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1. Introduction 
In the last years cellular automata (CA) have gained popularity as modelling tools for urban process simulation. Several 
approaches have been proposed for modifying standard CA in order to make it suitable for urban simulation (White and 
Engelen 1993a, Itami 1994, White et al. 1997, Wu 1998, Clarke and Gaydos 1998, White et al. 1999, White and Engelen 
2000, Semboloni 2000, Li and Yeh 2000, Sui and Zeng 2001). The results of the previous applications are promising and 
have shown realistic results in several cities in different parts of the world. 
 
The popularity of CA may be due to the fact that CA are systems able to reproduce and mimic complex systems with self–
organizing properties. Despite that, some questions remain to be addressed when CA are used as modelling tools in urban 
studies. How to get in use all the modelling potential of CA in order to make it suitable for urban processes is a question 
still to be addressed. 
  
Cities have been defined as complex systems considering their intrinsic properties and the process of land use dynamics, 
and therefore CA are particularly well suited for modelling urban simulations (White and Engelen 1993a, Torrens and 
O’Sullivan 2001). However, cities have different characteristics due to several causes, such as the level of economic 
development, social and cultural issues, historical aspects, geographical location, etc. This paper addresses an experiment 
for modelling urban land use scenarios in Prague using an urban cellular automaton. The aim of this paper is to test the 
capability of an urban CA in simulating urban scenarios. We calibrated the model using historical and reference land use 
datasets for a thirty years period between 1968 and 1998. The aim of this model prototype is to predict future land use 
development under existing spatial plans and policies, and to compare alternative planning and policy scenarios in terms of 
their effects on future land use development. 

2. Characteristics and factors of the urban land use dynamics 
Cities are among the most complex structures created by human societies. They reflect the collective characteristics of their 
society. Cities of different regions of the world may also be different from several points of view, but despite these 
differences, cities have some characteristics that identify all of them as features of the same set. Dynamism and growth are 
two of the elements which characterize most urban areas, but to understand how and why they actuate may in some 
instances be a hard task or become almost impossible without tools which embrace their complexity. 
 
Cities are characterized by complex patterns of land use. Indeed, cities can be defined as complex objects from the point of 
view of their intricate mix of urban activities (White and Engelen, 1993a). Urban areas represent a mix of related units, but 
the degree and nature of the relationships are sometimes hard to establish. In addition, cities’ complexity can be seen from 
two points of view: the complexity represents the information-rich nature of the system, and the complexity is necessary for 
the successful functioning of the city as system (White et al., 1997). 
 
“Everything is related to everything else, but near things are more related than distant things”. The meaning of Tobler’s 
(1970, p. 236) first law of Geography is of central significance for understanding urban dynamics. Tobler’s assertion offers 
the basis for some applications in spatial analysis in which the neighbourhood space of a feature, even beyond the adjacent 
space, can influence or be related to the feature as a function of distance. For example, a new industrial area in a city can 
influence not only the areas in its immediate neighbourhood but in a buffer around it in a distance decay way. On the other 
hand the place where the industrial area is situated, before the creation of the industrial area, has also been influenced by a 
buffer of other areas with several land uses which have attracted or repulsed other land use types in a function of distance 
decay. Nevertheless it does not seem that Tobler’s law alone is enough to understand urban dynamics; some more factors 
would have to be taken into account. 
 
Urban land use dynamics are the direct consequence of the action of individuals, and public and private corporations acting 
simultaneously in time over the urban space. As a consequence, cities are the spatial result in time of all these influences, 
which continuously contribute to shape the city. Considering all these influences acting simultaneously, the “messiness” of 
cities is not surprising. 
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From a practical point of view, several land use allocation factors have been identified for urban activities in the science of 
spatial decision-making (see Eastman et al., 1993; Voogd, 1983; Carver, 1991). Five groups of factors can be identified: 
 

• Environmental characteristics 
• Local-scale neighbourhood characteristics  
• Spatial characteristics of the cities (i.e. accessibility) 
• Urban and regional planning policies 
• Factors related to individual preferences, level of economic development, socio-economic and political systems 

 
The first group is related to environmental characteristics, which can sometimes be represented as constraints on urban 
growth. For example slopes, prone areas to natural hazards and natural barriers belong to the first group. 
 
It should be noted that the second factor – i.e. local-scale neighbourhood characteristics – is related with Tobler’s 
Geography first law. It can be defined as the present and past land use patterns and their dynamics. Land use patterns 
usually represent the strongest influence for land use urban dynamics at local scale. Distance from new features to existing 
land uses and the type of these land uses control in certain measure the urban dynamics at local scale. 
 
It is logical to think that new residential areas grow near or adjacent to existent residential areas, but they are influenced by 
other land uses, for example in this case the industrial land use could represent a repulsive factor.  As a result a sort of 
equilibrium is reached between all actual land uses and their dynamics in a defined neighbourhood. Distance from new 
features to existing land uses and the type of these land uses control in some way urban dynamics at local scale. 
 
The third group of factors is related to the spatial characteristics of cities. Factors like distance to the centre, accessibility, 
flows or transport networks, are included in this group. For example, new links in the road network can contribute 
enormously to urban dynamics as an attractor to new urban land uses. 
 
The fourth group is related to urban and regional planning policies. From a practical point of view, this group is represented 
by cities zoning status. Through zoning plans the city is regulated to be occupied by the land uses in space and time. 
 
The fifth group comprises factors related to individual preferences, level of economic development and socio-economic and 
political system. They are the most complicated to understand and model. This group of factors is also related to human 
decision-making processes, which in most cases are qualitative, evolve in time and can be intransitive and therefore 
difficult or almost impossible to predict. For example a new residential area could be placed in an area because it is more 
“beautiful” than other areas. Usually human decision-making processes include some level of unpredictability; Couclelis 
(1988) defined human systems as “terribly complex”. On the other hand from a practical point of view, the related 
complexity of human systems could be modelled as some degree of stochasticity in a probabilistic schema. Therefore it can 
be considered as a stochastic factor in urban dynamics modelling. The problem arises in how it can be defined and 
calibrated. 
 
The sum of all the factors which participate in urban dynamics, plus the human decision component, generates a complex 
dynamic system, whose behaviour is influenced by some degree of stochasticity. Where and when some features will 
change in a city is a spatio-temporal multi-factor process which necessarily includes some stochastic degree. 

3. Methods: The urban cellular automaton 
A simulation of future land use for Prague has been produced in an urban cellular automaton prototype; the results of the 
model are analyzed and compared through the radial dimension analysis.  
 
The urban CA used comprises several factors that drive urban land use dynamics in a probabilistic approach. Previous 
studies in the urban-CA arena have shown that the transportation network and the suitabilities are the determinant factors of 
the ‘visual urban form’ (White et al. 1997). In addition, the zoning status is also a factor which participates in the land use 
allocation in a city, since it establishes the regulations for future land uses. 
 
In the urban land use system dynamics, accessibility (transport network), suitabilities and zoning act together as a linear 
deterministic function, they determine for each point of the territory the potential for each of the possible land uses as a 
linear function. 
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In urban CA simulations the factor which reproduces the non–linear dynamics of the urban system is the iterative 
neighbourhood effect, this factor is based in the ‘philosophy’ of standard CA, it simulates a nonlinear spatial dynamic 
process, in which the actual land use pattern and their dynamics combine to create the distribution of new built–up areas, 
and changes from one urban land use to another. 
 
The urban CA prototype included as well a stochastic parameter; it can be calibrated empirically in order to simulate the 
behaviour of the actual urban system. The sum of all the factors which participate in urban dynamics generates a complex 
dynamic system whose behaviour is influenced by some degree of stochasticity as happens in most of social and economic 
processes. 
 
The digital space in the CA consists of a rectangular grid of square cells each representing an area 10 000 m2. This is the 
same size as the minimum area mapped in urban areas in the land use datasets for Prague. Each cell of the CA can assume a 
state; the model uses 24 cell states representing the land uses existing in Prague. Six of the classes represent fixed features 
in the model, that is, states which are assumed not to change and which therefore do not participate in the dynamics. They 
do, however, affect the dynamics of the active land uses, since in the cell neighbourhood they may represent an attractive or 
repulsive effect. Examples of fixed features are: airports, mineral extraction sites, and dump sites. Another eight are passive 
functions, that is, functions that participate in the land use dynamics, but the dynamics are not driven by an exogenous 
demand for land; they appear or disappear in response to land being taken or abandoned by the active functions, examples 
of passive functions are: arable land, permanent crops and pastures. The active functions are the nine urban land uses, these 
functions are forced by demands for land generated exogenously to the cellular automaton in response to the growth of the 
urban area, some examples are: residential continuous dense, industrial, and commercial. Construction site represents a 
transitional state between one function and another. 
  
In standard CA the fundamental idea is that the state of a cell at any time depends on the states of the cells within its 
neighbourhood based on the predefined transition rules. In the urban cellular automaton this aspect is modified as follows. 
A vector of transition potentials (one potential for each function) is calculated for each cell from the suitabilities, 
accessibilities, zoning, and neighbourhood space effect, and the deterministic value is then given a stochastic perturbation 
using a modified extreme value distribution, such that most values are changed very little but a few are changed 
significantly. The probabilistic function is thus obtained by the equation: 

vNZSAP ijijijijij =      (1) 
where 
Pij is the transition potential of the cell i for land use j; 
Aij is accessibility of the cell i to the transportation network for land use j; 
Sij is the intrinsic suitability of the cell i for land use j; 
Zij is the zoning status of the cell i for land use j; 
Nij is the neighbourhood space effect on the cell i for land use j; 
v is a scalable random perturbation term defined as: v = 1 + [-ln(rand)]α , where (0 < rand < 1) is an uniform random 
variable, and α is a parameter that allows the size of the perturbation to be adjusted. 
 
The transition rule works changing each cell to the state for which it has the highest potential, however, subject to the 
constraint that the number of cells in each state must be equal to the number demanded in that iteration. Cell demands are 
generated outside the CA. On each iteration all cells are ranked by their highest potential, and cell transitions begin with the 
highest ranked cell and proceed downwards until a sufficient number of cells of a particular land use has been achieved. 
Each cell is subject to this transition algorithm at each iteration, although most of the resulting transitions are from a state to 
itself, that is, the cell remains in its current state. 
 
In this urban cellular automaton the neighbourhood space is defined as a circular region around the cell with a radius of 
eight cells. The neighbourhood thus contains 196 cells that are arranged in 30 discrete distance zones, the neighbourhood 
radius represents 0.8 km; this distance delimits an area that can be defined as the influence area for urban land uses. That is 
similar to what residents of a city commonly perceive to be their neighbourhood, and thus should be sufficient to allow 
local–scale spatial processes to be captured in the CA transition rules. 
 
In the urban CA a neighbourhood effect is calculated for each of the 17 function states (passive and active) to which the 
cell could be converted. It represents the attraction (positive) and repulsion (negative) effects of the various states within 
the neighbourhood. In general, cells that are more distant in the neighbourhood will have a smaller effect; a positive weight 
of a cell on itself (zero–distance weight) represents an inertia effect due to the implicit and monetary costs of changing 
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from one land use to another. Thus each cell in a neighbourhood will receive a weight according to its state and its distance 
from the central cell. The neighbourhood effect is calculated as: 

xdkxddxij IWN ΣΣ=      (2) 
In equation 2, Nij is the neighbourhood effect of the cell i for land use j, Wkxd is the weighting parameter applied to cells 
with land use k at position x in distance zone d of the neighbourhood, and Ixd is the Dirac delta function (inertia effect), Ixd = 
1 if the cell is occupied by land use k; otherwise, Ixd = 0. 
 
The accessibility factor represent the importance of access to transportation networks for various land uses for each cell, 
again one for each land use type. Some activities, like commerce, require better accessibility than others, such as residential 
discontinuous sparse. Accessibilities are calculated as a function of distance from the cell to the nearest point in the 
transport network as follows: 

1)/ −+(1= jij aDA      (3) 
In the equation 3, Aij is the accessibility of the cell i in land use j to the road network, D is the Euclidean distance from the 
cell to the nearest cell through which the network passes, and aj is a coefficient representing the importance of accessibility 
to the network for land use j. 
 
Finally, each cell is associated with a set of codes representing its zoning status for various land uses, and for various 
periods. Due to the combined effect of suitabilities, accessibilities, and zoning every cell is essentially unique in its 
qualities with respect to possible land uses. It is on this highly differentiated digital space where the dynamics of the urban 
cellular automata take place. 
 
In constrained CA the land use demands are generated exogenously to the cellular model (White et al. 1997) such as in this 
case. Demands reflect the growth of a city rather than the local configurational dynamics captured by the urban CA. Thus 
in the present model, cell demands for each land use type are generated exogenously to the CA. 

4. Results and discussion 
A simulation for Prague has been produced for the period 1968–1998 using the urban CA model. The period of thirty years 
was established in order to start the model using the historical datasets for the year 1968 and to test the simulation results 
using the reference datasets for the year 1998. Through this approach the simulation has been tested by comparing them 
with the actual reference land use datasets. Often the testing of the simulation results has been considered as a weakness in 
urban CA. A practical way of testing the model is to use historical datasets if available. Once the results of a calibration are 
satisfactory, the future simulation of land use can be done using the parameters of the already calibrated model, but 
assuming that the land use growth, distribution, and other trends will remain stable during the studied period. CA models 
can support ‘what if’ experiments (White and Engelen 1997), offering the possibility of exploring the future within some 
known accuracy degree. 
 
The increase or decrease in the number of cells for each land use in the modelled period has been calculated from the 
historical and reference datasets, thus the simulation accounts for an exact evolution in the land use surfaces. This is 
obviously not possible in simulations for future scenarios where the land use surface trends must be defined by the analyst. 
During the thirty years period the built–up area for Prague has grown 61.0 km2. The total build-up area for Prague in 1998 
is 284.3 km2. Figures 1a and b show the build–up area in Prague for 1968 and 1998 respectively, and figure 1c shows the 
simulated built–up area in 1998. In order to make the maps clearer, the large number of land use classes has been grouped 
into residential and other urban build up areas. 
 
Accurate simulations in urban CA depend on several factors, among them one of the most important is the calibration of 
the weighting parameters of equation 2, which define the neighbourhood attraction and repulsion effects. These parameters 
are calibrated in order to minimise the differences between the simulated land use map for 1998 and the actual land use 
map for that year. The pattern of weighting parameters for any pair of land uses is based on a rationale evaluation of the 
actual land use pattern in the city and their evolution. For example, residential continuous dense land use is attracted to 
itself, much more so at close distances, and also, but less strongly, to commerce and to other residential land uses, while it 
is slightly repelled by industry at close distances. 
 
Another calibrated factor is the random perturbation (see equation 1). It was set at α = 0.6 by means of a trial and error 
approach. In general it is set to reproduce the radial (fractal) dimension of the urbanized area measured for the actual land 
use map. In this case it is also fine–tuned to generate a sufficient number of new ‘seed’ cells of various land uses in new 
locations, i.e. rural areas, which will subsequently grow into, for example, new industrial, commercial, or residential areas. 
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The random perturbation parameter allows non–continuous (i.e. leap–frog) growth of urban land uses based on a stochastic 
function. However the problem remains in how to make match the stochasticity of the systems, the simulation and the 
actual city. The present simulations make no use of suitabilities or zoning, since these data are not yet available, 
nevertheless, the preliminary results are a useful demonstration of the extent to which the urban form is determined by 
neighbourhood effects and local accessibility. 
 
The first very intuitive approach intended for testing the simulation results is a visual comparison between the simulated 
land use map for the 1998 and the actual land use map. The main result of this analysis is the resemblance between the 
maps, and what is in addition important, the simulation looks like a city. It is difficult to differentiate the simulation from 
the actual city map (figures 1b and c) which can be considered as a very positive signal. As a preliminary conclusion, we 
can state that the urban CA has produced, from a visual point of view, good results. 
 
Despite the promising results of the simulations some constraints have been identified. Although the cellular model 
simulates reasonably well the pattern distribution of land uses of the actual city, it is noticeable that the urban CA is not 
able to reproduce, for example, a new residential area in a place where there were originally pastures and where no 
residential areas were in the neighbouring zones, unless the random perturbation (i.e. stochastic perturbation) puts a seed 
cell in the same place, what is not very likely. A different situation could be if the place is near to some link in the transport 
network or, if the datasets are available, the development takes place in a place with high suitability and the right zoning 
conditions. In this case the place for the new residential area could be more foreseeable. Yet what is important, is that the 
land use pattern distribution in the whole area is similar to or resembles the actual city pattern, which actually happened in 
the simulation. Although the visual comparison produces a first idea of what the urban CA is able to do, statistical tests are 
needed in order to obtain accuracy values. 

4.1. Simulation results testing  
The urban CA model was tested by comparing the simulation results with the actual land use map. To this end a measure of 
similarity between both maps has been produced based on the comparison of the fractal dimension of land uses between the 
simulation and the actual city map. Fractal dimension (D) can be understood as a quantitative measure of wiggliness in the 
case of curves (Voss 1988). A straight line shows a fractal dimension of 1.00, which means that the object is one–
dimensional, but fractal dimension is a measure intended for fractal objects which does not respond to the principles of 
Euclidean geometry, but to the ones of the fractal geometry, in which fractal dimensions need not be an integer. Thus, for 
example, a curve that shows a little winding has, for example, D = 1.05; whilst a very winding curve has a D = 1.26 
(Mandelbrot 1982). This means that the two curves show a non–integer dimension, greater than one but less than two, the 
curves fill more space than a straight line but less than a Euclidean area of the plane for which D = 2. 
 
The concept of fractal dimension can be applied to self–similar objects (Voss 1988) like digital cities or coast lines. 
Measures of fractal dimension for real coast lines show D values of about 1.15 to 1.25 (Mandelbrot 1982), on the other 
hand rough fractal surfaces with D = 2.2 are more than a simple surface (D = 2); other unrealistic rough surfaces can reach 
D values of 2.8 and clouds around 3.3 (Voss 1988). 
 
The fractal or radial dimension has also been used for studying the fractal structure of urban areas (Frankhauser 1991, 
1994, Frankhauser and Saddler 1991) and even for testing urban CA models (White and Engelen 1993a, White et al. 1997). 
Formally the radial dimension can be understood as the slope of the relationship between the size of an object, as measured 
by the number of cells composing it, and its diameter. This is a practical measure of the radial dimension for irregular or 
stochastic spatial distributions (White and Engelen 1993a) or patterns as in the case of urban areas. In this study the fractal 
dimension was obtained by calculating the total area occupied by individual land uses within a given radius from the centre 
of the city by using a set of radii of increasing length of 1000 m, which produced 21 radii areas for Prague. The slope of the 
simple regression line in the area–radius plot for each land use corresponds to the radial dimension of that land use (figure 
2). 
 
Experiments carried out in several cities of the world by Frankhauser (1991, 1994), White and Engelen (1993) and White et 
al. (1997) have shown that cities are bifractal structures. From this point of view cities are structured in two zones, the first 
one is a fully urbanized inner zone in which the urbanization process has reached a sort of equilibrium; in this area the 
urbanization process is complete and radial dimension values are usually higher than in the outer zone. The latter is an area 
where land use is less intensive and the urbanization process continues to evolve. There are still a number of vacant areas 
that can be taken over by urban land uses; consequently the urban structure is dynamic and the radial dimension is therefore 
smaller. 
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The results for Prague match with the aforementioned experiments of radial dimension. Both the actual city and the 
simulation display a bifractal structure in the evaluated four land use classes: commercial, industrial, residential (the sum of 
residential dense, residential medium dense, residential continuous, and residential discontinuous sparse) and urbanized 
(the sum of residential dense, residential medium dense, residential continuous, residential discontinuous sparse, industrial, 
commercial, and public and private services). It should be noted that the used datasets comprise not only the area 
corresponding to the urbanized area of the city, but also a buffer beyond this area which allows calculating the radial 
dimension for the inner and the outer zone. 
 
In the area–radius plots of figure 2, the inner zone, represented by a steep slope, is evident for the four land use classes, as 
well as the outer zone by a flatter slope. The border of the two zones is in the range of the 10 km. From the point of view of 
the similarities between the actual city and the simulation it is noticeable that the same bifractal structure is shown in both 
of them for particular urban land uses and also for the urbanized area as is shown in figure 1d. An exception to the overall 
good matching between the plots of actual land uses and the simulated ones is the commercial land use, for which the 
simulation does not seem to work very well (figure 2b). 
 
Despite some slight differences in the area–radius plots, the general agreement of the plots is an evidence of the similarity 
of the pattern distribution in both maps. The clear bifractal structure is a consequence of the concentric zonation of land 
uses in the simulation and in the actual city. In addition the simulation match with the actual city not only in the inner zone 
were few cells were available at the beginning of the simulation, but also in the outer zone, where most of changes in land 
use took place in the simulation period of 30 years. 
 
In the area–radius plot of figure 1b for commercial land use the poor fit between the simulation and the actual city is clear. 
In the first four radii the simulation underestimates the commercial area, and in the range of the radius 9 to 11 km 
overestimates it slightly. It should be noted that in Prague the commercial land use has grown more than 280% from the 
1968 to the 1998, showing the more explosive growth among the urban land uses. Most of the new commercial areas have 
appeared as non–contiguous to existent commercial areas and in addition, this land use shows a very splitted pattern 
composed by a series of relatively small clusters distributed in the whole area. All these factors acting simultaneously made 
it difficult to model the commercial land use in Prague. 
 
Values of radial dimension was calculated considering the overall 21 km radius zone for the evaluated four land use types 
in the real city and in the simulation. They are shown in table 1. By comparing the radial dimension values between the 
actual city and the simulation the similarity between them is striking. The similar values of radial dimension mean that the 
simulation reproduces accurately the spatial pattern for the evaluated land uses during the simulated period of thirty years. 
But how the urban CA is able to reproduce patterns without any long–range iteration procedure? The answer must be 
looked for in the capability of systems with self–organizing properties as standard CA. In the urban CA the pattern 
structure is a consequence of the local level iterations which produce the global structure of the simulation map. 
 

Land use Prague Simulation 
Commercial 1.50 1.54 
Industrial 2.34 2.33 
Residential 2.93 2.92 
Urbanized 3.11 3.09 

Table 1. Radial dimension for individual land use classes in Prague and simulation. 

5. Concluding remarks 
The results of the land use simulation for Prague together with the radial dimension analysis have demonstrated that the 
urban CA prototype can provide reasonable representations of the future of the cities. Added to this should be considered 
the small amount of data available and the considerable length of the simulated period: thirty years. On the other hand, the 
capability of the urban CA to reproduce urban sprawl processes is also significant.  This is remarkable considering the aim 
of the prototype for planning purposes. Obviously the inclusion of the suitabilities and zoning datasets and a more realistic 
modelling period of twenty or twenty five years could yield more reliable results in an adequate time scenario for planning 
purposes. The inclusion of single land uses, such as several types of residential uses, as states in the model together with the 
fine detail of the datasets increase the experimental potential of the model, given that it can be used by planners like a 
simulation box, in which a number of spatial conditions ‘if…then’ can be tested easily in a realistic way within a known 
accuracy degree. 
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The promising results of this urban CA model are comparable with previous results in the arena of the urban modelling 
using CA (White and Engelen 1993a, White et al. 1997, Wu 1998, Clarke and Gaydos 1998, White et al. 1999, White and 
Engelen 2000, Semboloni 2000, Li and Yeh 2000, Sui and Zeng 2001). However some aspects should be considered for 
future developments. One of the more relevant weaknesses when future events are modelled is represented by the testing 
phase. Clarke and Gaydos (1998) are right when saying ‘only the real future, as it slowly unfolds, can verify our model’. It 
is obvious that models for future events are difficult to test. An added complication is when modelling is made for human 
or social systems like cities, because these systems may be affected by a large series of events, such as economic crisis, 
changes in planning policies, natural disasters, wars, and other events that can obviously modify profoundly the aspect and 
evolution of cities. Furthermore the stochastic degree and complexity of this kind of systems makes it particularly difficult 
to simulate and predict their future development, in particular for long for periods of time. Complex systems are also 
complex to predict and sometimes intractable. 
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Figure 1. Prague maps: a) urbanized area in 1968; b) urbanized area in 1998; c) simulated urbanized area in 1998. 
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Figure 2. Area–radius plots for the actual city (♦) and the simulation (□). Land uses: a) industrial; b) commercial; c) 
residential; d) urbanized area. 
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