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Urban cellular automata models have proved useful tools in urban growth prediction because of their
simplicity and their ability to reproduce complex emergent dynamics. Complex emergent dynamic sys-
tems involve processes that are difficult to predict, in which randomness plays a key role. In view of the
fact that randomness is particularly relevant to complex processes, the aim of this paper is to analyze the
sensitivity of the results of urban cellular automata models to the different methods used to incorporate
the stochastic component in the models. The urban growth patterns obtained using different stochastic
components are analyzed and compared using a number of spatial metrics. The results show that the dif-
ferences observed in the simulated patterns are sufficiently relevant to justify the need for this type of
analysis, which allows for the selection of the stochastic component that best suits the dynamics of

© 2010 Elsevier Ltd. All rights reserved.

1. Introduction

Cellular automata (CA) were first developed by S. Ulam and J.
Von Neumann in the 1950s as discrete dynamic systems in which
local interactions among components generated global changes in
space and time. White (1998) defined a CA as “a discrete cell space,
together with a set of possible cell states and a set of transition rules
that determine the state of each cell as a function of the states of all
cells within a defined cell-space neighbourhood of the cell”. CA pro-
vided a useful tool for the study of complex systems, insofar as
CA models allow for the generation of macro-scale complex pat-
terns from simple, micro-scale rules. Early urban CA models were
implemented as abstract models for the simulation of urban devel-
opment, and were aimed at testing hypotheses derived from urban
theories (e.g. Cecchini, 1996; Itami, 1988; Phipps & Langlois, 1997;
Portugali & Benenson, 1995; Wu & Webster, 1998). These theoret-
ical approaches served as the basis for the design of CA models
aimed at simulating real-world urban development processes
(e.g. Clarke, Hoppen, & Gaydos, 1997; White & Engelen, 1997;
Xie, 1996).

Due to the complex characteristics of urban systems like emer-
gency, path dependency or self-organization, urban CA results may
be very sensitive to variations in their parameters (Manson, 2007;
Messina et al., 2008). Other authors have focused on this issue by
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analyzing the effects of the different parameters included in the
model, such as neighborhood type and size (Kocabas & Dragicevic,
2006), cell size (Dietzel & Clarke, 2004; Jantz & Goetz, 2005; Samat,
2006), both (Menard & Marceau, 2005), land-use classes (Dietzel &
Clarke, 2006) or temporal resolution (Liu & Andersson, 2004).
However, the impact of other components of CA models, among
which the stochastic component, remains almost unstudied. Yeh
and Li (2006) dealt with the effects of the stochastic perturbation
in the predictability of the models, but the influence of the differ-
ent methods used to introduce randomness in the results of the
model and in the generated urban patterns has not been studied.

The incorporation of a stochastic component in urban CA mod-
els responds to the need to model the uncertainty associated with
urban processes. Urban growth presents some unpredictable fea-
tures that cannot be explained by deterministic variables (Yeh &
Li, 2006). Accordingly, most urban CA models incorporate stochas-
tic parameters to produce more realistic simulations. According to
White and Engelen (1993), cities reflect social processes. Because
social and biological processes occur in variable environments,
their ability to evolve in order to adapt to the medium becomes
essential. Without such ability, these processes cannot survive.
Evolvability requires a system to be at the transition point between
order and chaos, such that the system is not just chaotic or ordered,
but complex. White and Engelen (1993) provide the example of the
genes that compose the gene pool of a population. If such genes did
not mutate, i.e., if the genes in the gene pool of a population re-
mained in a constant state of equilibrium, the population would
not be able to adapt to environmental changes. Conversely, if many
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mutations occurred, the gene pool would deteriorate and the pop-
ulation would eventually disappear.

In urban CA models, ‘mutations’ in urban growth processes are
simulated by introducing some randomness. The degree of ran-
domness introduced in the models can be adjusted in different
ways in order to obtain an amount of mutations that makes the
system evolve between order and chaos, i.e., that makes the system
complex. Therefore, the stochastic component is critical to address
the uncertainties in complex geographical phenomena (Li & Yeh,
2004).

This paper analyzes the effects of the two most widely used ap-
proaches for considering ‘mutations’ in CA models on the gener-
ated urban patterns. The results of the analysis provide the
information required to assess the advantages and shortcomings
of each approach.

First, the most widely used methods for introducing and adjust-
ing randomness are presented. Then, the methodology used in this
paper to analyze the effects of the different methods on the simu-
lations is described. In addition, the growth patterns obtained for
the case study using the different methods are analyzed based on
a number of spatial metrics. Finally, the results of the analysis
and the conclusions drawn from such results are presented.

2. Introducing randomness in urban CA models

In regard to the methods used to introduce randomness in ur-
ban CA models, there are two principal types of models: (a) models
that include a stochastic perturbation, such as the stochastic dis-
turbance term proposed by White and Engelen (1993), in the tran-
sition rule (Cheng & Masser, 2004; He, Okada, Zhang, Shi, & Zhang,
2006; White & Engelen, 2000; Yang, Li, & Shi, 2008), and (b) models
that introduce randomness when deciding which cells must
change state, among which the models based on a Monte Carlo
method that compares the transition probability for each cell with
a random number, such that the cell will change state only if its
probability is higher than the random number (Almeida et al.,
2003; Jenerette & Wu, 2001; Li & Liu, 2006; Liu, Li, Liu, He, & Ai,
2008; Wu, 2002). Alternatively, the heuristic approach can be
implemented by comparing growth rate and a random number
in order to adjust the transitions to the amount of land use conver-
sion observed in real urban systems (Li & Yeh, 2004; Liu et al,
2008).

The stochastic perturbation proposed by White and Engelen
(1993) is computed from the following equation:

R =1+ (- In(rand))* (1)

where rand is a random number between 0 and 1, and o is a param-
eter that controls the size of the stochastic perturbation introduced
in the model. High values of o imply that extreme values of rand are
given more weight. Conversely, if the value of « is low, the extreme
values of rand are given less weight. Therefore, the stochastic dis-
turbance term will produce a larger or smaller stochastic perturba-
tion in the transition potential for a cell depending on the value
assigned to o.

Wau (2002) suggests that including a stochastic perturbation in
the transition rule in order to force the transition of the cells with
the highest potential for transition introduces a bias in the model,
because the cells with lower transition potentials can also change
state, but with a lower probability. For this reason, the author pro-
poses the Monte Carlo approach as a more realistic method for
selecting the cells that change state. Yet, the Monte Carlo approach
has weaknesses, as it does not allow for the control of the degree of
randomness or the total amount of simulated growth. To control
both factors, Wu (2002) incorporates two equations.

As the ideal site changes with each iteration, the maximum po-
tential value, max(P), is recalculated at each iteration using an
exponential distance-decay function to transform the probability
of site conversion, comparing its value with the probability of the
best site:

P’ = P« exp[-6 * (1 — P/ max(P))] @)

where P is the transition potential and ¢ is a dispersion parameter
that controls the shape of the distance-decay function, so that the
higher is the value of §, the steeper the distance-decay gradient
(Wu, 2002). Consequently ¢ has a function similar to the function
of o in Eq. (1), i.e. § controls the degree of randomness introduced
in the model (Wu & Martin, 2002, pp. 1861), though in a different
way. Eq. (1) scales the stochastic perturbation and therefore deter-
mines the degree of stochasticity in the calculation of P. However, in
order to adjust the degree of randomness using the Monte Carlo ap-
proach, the transition potential must be scaled considering the
maximum value of the probability as a benchmark. Therefore, high-
er values of § will depress probability away from its maximum score
such that greater discrimination between cells is obtained. Accord-
ingly, the cells with higher values will be more differentiated from
those with lower values, and there will be less probability that the
latter will transition. Consequently, the degree of randomness will
be lower.

Once the potentials have been scaled, Eq. (3) is used to control
total urban growth:

p— P/
-7

where N is the number of transitions that must occur in each itera-
tion of the model, which is determined exogenously to the model.
Once P’ has been obtained, a random number between 0 and 1 is
generated, such that the cell changes state if the value of P’ is above
the random number generated. Otherwise, the cell will not change
state.

In view of the key role of randomness in achieving the complex-
ity of urban dynamic systems, and considering the different meth-
ods that can be used to introduce randomness in urban CA models,
among which the two methods explained above, we have analyzed
both methods in order to determine whether significant differ-
ences are found in the results of an urban CA model when using
either method.

P’ x N (3)

3. Methods

To better analyze the effects of the stochastic component on the
output of the model, we used the simplest possible urban CA mod-
el. The model proposed by Wu (2002) is simple and easy to cali-
brate, and allows for the use of the two methods for introducing
randomness that are analyzed above. For this reason, we used
the model proposed by Wu (2002) as a basis for the analysis.

The model developed by Wu (2002) calculates the transition
potential from the following equation:

pxn

where n is the number of urban cells in the neighborhood (the mod-
el uses a neighborhood of 3 x 3 cells), which, divided by 8 (the
number of cells in the neighborhood excluding the central cell),
yields the probability of development for a cell as a function of
the neighborhood; and p is the probability of development for a cell,
calculated as a function of the considered variables using logistic
regression. To keep the model as simple as possible, only three vari-
ables were used: slopes, distance to roads and distance to the center
of an urban core.
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