evaluated on input from neighborhood templates. In
a strict CA, these rules are applied uniformly across cells in a synchronous ashion
Transition rules are generally formulated as IF, THEN, and ELSE statements that rely on
input from a neighborhood template to evaluate their results. In this sense, transition rules
replace traditional mathematical functions in models with rule-based procedures (Batty
1997a). Batty (1997a) argues that there are advantages to this methodological approach:
rules reflect how real systems operate; also, they enable complicated systems to be
reduced to the simple components that drive their dynamics.

8 The assumption that the laws governing system dynamics are universal, regardless of context, is unrealistic for
many scenarios of course. In an urban system, for example, land use zoning laws may be highly differentiated
in their distribution. Vichniac, Tamayo and Hartman (1986) have experimented with non-uniform transition
rules, and Sipper (1997) has designed rules that change as CA evolve, much as a genetic algorithm would
(Mitchell 1998).
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Time As with Turing Machines, time in CA is discrete. Time proceeds in iterative steps
of whatever length the model designer cares to conjure. The temporal evolution of cells
destroys the independence of initial cell states; instead prompting correlation between
cell states at separated sites (Wolfram 1994). As a result, CA can generate structured
patterns through their evolution.
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Figure 2. A wire frame rendering of a regular graph arranged as a t@@Sullivan
2000)

In figure 1, we see a one-dimensional CA (its lattice extends in only one dimension) at
time t and time(t + 1) in its evolution. The lattice consists of 13 finite state machines
(cells), distributed continuously in a one-dimensional space. Each cell state can be in one
of two states, either “empty” (depicted by the color white) or “full” (depicted by the color

black). Each cell is driven by a transition rule table, which governs the state of the cells in
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each time-step. In the example presented in figure 1, there are two time-steps in the life
cycle of the CA. In the first time step, each cell draws input from its neighborhood, upon
which a cell's finite state machine can base its behavior in the nest time step. Part A of
the transition rule picks out those cells in the lattice that are “full”. Part B of the rule asks
the “full” cells to scan their two-cell neighborhood, both to the left and to the right. If that
scan discovers that neighboring cells in its right-hand side neighborhood are “empty”,
then the “full” cell is directed to ‘move’ (really, adjacent cells exchange state values) one
cell to the right along the lattice in the next time step.

We could also formulate the CA using mathematical notation. For an individual cell in

the CA, the notation is:

S = Flso!") ()

Where s is the state of a given cdllat time ¢ + 1). f( ) describes a functional
relationship, wheres, and the input from a neighborhoddof neighborhood sizé) in

the vicinity of cellj at timet influence cell state transition in the next time step. The

entire CA may be described in notation as:

{s.}= st (i

In the above equation the notation is identical as before, except the Setfgyears
(without a subscripi), denoting the set dll states of cells in the CA, ar{dth} refers to
the set o&ll input neighborhoods.

The number of possible configurations of the latticexis: the number of possible cell

states X), raised to the power of the number of cells in the latpeRor the example
demonstrated in figure 1, there are two possible cell states (“full” or “empty”), and 13

cells in the lattice. That correspondsZd, or 8192 possible configurations of the lattice.
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3.2.1 Wolfram’s cellular automata classes

The mathematician Stephen Wolfram experimented heavily with CA, exploring the range
of possible configurations that CA could evolve to with simple parameterizations and
basic rule sets. Wolfram discerned a broad typology of CA that consisted of four broad
classes based on their dynamic behavior and the patterns that they generated (reported in
Wolfram 1994 and also described in Langton (1992)).

Class | CA Evolve (or emerge!) to limit points: fixed homogenous states that exhibit the
maximum possible order both at local and global scales. In a CA with just two possible
states, zero and one, this results in a CA that evolves to a condition where all cells have a

value of zero.

Class Il CA Evolve to limit cycles: simple separated periodic structures that exhibit
global order, but not of a maximal variety. Commonly the pattern of their evolution looks

like a set of vertical stripes or cyclical “railroad” patterns.

Class Ill CA Evolve to chaotic aperiodic structures: patterns that exhibit maximal
disorder at both local and global scales. The pattern that these CA generate need not

necessarily be random; often they are self-organizing.

Class IV CA Evolve to complex structures, some of which are very long-lived. In some
cases their complexity suggests that they may be capable of universal computation
(Wolfram 1994).

3.3 Two-dimensional cellular automata

Two-dimensional CA do not differ radically from one-dimensional CA in formulation;
their lattice simply extends in an additional dimension. However, in terms of their
simulation capacity, two-dimensional CA differ greatly from their one-dimensional
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counterparts. If we were to extend our CA example from figure 1 into a second
dimension, we would have a situation where the number of possible cell states remains
the same (two), but the number of lattice sites grows from 13*tpor 169. The number

of possible configurations our lattice can now take on grows by orders of magnitude still:
the number of possible cell states raised to the power of the number of possible lattice
sites, 2'*, a significantly larger number than the 8192 possible configurations of the one-
dimensional CA Such a large range of possible configurations allows for the generation
of very many scenarios, using very simple modeling frameworks. Of course, intuitively,
running two-dimensional CA models makes more sense than one dimension in many

examples, including urban applications.

The two most commonly defined neighborhood templates for a two-dimensional CA
are the Moore neighborhood and the von Neumann neighborhood (figure 2), although

researchers have tinkered heavily with neighborhood template sizes and configurations.

? If we were to extend our CA lattice even further, into a third dimension, we would extend the range of

. . 2197
possible configurations to 27!
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Figure 3. Two-dimensional cellular automata
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3.3.1 The Game of Life

Perhaps the most famous instance of a two-dimensional CA (indeed, of any CA) is the
mathematician John Conway’'s Game of Life. The Life CA was developed by Conway to
explore the simplest possible configuration for a universal computer. Conway spent some
time tinkering with different parameterizations and rule sets, finally settling on the CA
known as Life. Its specifications are very simple. Only two possible states are permitted
in the game of life: alive and dead. The lattice of the CA is a square grid of infinite

dimensions and the lattice turns in on itself to form a torus.

The neighborhoods of the Life CA are specified as Moore neighborhoods, consisting of
nine cells. The transition rules are straightforward. There are three rules that govern
dynamics (‘life’) in the game: birth, death, and survival. The birth rule specifies that a
cell will be born (i.e., that it will transition from a state of ‘dead’ to ‘alive’) if it has three
‘alive’ cells in its nine-cell neighborhood. Cells die (they transition from a state of ‘alive’
to one of ‘dead’) from overcrowding between time steps if they have more than three live
neighbors. Cells die by exposure if there are fewer than two live neighbors. The survivor
rule specifies that a live cell should remain alive in the next time step if it has either two
or three live cells in its neighborhood.

Birth rule
if [cell state is “dead” in timé]
and if [the number of cells with state “alive” in neighborhaagl
then [set state of cell to “alive” in timéHl)]

end
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Death rule
if [cell state is “alive” in timd]
and if [the number of cells with state “alive” in neighborhood >3]
or [the number of cells with state “dead” in neighborhood < 2]
then [set state of cell to “dead” in tim&-1)]

end

Survival rule
if [cell state is “alive” in tim]
and if [the number of cells with state “alive” in neighborhood >2<3]
then [set state of cell to “alive” in timéHl)]

end

Once the game is run repeatedly with these simple parameterizations and rules governing
play, persistent features begin to manifest themselves in the patterns that the game
produces. In order to demonstrate that his CA was capable of universal computation,
Conway needed a configuration within the game that could generate moving
configurations of stable patterns. The search for such a configuration was opened to the
public when Conway issued a challenge in Martin Gardner’s column in the journal
Scientific Americanhe described the problem and offered a cash prize for the first person
to demonstrate the existence of such a configuration. The prize was claimed by R. Wilson
Gosper at the Massachusetts Institute of Technology, who's team had coded a version of
the Life CA into a computer and found ‘glider guns’ that were capable of firing a steady
stream of wandering gliders (Levy 1992). Essentially, the MIT team had demonstrated
that the Life CA was capable of generating a machine that could, in turn, reproduce

copies of itself that were as complicated in their structure.
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Figure 4. The four evolving stages of glider evolution under the Life CA rules
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Figure 5. Glider movement, diagonally from the upper left to lower right of the lattice.

3.3.2 Specifying CA as urban systems

It is relatively easy to generalize the basic specification of CA to represent urban systems.
The cell space on which a cellular automaton operates might be considered equivalent in
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an urban sense to an environment, a landscape, or a territory. The CA lattice can also be
generalized to represent urban spatial structures, networks of accessibility, or the physical
infrastructure of the city (particularly when the lattice is specified as an irregular
tessellation). CA cells operate just like the pixels that comprise a television screen, except
that each cell is capable of processing information, as well as visualizing its state. Cells
can correspond to any zonal geography within a city: parcels of land, administrative
boundaries, traffic analysis zones, etc. The cell state offers a flexible framework for
encoding attributes of a city into the simulation model. In an urban context the cell state
can be made to represent any attribute of the urban environment, e.g., land use
(residential or commercial), density (high density or low density), land cover (forested or
concrete), etc. Neighborhoods in urban CA represent spheres of influence or activity
within the city, e.g., market catchment areas, the walking radius of individual pedestrians,
the commuting watershed, etc. The rules of a CA drive the dynamics of change in the
model. CA rules can be devised to mirror how phenomena in the real world operate, and

can then be coded as algorithms within the simulation.

3.3.2.1 An urban example: Schelling’s segregation model

Schelling’s model of social segregation was developed in the 1970s (Schelling 1969,
1978). It is not strictly an urban model, although it has relevance to cities. It is not strictly
a CA either! Yet, in conceptual terms, it is an excellent example of how urban CA
operate. Schelling set out to demonstrate the hypothesis that “the interplay of individual
choices, where unorganized segregation is concerned, is a complex system with
collective results that bear no close relation to individual intent.” (Schelling 1969, p.488)
He was concerned with phenomena of large-scale spatial segregation of socioeconomic—
particularly ethnic—groups in urban America.

“The demographic map of almost any American metropolitan area

suggests that it is easy to find residential areas that are all white or nearly
so and areas that are all black or nearly so but hard to find localities in
which neither whites nor nonwhites are more than, say, three-quarters of
the total.” (Schelling 1969, p.488)
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Schelling was interested in finding out why ethnic groups did not live in spatially
integrated areas of the city. Schelling proposed a simple model to test various hypotheses
about the mechanisms driving metropolitan segregation. Conceptually, this model closely
resembles a two-dimensional CA. Cells could adopt three color types (states): (in our
example these are) bife('blue people’), white (‘white people’), or grey (vacant sites
without population). Each cell carried an additional state that denoted the ‘contentedness’
of its population. Residents of a given cell were content with their location so long as the
majority of their neighbors (in a Moore neighborhood) were the same color. If the
residents were not content they moved to a new location in the next time step (i.e., the

color of the cell transitioned to a new state).

If a CA is devised along these principles, with these simple structural parameters, a
simple rule set, and a randomly distributed pattern as a seed condition for the model
(figure 5), you find that after several iterations a pattern of distinct segregation will
emerge. Blues will cluster into large homogenous groups, with whites similarly arranged
in their own independent clusters (figure 6). Extrapolating these conditions to a real
world context, you end up with a divided city in which there is strong spatial segregation.
Color-exclusive clusters develop even though people really don’t mind living in
integrated neighborhoods. This relates, theoretically, to the idea of the ‘tipping balance’:
a threshold, above which, a system shifts to a new phase and may settle in a new and
distinct equilibrium. Such phase shifts are among the common characteristics of complex

adaptive systems.

10 They may appear as dark grey if you are viewing this paper in monotone.
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Figure 6. Initial random seed condition for a Schelling segregation n{Sdeirce: Yale
Wang’s Schelling model; source code is at

http:/ /www.cs.caltech.edu/~yale/ec126/segregation/).

3.4 The complex characteristics of cellular automata

CA are a good mechanism for exploring emergence in complex adaptive systems. They
are dynamic and fine-scaled in resolution. Also, the use of neighborhoods is a good
encapsulation of interaction amongst system elements. Not surprisingly, CA and the
patterns that they generate also exhibit many of the signature trademarks of complex
adaptive systems, such as phase shifts, power laws, self-organization, self-similarity, and

fractal dimensions.

28



Types I2 Tolerance IU

Update Methods " Azync - Heed '@ Azync- Rnd g Aeyne - MeadRnd Mirap Around i Yez % HNo

Figure 7. The Schelling segregation model after several itera(emgrce: Yale Wang's

Schelling model; source code is at http://www.cs.caltech.edu/~yale/ec126/segregation/).

3.4.1 Rank-size rules and power laws

Rank-size rules or power laws (as they pertain to complexity and CA) link the frequency
of occurrence of phenomena to their unit size with linear, consistent relationships across
scales. The distribution of cities of various sizes of population follows a rank-size rule
(Krugman 1996). There are many small-sized cities in the world, but only a few large
cities. Of course, this makes intuitive sense, but what is remarkable is that the
relationship between the population size of a city and the frequency of occurrence of
cities of certain sizes inear. The distribution of city sizes follows a power law: the
number of cities whose population exceeds some Rigelinearly proportional to the
value ofP raised to some negative power. This relationship, when plotted for the United
States, for example, on a logarithmic scale, is almost perfectly linear, with an exponential
value of —1.
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Power laws are common in CA. The clustering of cell states, for example, often conforms
to rank-size rules. Often, patterns in CA will display a relatively small number of regions
of the lattice in which cell states are homogenous. In many cases this contrasts with a

comparative abundance of medium-size and lower-sized clumps.
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Figure 8. lllustration of Zipf’'s rank-size rule for the United States (adapted from
Krugman, 1996).

3.4.2 Self-organization

The second law of thermodynamics in physics contends that closed systems progressively
degrade from an initial structure, which may be organized, towards a state of maximum
entropy, or disorder. In other words, things tend to disintegrate over time. Of course, lots
of natural systems also tend towards disorder, but other, ofpen systems (and
particularly biological systems) show the reverse tendency—gjeenerate structure

rather than disorder as they develop over time, even when starting from disordered or

even structureless initial states (Wolfram 1994). Such systems may be regarded as self-
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organizing. Self-organization in dynamic systems refers to the tendency for system
structures to spontaneously develop ordered patterns, often on a large-scale (Krugman
1996). Self-organization can occur in both spatial and temporal dimensions. The
organization of central places is a good example of spatial self-organization (e.g., the
ordering of human settlements into city-systems with a central city at the core of a swirl
of edge cities and satellite settlements), while the formation of investment cycles into
booms and slumps in equity markets is an example of temporal self-organization. Often,
self-organization is one of the characteristics of complex adaptive systems and also of
CA. As we saw in section 3.2.1., some of Wolfram’s CA classes exhibited a level of self-
organization independently of the rules that governed their behavior.

3.4.3 Self-similarity and fractal dimension

As CA develop over time, the patterns that they generate often exhibit a degree of
regularity in structure. Often these regularities are self-similar (figure 9). With self-
similarity, portions of the evolved pattern of a structure are indistinguishable from the
whole; essentially, the structure of the pattern is scale-independent (Wolfram 1994).
Often these patterns are fractal and can be characterized using fractal dimensions. In
cities, as well as in CA, the recursive local-scale dynamics that generate well-defined
geometrical structures in two-dimensional space often generate similar structural
geometries at higher scales as the structure grows and changes (Batty and Longley 1994;
Batty 1997b). In particular, cities often exhibit a bi-fractal structure, characterized by two
or more zones (figure 10). Inner zones—the well-developed core of a typical monocentric
city, for example—can generally be characterized with a fractal dimension of 1.92 (Batty
and Longley 1994). This means that they have a dimensionality that lies between one (a
linear city) and two (a city completely occupying a plane). Inner cores often comprise
compact built environments. In terms of system dynamics, transition is stable and
ordered; the system is well organized and the urbanization process is essentially complete
(White, Engelen and Uljee 1997). Outer fringe zones, on the other hand, have a
characteristic fractal dimension of just greater than one—they are sprawling (Torrens and
Alberti 2000). In such examples system dynamics ailt atite stochastic, as
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urbanization is still underway (White, Engelen and Uljee 1997). This bifractal pattern
also characterizes cities on lower-level scales, for example at the level of individual land
uses (Batty and Longley 1994). Many of the structures that CA generate also exhibit self-

similarity and are fractal in dimension.

Figure 9. A fractal from the Mandlebrot Set, demonstrating self-similgatyrce:
Torrens and Alberti (2000))
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Figure 10. A fractal from the Mandlebrot Set, illustrating how fringe urbanization might

be conceptualized in a fractal manr{isource: Torrens and Alberti (2000)).

4 Cellular automata for urban simulation

CA offer an interesting and innovative approach to the study of urban systems. In recent
years there has been a prolific application of CA models to urban systems. CA models
have been employed in the exploration of a diverse range of urban phenomena, from
traffic simulation and regional-scale urbanization to land-use dynamics, polycentricity,
historical urbanization, and urban development. CA models of sprawl, socio-spatial
dynamics, segregation, and gentrification have been developed, as have simulations of
urban form and location analysis (see also O'Sullivan and Torrens, 2000; Portugali, 2000;
White, 1998). The popularity of urban CA models is in part due to weaknesses in the
existing stock of urban models (Torrens 2000b), but also owes much to several
advantageous properties that CA offer.

4.1 Advantages of using cellular automata for urban simulation
4.1.1 Weaknesses of traditional models

Having been developed with fervor at the beginning of the decade, by the close of the
1960s, efforts to develop successful large-scale land-use—transportation models had
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deteriorated and the novelty value of the models had waned substantially. Few large-scale
urban models had been completed, and those that had fell short of their goals (see Lee
1973; Batty 1979; Openshaw 1979; Sayer 1979; Batty 1994; Harris 1994; Klosterman
1994; Lee 1994; Smith 1998).

There are a variety of possible explanations as to what environment engendered such
skepticism regarding urban simulation. Batty (1979) contends that the early-1960s
represented a phase of immaturity in the evolution of planning as a discipline and that the
turbulent popularity of modeling characterized growing pains of a sort. To many in the
planning profession, he argues, urban models were perceived as a threat. Urban models
were treated with growing hostility because they represented a “clash of cultures”
between advocates of the idea of planning as science (the quest for pure knowledge) and
those who believed in planning as design (the basis for effective action). Compounding
these negative feelings were broader trends sweeping America and Europe in the 1970s
and a general rejection of the scientific optimism that had been so prevalent $6@ise

In the social sciences, these changing times impacted heavily upon the nature of
academic inquiry. Within planning there was a shift frefficiencyto equity (Batty

1994). The quantitative methods developed in the 1960s to address questions of
efficiency simply had little relevance in a discipline now concerned largely with equity.

As the social climate changed, so too did the character of the city. Urban structure was
changing: monocentric cities spawned additional nuclei, which in turn began to challenge
the traditional dominance of the downtown and infrastructure provision put increasing

emphasis on the suburbs, altering the spatial pattern of urban accessibility. Urban
modeling efforts, which were slow to adapt to rapid changes in the character of the city,

became outmoded in many instances.

It is perhaps useful to explore the criticisms leveled at urban models at the end of the

1960s, as a benchmark against which we might consider contemporary models. Large-

scale urban models developed in the 1960s were at times accused of unnecessary
complication, while at others being rebuked for their simplititGritics disapproved of

1 In this regard maybe little has changed since then!
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their expense, voracious appetite for data, hyper-comprehensiveness, mechanical
organization, inadequate resolution, lack of transparency, poor dynamics, and inability to
replicate their results; while denouncing their ‘black box’ approach to simulation. Others
contended that the models were fraught with distorting error and that they failed to
advance theory while falling short of informing practice. Some argued that the models’
reliance on the assumption of predictability doomed them to failure from the outset, that
they were unsuitable as tools to describe many urban phenomena, and that a lack of
evaluative measures undermined their effectiveness at the close of the modeling process.
12 CA models, while very much less than perfect, do address many of these concerns and
deficiencies. In some key areas, CA models represent a significant improvement on
previous generations of urban simulation models: spatiality, decentralization, affinity
with new techniques for spatial analysis, attention to detail, linking function and form,
dynamics, theory, simplicity, connection of micro- and macro-approaches, and

visualization.

4.1.2 Spatiality

CA are particularly adept at dealing with spatial phenomena. Traditional urban modeling
techniques sometimes have a tendency to abstract from spatial detail. CA, on the other
hand, make implicit use of that spatial complexity (White, Engelen and Uljee 1997).
Additionally, CA are good at handling proximal space. If absolute (Cartesian) space
provides ara priori frame of reference (site), and relative (Leibnitzian) space handles the
relations between objects (situation), then proximal space is the space that connects the
two, linking site and situation through the concept of the neighborhood (Couclelis 1997).
“A neighborhood surrounds a localized item or place but it also embodies the notion of
proximity to that place, which is a relation” (Couclelis 1997, p.170). Contemporary urban
models are generally relative in their treatment of space (e.g., spatial interaction and

gravity models, econometric models, location-allocation models, and core-periphery

12 For a thorough and detailed review of this debate the reader is referred to Batty, 1979, 1994; Harris, 1994;
Klosterman, 1994; Lee, 1973, 1994; Openshaw, 1979; Sayer, 1979; and Smith, 1998.
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models) (Couclelis 1997). Yet, the operational procedures used to analyze cities are
generally absolute (e.g., Geographic Information Systems (GIS) and remote sensing

(RS)). In this sense, CA hold many advantages over linear models of urban phenomena.

4.1.3 Decentralized approach

Another advantage of CA, and their parallel processing approach in particular, is that
they are highly decentralized. According to Resnick, the decentralized approach of CA is
symptomatic and reflective of a very broad trend of decentralization—an “era of
decentralization™—sweeping through society in general (Resnick 1994a). Up until
recently, the world, and particularly our understanding of the world, was quite
centralized. Central control was assumed to drive dynamics in many systems. The
formation of groups of birds into flocks, and the organization of their flocking behavior,
was assumed to be guided by a centralized ‘leader bird’ (Resnick 1997). Resistance to
evolutionary theory (which still persists: (see Belluck 1999) was based on the idea that
the forces driving creation were a centralized, one-off event (Resnick 1996). In the
eighteenth century, the Scottish economist Adam Smith even postulated the idea of an
“invisible hand” that set the level of equilibrium between supply and demand in the
market place.

It is, perhaps, not unsurprising that a bias towards centralization exists. Many phenomena
are, indeed, centralized. Also, people generally participate in social systems where power
and authority are centralized. The experience of self and the mind as a singular entity also
emphasizes individuality (see O'Sullivan and Haklay 2000). However, the world, and our
ideas about how the world works, is becoming increasingly decentralized on many levels.
Organizations have become decentralized, distributing rights, responsibilities, ownership,
and power from the top down. Decentralization is also pervasive in science. In physics
the domination of the Newtonian idea of a centralized and linear link between cause and
effect is slowly being replaced by a decentralized approach that treats systems in terms of
dynamic nonlinear interactions and feedback loops. In psychology the idea of a
centralized mind has been challenged, most notably by Sigmund Freud, who proffered
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the idea of simultaneous existence of multiple perspectives and narratives co-existing in

separate areas of the mind (Resnick 1994Db).

More importantly for urban studiesities are decentralizing! The old monocentric core

and its orbital band of related settlement is rapidly giving way to polycentric city systems
dispersed over a much less centralized network of relations and a spatial structure that is
shaped by centrifugal forces, rather than centripetal activity.

4.1.4 Affinity with geographic information systems and remote sensing

CA are commonly regarded as having a “natural affinity” with raster data (Couclelis

1997). They seem well suited to GIS and remotely sensed information. There are other
similarities between CA and GIS. Both CA and GIS organize space into discrete areal
units (grids in CA, and polygons or grids in GIS). Also, CA and GIS represent attribute

information in a layered fashion (themes in GIS and state-spaces in CA), and manipulate
that information with operators (overlay techniques, for example, in GIS and transition

rules in CA) (Wagner 1997). In many cases, state data can be arranged in a GIS or via
remotely sensed images before being introduced to the CA. In White and colleagues’
model (White and Engelen 1997), states represent a plethora of information about cities,
such as soil types, precipitation levels, legal restrictions on land use, arranged in many

cases as weighted sums. In such cases GIS are ideal for preprocessing CA state-spaces.

Other authors have suggested a closer coupling of CA and GIS, suggesting that CA act as
the ‘analytical engine’ for a GIS (Wagner 1997). In the Wu and Webster models (Wu and
Webster 1998), for example, the CA is called from within a GIS. Yeh (1998) and Yeh

and Xia (2000) have also developed CA-GIS models for urban research.

4.1.5 Attention to detail

Before the advent of computers, we could only study systems with large numbers of
interacting mechanisms by assuming that individual elements exhibited a typical or
averagebehavior. Theverall behavior of the system was assumed to be the sum of these

average behaviors. But, of course, many systems are non-linear, and here it may not be
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assumed that the aggregate constitutes the sum of the constituent parts (Holland 1995).
This idea has carried through to urban systems simulation, where complacency in the
substitutability of aggregate level data for detail has long proliferated. This approach has
been well criticized; in particular, the consequences for the way in which we consider
cities—as macro-structures that account for urban change—are especially unwelcome
(Batty 1998). The result has been a generation of models and range of methodologies that
are divorced from detail (Torrens 2000b). The capabilities of CA to handle fine-scale
dynamics with computational efficiency has made them candidates for a new generation
of detailed simulations. This is a logical progression from micro simulation efforts in
operational land-use and transport models (Wegener 159t with an explicit and

welcome attention tepatial detail.

4.1.6 Function and form

A major advantage of CA is the equal attention that they afford to space, time, and
system attributes. This united approach has the benefit of imposing a modeling
framework that forces model builders to consider the system that they are simulating in
an interactive fashion, where a change in one element has profound effects on others
(Batty 1997b). This has obvious advantages for modeling geographic phenomena, where
actions are intertwined continuously over space. Essentially, CA allow use to model

function and form, pattern and process, simultaneously and in an interactive manner.

4.1.7 Dynamics

Previous generations of urban models have sometimes treated dynamics poorly: models
moved in ‘jumps’ from one time period to another. Often, these jumps spanned several

years—a period in which much could change in a city. The weak representation of

13 Indeed, modular software architectures for land-use and transport models are making the inclusion of cellular
automata and agent-based models as detailed microsimulation engines increasingly feasible (Waddell and

Alberti 1998; Noth, Borning and Waddell 2000; Waddell 2000; Waddell and Alberti 2000).
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dynamics was a by-product of calibrating the models on cross-sectional data, often
relying on information from the Census, which is produced decenially in most countries.
Recent advances have seen models calibrated on longitudinal data, with time steps of as
low as one year (for example, the UrbanSim model: Waddell (2000)). Nevertheless, the
models still remain relatively static. They are updated rather than iterated between time
steps. CA models represent a significant advance in the treatment of time. The models are
inherently dynamic, and importantly they are interactively dynamic. Time is still discrete

in CA models—they still move in ‘jumps’—but the jumps may be so small as to
approximate real-time dynamism if necessary and if data permits. This is useful for
modeling cities: CA are flexible enough to allow multiple timescales to be represented in
the simulation. This is important in systems such as cities, where the lifecycle of
interactive events—long-term economic cycles, daily commuting behavior, hour-by-hour

social interaction, etc.—varies temporally.

4.1.8 Infusion of complexity theory

Treating cities as complex adaptive systems is an innovative approach to urban studies.
As we have seen, many urban systems may be regarded as emergent in their behavior and
complex in their organization. The complexity approach to urban studies also parallels
closely with postmodern schools of thought in urban geography, particularly ideas about
deconstruction and the representation of multiple perspectives (for example, see Soja
1995). The complexity approach focuses on the ‘grassroots’ of the system—emphasizing
the interaction among elements—without sacrificing a holistic perspective. The
complexity approach also focuses model development on important issues such as the
importance of historical (seed) conditions, feedback between subsystems, interaction,
dynamics, noise and perturbations, etc. Of course, urban CA also offer the potential of
illuminating our understanding of complex adaptive systems in general. The opportunity

to inform debates in complexity studies is rich.
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4.1.9 Simplicity

In CA models complicated and realistic patterns and processes emerge from simple rules
and sparsely (but well) defined elements. The simplicity of the CA approach offers many
advantages for urban simulation. Previously, many models—patrticularly large-scale land-
use and transport models—were regarded as unnecessarily complicated and unwieldy
(see Lee 1973; Torrens 2000b). In many cases users did not understand how the models
worked. The models were regarded as ‘black boxes’: things went in and things came out
but the user was no wiser as to what went on inside the model. This is a serious weakness
when the purpose of the model is to learn more about how a system functions. CA can
help to ‘color’ the black box, largely because of their intuitive simplicity, both in terms of
parameterization and the derivation of algorithms (transition rules) for the model’s
behavior. The CA approach abstracts somewhat from potentially confusing aspects of
model design—transition rules are derived (ideally!) from theoretically-informed
research, and the complexity is allowed to emerge from within the model; the complexity
does not strictly enter into the model desiger, se Of course, one always run the risk of
adopting too simple an approach and omitting important detail in the system: “No models
based on toy values and the homogeneity, uniformity, universality, etc, assumptions of
classic CA can have a claim to the status of explanatory tools for real-world
applications.” (Couclelis 1997, p.167) Of course, the flip side of this is the danger that
urban CA, through extension, may becam@complicated!

4.1.10 Linking macro- to micro-approaches

The city is a complex system with many sub-systems that operate interactively at
different scales. CA have the capacity to ‘gel’ these subsystems together in a seamless
manner. They do this by allowing large-scale patterns to ‘emerge’ from the interactive
dynamics of local elements. There may be some incompatibility when it is necessary to

model top-down subsystems, however.
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4.1.11 Visualization

CA are, by their very nature, a highly visual environment for simulation. This has several
advantages for urban modeling. The visual aspect helps to engage model users—users
can interact visually with the model. The same advantage also applies to uses in
education (Resnick 1997). As the saying goes, a picture is worth a thousand words; CA
can convey large amounts of information at once. Complex procedures, aggregated
outcomes, statistical trends, and comparative measures can be presented visually and
diagrammatically, enhancing the accessibility of the research. Because CA are visually
dynamic, the evolution of the system can also be displayed as it changes over time.

4.2 Modifying CA for urban applications

Urban models are an abstraction, simplified versions of real world objects and
phenomena that are used as laboratories for exploring ideas about how things work in
cities. CA are no exception to this characterization. However, the basic CA, as defined by
Ulam, von Neumann, Conway, and Wolfram (Poundstone 1985; Wolfram 1994; Sipper
1997) is not well suited to urban applications; the framework is too simplified and
constrained to represent real cities. To be successfully applied to the simulatrbarof
systems, it is necessary that CA be heavily modified from the formal parameterizations
outlined in section 3. Indeed, quite radical modification is necessary before CA can
approximate even a crude representation of an urban system. This often necessitates the
introduction of additional components to add functionality to the basic CA design. The
next sections discuss urban CA modifications in detail, referring to the adaptation of cell-

states, lattices, neighborhoods, time, and transition rules.

4.2.1 Cell-states

In the basic CA, the cell-space is a closed environment. External events cannot influence
the model dynamics within the CA. When CA are configured in this manner, there is no
place for independent forces that might enter the model at a macro-scale (Couclelis
1985). Naturally, system closure makes little sense in the context of cities, where
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exogenous links and dependencies are numerous. To overcome this limitation, urban CA
are often opened to outside influences, most commonly through constraints and
algorithms applied to transition rules (see Couclelis 1985; Clarke, Hoppen and Gaydos
1997; Semboloni 1997; White and Engelen 1997; White, Engelen and Uljee 1997).

Cell-states have also been reformulated in a hierarchical fashion in urban CA, mirroring
discrete choice models in land-use and transport simulation (Torrens 2000b). The
hierarchies are used to introduce the notion that state transition in urban contexts (land-
use dynamics, for example) has a predilection towards pursuing fixed paths and
proceeding in a sequential fashion (White and Engelen 1993).

In the basic CA, cell-states have a certain level of homogeneity. Cells may adopt
concurrent states (von Neumann’s CA had 29 states, for example), but those states have
often been of the same form. Research into urban CA models has attempted to introduce
a greater degree of flexibility into cell-state design by permitting cells to adopt concurrent
states in avariety of forms. For example, binary states—developable or not developable,
for example—appear alongside integer state descriptions—land use categories, for
example—and continuous values that correspond to various urban characteristics and
properties such as land value and population counts (Wu 1998). A particularly innovative
twist on this idea is the introduction of cell-state fixture (White and Engelen 1997). Here,

a distinction is made between cell states that are ‘fixed’ and those that are ‘functional’. In
the context of land use, we may regard sites that are generally exempt from the urban
development process (such as water bodies) as ‘fixed’; sites that are active in the
development process (such as vacant lots) may be considered as ‘functional’.

4.2.2 Lattices

The basic two-dimensional CA is commonly defined on an infinite plane that is
structured into a tessellated grid of regularly spaced squares, or cells. Both the idea of an
infinite spatial plane and that of a uniformly regular space are unrealistic for most urban
contexts. CA used to study cities are often constrained to finite dimensions, with various
tricks (such as buffers) for the treatment of edge effects (White, Engelen and Uljee 1997).
Recently, researchers have also experimented with three-dimensional lattices for urban
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CA, approaching a more realistic representation of the dimensionality of urban systems
(Semboloni 2000). The idea ofcallular space for these models is also problematic for
urban application$! Many features of cities are regular: some block configurations,
building facades, internal floor plans, and many road networks. However, most objects in
cities are not regular, and are certainly not square in shape. In a bid to afford urban CA
models a greater degree of realism, researchers have introduced a variety of irregular
lattice structures into the CA framework, re-specifying lattices as a graph, for example
(O'Sullivan forthcoming).

4.2.3 Neighborhoods

The strict formalism of the basic CA provides for a very limited specification of
neighborhoods of influence. In the basic CA, a neighborhood consists of an individual
cell itself as well as a set of adjacent cells at some distance from the cell in question. In
basic two-dimensional CA, there are two neighborhood configurations: the Moore
neighborhood of the eight cells that form a square around a cell, and the von Neumann
neighborhood of the four directly adjacent cells that comprise a cross centered on a cell
(figure 2). Clearly, such a limited range of action spaces is too limiting for urban
applications. The rigidity of the basic CA suppresses direct action-at-a-distance (although
action does propagate, indirectly, across distances as the models evolve). In the urban
world, neighborhoods of influence vary significantly and, more often than not, they fail to
fit into the neat typology offered by the basic CA. Social interaction, for example, can
operate between adjacent properties, as well as functioning on a citywide scale.

It is not surprising that urban CA models have modified neighborhood parameters.
Distance decay effects have been introduced, often as weights applied to neighborhoods
in transition calculations. Also, neighborhoods have been extended to comprise larger
spaces (White and Engelen 1997; White, Engelen and Uljee 1997). The introduction of

‘fixed” and ‘functional’ cell-states can also serve as a proxy for asymmetric

14 Tn fact, CA would do well to introduce a name change; perhaps they would be better termed as, ‘spatially

tessellated automata,” or, ‘finite spatial automata’.
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neighborhoods, as ‘fixed’ cells can serve to remove areas of the neighborhood from the

transition calculation.

4.2.4 Time

The temporal space of CA is also an issue of concern for developers of urban CA models.
In the basic CA framework, time is discrete and cells are made to evolve synchronously
between time steps. Transition rules are applied uniformly: all cells are updated at the
same time. The urban equivalent of this would be a situation in which everybody in a city
IS privy to every decision made, with all deals being settled at the same time. Researchers
using CA for urban applications have experimented with asynchronous cell-update,
attempting to circumnavigate the universal treatment of time (although, the ramifications
of using asynchronous update are not yet fully understood in urban research). This has
been approached through the use of agents on a CA space (Portugali 2000), which add a
certain level of randomness to the temporal space of the CA. Others (see White and
Engelen 1993; White and Engelen 1997; White, Engelen and Uljee 1997) have tinkered
with the cell-state transition process so that it is only partly sequential, fashioned in
dependence of exogenous constraints.

4.2.5 'Transition rules

Transition rules are the real driving force behind CA dynamics. Transition functions
serve as the algorithms that code real-world behavior into the artificial CA world. In the
context of urban CA, transition rules are responsible for explahomgcities work|t is

not surprising that CA models used to study cities have seen sweeping modifications to

the transition rules specified in basic CA.

As we have already seen, transition rules have been opened up to exogenous links,
permitting urban CA to function as quasi-open systems. Also, they have been
reformulated as probabilistic expressions, a departure from the deterministic
specifications of strict CA. In this manner, rules can be made conditional upon a

probability, introducing an element of randomness, or ‘noise’, into the model. Also,
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probabilistic rules can be made dependent on other rules formulated within the model,
reflecting the idea that urban systems operate as a tangled web of co-dependent sub-

systems and phenomena.

Self-modification, an idea not unlike evolution, has been used to expand CA functionality

for urban purposes. Based on the idea of the genetic algorithm in computer science
(Mitchell 1998), transition functions are allowed to change via feedback mechanisms as a
CA model develops. In this sense, the rules ‘evolve’ (perhaps to some level of fithess or
optimal efficiency) in reaction to the problem space of the model, adapting over time as

the CA progress iteratively.

Transition rule modification has also absorbed other simulation techniques from urban
modeling, particularly ideas from regional science and econometrics (Torrens 2000Db).
Economic principles, such as utility maximization, have also been woven into transition

rules (see Webster and Wu 1998; Wu 1998; Wu and Webster 1998; Webster and Wu
19994, b), as have accessibility algorithms based on spatial interaction (White, Engelen
and Uljee 1997). However, CA models have been slow to adopt explicitly geographic or

urban theory as a basis for transition rule formulation, missing a valuable opportunity to

infuse the models with a solid theoretical foundation (Torrens and O'Sullivan 2000).

4.3 Moving forward with cellular urban models

To some extent, the broad modification to the basic CA framework is necessary for the
application of CA models to urban systems, but in many ways it has shadowed the
progress of research. Model developers often focus their attention on the intricacies of
model construction without proper attention to the reasons for which the models were

developed and the applications to which they aré%ut.

15 Of course, the same accusation could well be accurately leveled at this working paper; it is, after all, entitled,
How Cellular Models of Urban Systems Work. That 1s the intended purpose of this paper, however; it is not meant
for application to any particular urban system, or to test a theoretical hypothesis. So, I can sleep easy in my bed

at night, not feeling all zhar guilty!
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The introduction of CA modeling to urban studies was always an applied science. The
models were intended, ideally, to be used as a tool to empower researchers, students, the
public, and policy makers to explore their ideas about how complex urban system
dynamics function. The simple, dynamic, and bottom-up approach of CA was particularly

advocated for this purpose, and welcomed as an innovation in urban simulation.

Given the recent enthusiasm for building CA models of urban systems, it is hard to
believe that developments in the field have been shadowed by a sense of uneasiness (see
Batty 1997Db; Couclelis 1997; Torrens and O'Sullivan 2000). In particular, and perhaps
quite ironically, anxieties about tinkering with the simple formulation of the basic CA
were particularly well voiced. Researchers have been uneasy about the limited capacity
for the constrained framework of the basic CA to represent complicated urban systems in
even a crude fashion. Despite these concerns (and they are important concerns), work in
the urban CA research community has shifted strongly towards modification; application
and theory have fallen to the wayside as enthusiasm for the technology of model
building—especially geocomputation—has come to the fore (Torrens and O'Sullivan
2000). Ironically, one of the principal concerns of urban CA developers is now a fear that
the flood of modifications to the basic CA framework may lead to an unwieldy cocktail
of simulations, more complicated in themselves than the systems that they purport to

represent.

Looking at the literature published on urban CA thus far, we can see some promising
avenues for future research in the field, providing researchers with the opportunity to
move forward with CA. The next section explores some avenues of development and pre-
emptively suggests some of the difficulties that might pose a challenge to the future

development of useful, theoretically informed, and academically innovative CA-based

models of complex dynamic urban systems. These developments are classified into
several areas, beginning with a taxonomy of cellular urban models: spatial complexity,

dimensionality, the meaning of rules, theory, links with other disciplines, the generation

of new urban forms, education and outreach, hybridization, and model validation.
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Figure 11. A spectrum of cellular models.

4.3.1 A taxonomy for cellular urban models

The issues surrounding modification and the implications of bolstering the basic CA with
expanded functionality are influenced by the intended use of urban CA models. Cellular
models of urban systems are generally developed for three (not always mutually
exclusive) purposes: to explore spatial complexity, to test theories and ideas about cities
in an abstract manner, and as operational urban planning support systems. CA models of
spatial complexity are used to advance understandingenéral complex adaptive
systemgof which, urban systems are a candidate). Abstract urban-theoretical CA models,
on the other hand, are used to examine the role that complexity has in driving dynamics
in urban phenomenasuch as fringe growth, redevelopment, suburban sprawl, edge city
formation, polycentricity, agglomeration, inertia, diffusion, spatial structure, and social
segregation. Essentially, abstract urban-theoretical CA models are used as laboratories for
testing ideas and theories about dity (as opposed to complexity). Operational urban

CA are used as planning support systems (although very few are actually operational) to
assist planners, policymakers, and the public in managing and building cities. Generally,
these serve as scenario-generating tools that form the basis of discussion. Operational
urban models have increasingly turned to rule-based formulations based on logit models
and decision theory (De la Barra 1989; Torrens 2000b). Also, in transport modeling,
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activity-based simulations have been gaining ground (Ben-Akiva and Bowman 1998),
and micro simulation with operational models has long been underway (Wegener 1996).
It does not take a quantum leap to fuse those approaches with CA, which essentially add
a dynamicand spatial spin to these existing techniques (Torrens 2000a, 2001). Indeed,
following the development of the TRANSIMS model at Los Alamos National
Laboratories (Nagel, Beckman and Barrett 1999), there has been a concerted drive to
push metropolitan planning organizations into incorporating CA into operational
forecasting models, with the implication that those models be used in the assessment of
clean air legislation compliance (Travel Model Improvement Program 1999).

Each of these application domains is quite different, with varying demands for what a
cellular model should do and what structure it might adopt (figure 11). Models used to
explore the simple principles that govern urban spatial emergence in dynamic contexts,
for example, have little need for radical modification. With a few limited adjustments, the
basic CA is adequate for these purposes. In many cases, the addition of extra components
may be counterproductive for the tasks at hand. On the other extreme, however, CA
models designed for uses in practice; such as urban planning, urban management, and
policy formulation; must often be heavily transformed before they approach even vaguely
realistic representations of urban systems. Here, modification is likely to be widespread
and often essential. Nevertheless, even for practical applications, modification should be
approached with care. CA exist, as it were, on the ‘edge of chaos’ (Langton 1992).
Launching into unbridled modification of the models, without a full appreciation of the
dynamic implications, may produce simulations that we do not fully understand (our
‘perplexity’ from earlier discussions). The risk here is that these models may have little
operational value; without an understanding of how the model works, only negligible
value can be attached to their predictions or recommendations. The simulations also run
the risk of falling short as an exercise in simple model building. When urban CA models
become unwieldy the beauty of their simplicity is forfeited, and with it the value of CA as

a simulation technique is lost. In short, it is important to remember that urban geography
and urban planning am@plied sciences; the application domain should not be ignored.
With this in mind, let us have a look at where CA models may be going in the future.
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4.3.2 Explorations in spatial complexity

Cities are excellent examples of complex emergent systems. From local-scale interactions
such as individual movement habits, the geomarketing strategies of individual retail
establishments, and social biases, large-scale and ordered patterns emerge in the
aggregate: peak-hour congestion, economies of agglomeration, and social segregation.
These aggregate patterns often emerge independently of the dynamics driving the
individual components of the system. Complex urban systems also display many traits
common to complex systems in the biological, physical, and chemical worlds.
Researchers searching for the mechanisms driving complexity have a lot to learn from
cities, and urban CA models are excellent vehicles for exploring urban spatial

complexity.

Experiments with fractal geometry and feedback mechanisms in urban CA are amongst
the most common examples of how urban CA models are used to explore spatial
complexity (White and Engelen 1993; Batty and Xie 1997). However, thern# Hesity

of room for advances in this area. Importantly, if research with urban CA is to make a
lasting contribution to complexity studies, with relevance across disciplines from biology
to physics and chemistry, and across scale boundaries, it is necessary that the form of
urban CA preserve as many features of the strict and formal CA model as possible (so
that the models can ‘converse’ with each other). Alternatively, by adopting a limited,
well-definedfamily of CA modifications, with origins in urban spatial complexity, other
researchers may be encouraged to experiment with urban CA models (O'Sullivan and
Torrens 2000). Findings might be compared with work in other disciplines and parallels

could be drawn between urban research and advances in other areas of complexity.

The idea behind using urban CA models to study spatial complexity is to look at the
simple ingredients of complexity that we find in cities, and to examine how these
findings compare with elements of complexity in other fields. However, there are
significant avenues of inquiry that must be addressed before urban CA models of spatial
complexity can fulfill these requirements. Specifically, urban CA models may have to
turn their attention to multi-dimensional complexity. Also, there is a strong need for

measured experimentation with the construction of transition rules within a relatively
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formal CA structure and the patterns that those rules generate. Finally, exploration into
agent-based models of complexity, built on CA-based city-like environments is likely to

be required.

4.3.3 Dimensionality

From the vantage point of urban geography—a field that is intrinsically dedicated to
spatial relations in urban systems—it is surprising that apart from Conway's Game of
Life CA (Poundstone 1985), much of the most widely cited CA literature in the natural
sciences focuses on the behavior of one-dimensional CA. By limiting explorations to a
single dimension, the richness of system dynamics across many dimensions is sometimes
ignored. In an applied context, these models forfeit some of their explanatory power. Of
course, in physics and chemistry the complex dynamics of emergent systems, in some
cases,do actually function, in relative isolation, in single dimensions. This is not
generally true of complexity in geography and cities (except, perhaps, on traffic
networks). Urban CA have, for the most part, adopted a two-dimensional perspective on
systems dynamics, but there have been very few applications of urban CA to multi-
dimensional examples (Semboloni 2000 is the only example that the author is aware of).
There is no reason why research designed to explore spatial complexity with urban CA
models should not direct its attentions beyond two dimensions. Intuition suggests that the
search for spatial complexity in urban systems and explanation in urban geography must
lead researchers at least into three dimensions, if not more. Building urban CA that can
handle complex dynamics in several dimensions is not trivial; it's really difficult!
However, advancesre being made, and the area represents a potentially rich and
rewarding future avenue for investigation, both for urban geography and for complexity
studies.

4.3.4 Infusing theory

One of the potential drawbacks of urban CA models, is that they have may have done

relatively little to inform theory. Many of these models claim to explore various

50



hypothetical ideas about the city, but model developers regularly mire their work in the
fine details of model construction, at the expense of the theories that they set out to
explore. (This is a flaw of much quantitative research in geography.) Research in urban
CA modeling has perhaps become slightly confused as a result of a general emphasis on
the nuts and bolts of model specification, rather than the theoretical environment in which
they exist; researchers are explainimayv without exploringwhy. This is often the case

with new techniques in quantitative geography, where initial enthusiasm for analysis
techniques dominates the early research agenda. As CA move into a relative degree of
maturity as an academic exercise, however, calls for advances in this area may amplify. It
IS important that research with these models has neglected some significant areas of
investigation, notably explorations into generating simulations of new urban patterns, and
the potential use of the models as educational tools. These areas represent exciting ways
in which urban CA models can really make a contribution to urban geography, public
policy, urban studies, and urban planning.

4.3.5 The meaning of rules

Transition rule formulation in operational urban CA models probably represents one
region in which future advances in CA models will focus. The design of rules is an area
in which operational models have the chance to associate with theory—an area that
operational simulation has been somewhat divorced from. Some innovative advances
have been made in the formulation of transition rules derived from urban economic
theory and notions of accessibility. Batty and colleagues have developed several
influential models along these lines (Xie 1994; Batty and Xie 1997; Batty 1998, 1999;
Batty, Xie and Sun 1999), as have Webster and Wu (Webster and Wu 1998; Wu 1998;
Wu and Webster 1998; Webster and Wu 1999a, b; Wu 1999). Other groups have also
made important in-roads in the field (Benati 1997; Portugali, Benenson and Omer 1997,
Sanders, Pumain, Mathian et al. 1997; Portugali 2000). These efforts can be extended to
embrace other areas of urban theory—as well as other urban theories—such as social
justice, location theory, urban design, political economy, environmental studies, urban

sociology, and urban ecology. This would have the advantage of strengthening the
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theoretical basis of urban CA. Additionally, it offers the opportunity for moving urban
modeling away from an overarching allegiance to that old crutch (!), urban economics,

and towards an expanded interdisciplinary focus.

4.3.6 Generating new urban forms

One of the potentially rich uses of CA in urban research is to generate city-like
phenomena from theoretically informed components. Because the technolatyynisast
‘workshop’ phase, urban CA models have focused on replicating well-documented urban
phenomena, such as growth, multi-nucleation, and land-use transition. The opportunity to
generate new organic urban forms with these models has not been capitalized upon.
Potentially, urban CA models might allow us to preemptively explore our urban futures,
simulating the next edge city, techno pole, or megalopolis phenomenon. Of course, much
of this research may prove rather difficult; how would we recognize new urban forms if
we did actually generate them? But, the possibilities that these models offer are too rich

for the opportunity to be missed.

4.3.7 Education and outreach

Urban models have always been employed to good use as educational tools. Conceptual
models such as those developed by von Thunen, Hotelling, Burgess, and Losch, have
contributed greatly to our understanding of the city, even with limiting assumptions and a
much simplified description of the city (see Torrens 2000b for a review). CA really offer
fantastic opportunities to follow suit in this tradition. In particular, the chance to use CA
models in the classroom as a dynamic, visual, and interactive educational tool for urban
geography is beginning to be seized upon (Rizzi and Buso 1999), especially as software
specifically catered towards education and freely available in the public domain becomes
available (Resnick 1997; Epistemology and Learning Group 2000; Freiwald and Weimar
2000).

CA also hold potential for improving the interface between models and users in planning,
policy, and elsewhere. The CA approach emphasizes simplicity in model formulation and
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affirms dynamic visualization as a means of presentation. These properties lend CA an
aptitude for engaging model users in an interactive manner. With these techniques,
operational urban models have a chance to become more intelligible, accessible, user-

friendly, anduseful

4.3.8 Hybrid models

Traditionally, operational land-use and transport models have been developed in the
spatial interaction framework (Fotheringham and O'Kelly 1989). The so-called ‘gravity
models’ (their algorithms are formulated with analogy to Newtonian physics) emphasize
an aggregate and largely static approach to urban simulation. Several advances on the
basic gravity approach have been formulated and forays into spatial choice simulation
have been made (Torrens 2000b). However, the current stock of models in operational
use remain largely centralized, aggregate, relatively static, and top down in their
treatment of urban activity (with a few exceptions). The complexity approach has put
decentralization, detail, dynamics, and bottom up approaches in the simulation spotlight.
There is much justification for carrying those ideas through to urban simulation. Many
urban systems do exhibit signs of emerging from micro-scale dynamics up to macro-level
manifestations, and these systems may well be better modeled with CA. However, as
suitable to the simulation of urban systems as CA models are, there are some things that
they cannot model well, most notably constraints such as planning restrictions that are
applied to urban systems from the top down and global level phenomena that strongly
influence urban systems, but do not necessarily emerge from local components. In light if
these considerations, there is a convincing argument for develbpimgl operational

urban models.

One potential framework for a hybrid model would combine the best elements of CA,
traditional land-use and transport and regional science techniques, and models based on
intelligent spatially mobile agents. A hybrid model would simulate the aggregate and
global level (top down) dynamics of the urban system in the conventional manner using
techniques widely employed in practice: spatial interaction, spatial choice, input-output
models, demographic forecasting techniques, etc., but could delegate micro scale (bottom
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up) dynamics to CA and agent models. Essentially, the macro-level models would feed
the CA-agent models with a set of known zonal level conditions (these can serve as
constraints on state values). The micro-level models would then distribute these values at
the local level using theoretically informed dynamic ‘engines’. ldeally the connection
between the two sets of models would be tightly integrated and seamless, but a hybrid
approach could also constitute a ‘suite’ of models, each with a unique perspective on the
problem at hand. Tentative advances in this area have already been made (Phipps and
Langlois 1997; White and Engelen 1997), and modular simulation architectures are
paving the way for these hybrids (Noth, Borning and Waddell 2000). Also, the topic is
the subject of ongoing work by the author, and constitutes the principal focus of my own
research (Torrens 2000c, a, 2001). However, there are a number of obstacles that need to
be overcome before adequate progress towards these objectives can be made. The nature
of process directionality in dynamic, and intricately codependent urban systems needs
serious attention so that an understanding of where connections should be made and

feedback loops exist, for example.

4.3.9 Validating cellular urban models

The issue of model validation is key to the development of all urban CA models, but
particularly those applied in operational contexts. The emphasis thus far in urban CA
modeling has been on pattern based validation techniques: pattern recognition, measures
of match such as the chi-squared and kappa-statistics. The weakness of these approaches
have been well-documented (White, Engelen and Uljee 1997; Wu 1998) and much
energy is being expended on advancing our ability to calibrate urban CA models (Power,
Simms and Whitel999). However, much of this effort isillstbbogged down in the
pattern-based approach. This ignores the fact that CA comprise pattern and process, form
and function. Future research may therefore have to look to new process-related
validation measures such as Monte Carlo averaging, spatial information statistics
(Wolfram 1994), and measures of complexity. There is also some rich potential to make

connections with our existing repertoire of pattern-based techniques.
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5 Conclusions

This paper has (hopefully!) provided an introduction to the theory of how cellular models
of urban systems work, tracing the intellectual roots of urban CA from complexity studies
through to computer science and urban simulation. It can be seen that CA have several
desirable qualities for studying urban systems and in many instances they specifically
address the weaknesses of previous generations of urban models. The advantages of
using CA for urban research include their spatiality, a decentralized approach to problem
solving, and affinities with other forms of spatial analysis. CA also have the benefits of
handling detail with relative ease, providing a connection between function and form,
facilitating dynamic simulation, and infusing models with elements of complexity theory.
Their relative simplicity compared to other urban simulation models, the link that they
provide between micro- and macro-approaches, and their visual environment are also

desirable qualities.

In most cases, urban CA bare only a passing resemblance to what we might call basic or
classic CA (those discussed in section 3). Often, CA must be modified for application to
urban problems. This paper has described how such modifications might take place, with
reference to cell-states, lattices, neighborhoods, time, and transition rules.

CA remain in relative infancy as a form of urban simulation and as such the future offers
many avenues for exploration with model building and application to urban studies.
These include new application in the study of spatial complexity, experiments with the
dimensions of urban CA, and opportunities to work more closely with theory and rule
building. The generation of new urban forms with CA also holds much promise, as do
opportunities for using the models as instructional tools for education and engaging user
communities. Finally, the issue of calibrating urban CA models with known conditions in
the real world represents one significant area in which research with urban CA is likely to
engage further.

Research work here at the Centre for Advanced Spatial Analysis (CASA)—in the realm
of urban simulation models—is focused on developing new software architectures for
urban CA and complexity models in general, as well as integrated environments that
support the development of hybrid tools for studying urban systems. Two projects that |
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am involved with include the SprawlSim model (my Ph.D. work, which igary
development!): a multi-agent simulation system overlaid on a CA environment that is
integrated with land-use and transport models. SprawlSim is intended for use as a
scenario-generating simulation for exploring spatial complexity and sprawling urban
growth in North American cities (see http://www.geosimulation.com). Ideally, users will
be able to interact with the model to explore various growth management scenarios
relating to sprawl to explore potential outcomes before they are tested in the real world
(you might also want to take a look at Torrens and Alberti 2000, if you are interested).
The second project is NEXSUS. The research is concerned with the application of
complex systems thinking and approaches to increase understanding of sustainability in
socioeconomic systems. At the core of NEXSUS are six individual projects across five
UK universities. While each project tackles a different problem, the stated aim is to try to
create bridges across these problems, leading to common understandings, integration in
methodologies and some communality in the eventual outcomes (http://www.nexsus.org).
CASA's involvement with NEXSUS is to develop an agent-based modeling environment
for exploring how complexity influences micro-scale urban development dynamics in the

city of London.

The next step in this series of papers is to develop a set of abstract urban experiments—
such as generating compact and sprawling cities from seed conditions, examining how
edge cities form, and tinkering with the parameterization of models. These models are
intended to demonstrate how urban CA are built in a practical context. The experiments
will be built in the StarLogoT environment, originally cultivated at the Massachusetts
Institute of Technology Media Lab (Epistemology and Learning Group 2000), but now
under development in additional universities (Center for Connected Learning and
Computer-Based Modeling 2000). Each of these experiments will be described in detail
as they are built from the ground up, and annotated software code will be provided. |
hope to place some of these models on our website at http://www.casa.ucl.ac.uk so that
readers can interact with them. With this paper as a theoretical foundation, it is hoped that
the set of papers will encourage and assist others in their own research with Urban CA.
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