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Abstract. We use an urban growth model, closely coupled with a land transition
model, to simulate future urban growth in the Atlanta metropolitan area, one of
the fastest growing metropolises in the United States during the past three decades.
We calibrate the model with historical data that are extracted from a time series
of satellite images. We design three specific scenarios to simulate the spatial
consequences of urban growth under different environmental conditions. The first
scenario is to simulate the continued growth trend by maintaining unchanged the
current conditions. The second scenario is to project the growth trend by taking
into consideration road development and environmental protection. The third
scenario is to simulate the development trend by slowing down growth and
changing growth pattern. The first two scenarios demonstrate that unchecked
urban growth would result in the displacement of almost the entire natural
vegetation and all of the open space in the metro area. In contrast, the result
from the third scenario shows that much more greenness and open space, including
buffer zones of large streams and lakes, could be preserved. Accordingly, the last
scenario should be the most desirable for the future urban growth of Atlanta. We
also examine the model’s effectiveness as applied to the Atlanta area and suggest
future research directions for more accurate simulations.

1. Introduction
Over the past 50 years, humans have substantially altered the surface of the

Earth, principally through agriculture, deforestation and urbanization. Rates of
deforestation and the dedication of marginal lands to high-impact agriculture have
varied widely across the world, but there has been a uniform world-wide increase in
the number of people residing in cities. At the global scale, urbanization has shown
no sign of slowing since World War II and is likely to continue unabated into the
twenty-first century. In 1950, only 29% of the world’s 2.5 billion population were
urban dwellers. By 2005, it is predicted that half of the 6.5 billion people of our
planet will be living in cities for the first time in human history (United Nations
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1997). While most of the non-American cities have grown more compact and clus-
tered, cities in the United States have been experiencing a process of accelerated
outward growth with low-density suburbs spreading beyond the boundaries of central
cities to form larger metropolitan regions (Hartshorn 1992). Such growth of suburbs,
sparked by a series of federal and state government policies, massive road building
projects, and automobile-dependent community planning, has transformed the
American landscape. Statistically, suburbanization was estimated to result in the
conversion of more than 5500 acres (2226 ha) of farmland or open space into urban
uses in the United States each day (Kostmayer 1989), which profoundly altered the
character and state of the Earth’s surface. The escalating urban growth has often
been viewed as a sign of the vitality of regional economy, but it has rarely been well
planned, thus provoking concerns over the degradation of our environmental and
ecological health. Understanding the growth and change brought on by metropolitan
development is critical to those who study urban dynamics and those who must
manage resources and provide services in these rapidly changing environments (Knox
1993, Turner et al. 1993).
Understanding the dynamics of complex urban systems and evaluating the impact

of urban growth on the environment involve procedures of modelling and simulation
which require innovative methodology and robust techniques. A number of analytical
and static urban models have been developed that are based on diverse theories
such as urban geometry, size relationship between cities, economic functions and
social and ethnic patterns with respect to city structures. But these models were
developed to explain urban expansion and evolving patterns rather than to predict
future urban development. For understanding the spatial consequences of urban
growth, a dynamic modelling approach is preferred (Meaille and Ward 1990,
Grossmann and Eberhardt 1993, Batty and Longley 1994). In recent years, dynamic
modelling as a primary research field in geographical information science is rapidly
gaining popularity among geographers and urban planners as tools for urban and
landscape simulation. Substantial research efforts have been directed to develop
different dynamic models in relation to urban and environmental applications
(Turner 1987, Meaille and Ward 1990, Batty and Xie 1994a and 1994b, Landis 1995,
Veldkamp and Fresco 1996, Pijanowski et al. 1997, White and Engelen 1997, Clarke
and Gaydos 1998, Wu and Webster 1998, 2000, Li and Yeh 2000, Sui and Zeng 2001,
Wang and Zhang 2001). A variety of such models, mostly cell-based, has been
developed as either stand-alone packages or subcomponents that are linked with
different software packages from GIS, visualization, or urban planning. They can be
categorized as either stochastic, such as logit, Markov and cellular automata, or
processes based, such as dynamic ecosystemmodel. These models have some common
features such as the use of transition probabilities in a class transition matrix (Turner
1987, Veldkamp and Fresco 1996), cellular automata (White and Engelen 1997, Batty
et al. 1999), and the GIS weighted overlay approach (Pijanowski et al. 1997). These
modelling efforts have demonstrated different levels of success in their specific
applications.
Among all the documented dynamic models, those based on cellular automata

(CA) are probably the most impressive in terms of their technological evolution in
connection to urban applications. A typical cellular automaton consists of four
primary components: cells, states, neighbourhoods, and transition rules. Cells are
the smallest units of allowed states. The states of a cell can change in relation to its
neighbouring cells when a set of transition rules is applied uniformly. Cellular
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automata offer a framework for the exploration of complex adaptive systems because
of CA’s advantage including their flexibility, linkages they provide to complexity
theory, connection of form with function and pattern with process, and their affinities
with remotely sensed data and GIS (Torrens 2000). But the simplicity of cellular
automata has been considered as the greatest weakness for representing real cities.
Fortunately, many research efforts have been made in order to improve the intricacies
of cellular automata model construction, particularly in the modification and expan-
sion of transition rules to include such notions as hierarchy, self-modification,
probabilistic expressions, utility maximization, accessibility measures, exogenous
links, inertia, and stochasticity (Torrens and O’Sullivan 2001). These innovative
technological advances have enabled cellular modelling to grow out of an earlier
game-like simulator and evolve into a promising tool for urban growth prediction
and forecasting, as demonstrated by recent research (Batty and Xie 1994a, Couclelis
1997, White and Engelen 1997, Clarke and Gaydos 1998, Wu and Webster 1998, Li
and Yeh 2000, Sui and Zeng 2001). Nevertheless, further research attention needs to
be shifted from technical modifications to models in several emergent key applied
areas such as explorations in spatial complexity, infusing cellular automata with
urban theory, new strategies for validating cellular urban models, and scenario design
and simulation in relation to urban planning practices (Torrens and O’Sullivan 2001).
The current research focuses on the exploration of a cellular automata-based

dynamic modelling approach for applied urban studies using Atlanta as the study
area (figure 1). For the past three decades, Atlanta has been one of the fastest growing
metropolisies in the United States as it emerged to become the premier commercial,
industrial, and transportation urban centre of the south-east. Population increase
27% between 1970–1980, 33% between 1980–1990 and 40% between 1990–2000.
The city has expanded greatly as suburbanization consumes large areas of agricultural
and forest land adjacent to the city, pushing the periurban fringe farther and farther
away from the original urban boundary. This rampant suburban sprawl has provoked
concerns over losses of large areas of primary forests, inadvertent climate repercus-
sions, and the degradation of the quality of life in this region (Bullard et al. 2000).
The Sierra Club’s 1998 Annual Report cited Atlanta as America’s most sprawl-
threatened large city. On the other hand, because of the significant physical growth,
Atlanta’s urban spatial structure and pattern have changed dramatically (Yang and
Lo 2002, Yang 2002), making the city a ‘hot spot’ in urban studies. Urban geographers
have recognized Atlanta as one of the few typical post-modern metropolises in North
America (Hall 1998). Soja (1989) first used the term ‘post-modern’ to describe cities
that have undergone restructuring in the United States after the rise of post-Fordist
industrial organization, which is characterized by a flexible subcontracted production
system based on small-size and small-batch units. Two typical forms of production
are labour-intensive craft (such as jewellery and garments) and high-technology
(defence and aerospace industries). The spatial location of these production units is
no longer tied to the older foci of Fordist production in the snowbelt in the United
States. There has been a shift towards the sunbelt, leading to its re-industrialization.
The emergence of post-Fordism has resulted in globalization and accelerated flow
of global capital to these cities as well as an endless search for areas of cheap labour
to locate these production units. The post-modern city exhibits unique urban forms,
architectural styles, and socio-economic characteristics. Architecturally, it has multi-
centred business districts with office glass towers and stylish buildings. Socially, it is
increasingly minoritized and polarized along class, income, racial and ethnic lines
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Figure 1. Location of the study area that covers 10 counties under the Atlanta Regional
Commission (ARC) plus three additional counties (Coweta, Forsyth, and Paulding).
These counties show similar growth pattern. The modelled area is a rectangle covering
the 13 counties.

(Dear and Flusty 1998). The urban sprawl is the result of suburbanization made
possible by automobiles and highways. Thus emerged the edge cities at the intersec-
tion of an urban beltway and a hub-and-spoke lateral road pattern (Garreau 1991).
Los Angeles is in fact the typical post-modern city and is the ‘great grandaddy’ of
edge cities (Dear 2000). Garreau (1991) believed that ‘every American city that is
growing, is growing in the fashion of Los Angeles’. This is certainly true of many
cities in the United States sunbelt, and Atlanta is a good example of such a city
because it exhibits all the characteristics of the post-modern city described above.
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Research on Atlanta’s internal structure has led to the formulation of the urban
realms model to depict the multi-nuclei nature of the city in contrast to the conven-
tional single-core urban form (Hartshorn and Muller 1989, Fujii and Hartshorn
1995). Thus, Atlanta is an ideal city in which to study post-modern urban dynamics
and environmental consequences of accelerating urban growth. Since 1996, the
authors have conducted various research projects focusing on the understanding of
the dynamics of change in Atlanta through the use of geographical information
technologies. This paper reports the result of urban growth simulation carried out
with a cellular automata model closely coupled with a land transition model, a key
element of the above research effort. The primary objective of this work is to simulate
the spatial consequences of future urban growth under different planning scenarios
considering specific environmental and development conditions, so that the best
strategy for growth could be adopted. We also examine the emergent urban spatial
forms in relation to these scenarios. Furthermore, we analyse the model’s effectiveness
when applied to the Atlanta area and suggest future research directions for more
accurate simulations.

2. The dynamic urban growth model
The research focus here is not the creation of a new model but the exploration

of an existing dynamic model for problem solving in applied urban studies. This is
built upon a self-modifying cellular automata urban growth model originally
developed by Keith Clarke at the University of California at Santa Barbara. There
are a number of reasons leading to the choice of this model for the current research.
First, the model is scale independent, dynamic, and future oriented, conforming to
the essential requirement of urban growth simulation in this project. The behaviour
rules guiding urban growth in the model consider not only the spatial properties of
neighbouring cells but also existing urban spatial extent, transportation, and terrain
slope. The transportation and terrain conditions are found to be significant factors
driving landscape changes (Yang 2000). These behaviour rules therefore have realist-
ically accounted for the driving forces in the formation of edge cities in a post-
modern metropolis. The model (Version 2.1) allows Anderson Level I Land
Use/Cover transition to be incorporated in the urban growth simulation (Anderson
et al. 1976). This is a significant extension of the model’s earlier versions focusing
on two land use/cover states only. The model can also modify itself if extensive
growth or stagnation leads to aberrations from the linear normal growth develop-
ment. This may be valuable for producing reasonable growth prediction. The model
can be verified through rigorous past to present calibration using historical land
use/cover data. The model (Version 2.1) incorporates some rigid statistical measures
for characterizing historical fit in the phase of model calibration. These contrast
greatly to many existing models which are largely game-like simulators without a
component of rigid validity. Third, the model can be used to simulate urban growth
under different conditions by modifying some initial conditions and changing input
data layers. This could be useful not only for guiding future urban planning practice
but also for studying metropolitan dynamics. Last, in contrast to many existing
models that were developed by different research teams with essentially no reuse,
this model’s design allows it to be applied to other regions with different datasets.
This can save a great deal of labour and time in model design and programming,
allowing researchers to concentrate on model calibration and validation as well
as scenario design and simulation. An earlier version of the model was tested to
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demonstrate its usefulness for long-term urban growth prediction for San Francisco
and the Washington/Baltimore area (Clarke et al. 1997, Clarke and Gaydos 1998).
Using Atlanta as the study area, this project investigates the effectiveness of the
model as a tool to imagine, test and choose between possible future urban growth
scenarios in relation to different environmental and development conditions.
Only a brief description of the self-modifying cellular automata urban growth

model is given here. More detailed explanation of the model can be found in Clarke
and Gaydos (1998) and Project Gigalopolis (1999). The model’s general structure is
illustrated in figure 2. It consists of four major components: input, parameter initial-
ization, growth computation, and output. Similar to other predictive models, this
model requires some input data in order to initiate the simulation. Version 2.1 of
this model requires an input of at least five types of eight-bit GIF format data. If
land use/cover is being analysed, the input data should have six types of layers,

Figure 2. General structure of the self-modifying cellular automata urban growth model used
in the project.
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i.e. urban extent, road, land use/cover, slope, excluded areas, and background. For
all data layers, 256 possible values can be assigned. Zero is always assigned as a null
value while any number larger than 0 but equal to or smaller than 255 is treated as
live or existing value. A weighting system can be adopted for certain layers, in which
larger values mean higher weights.
A number of parameters must be defined by users before the model starts to run.

The number of Monte Carlo iterations to be specified is a very important parameter,
determining the computation time and the simulation error level at large. There are
five growth control parameters to be initiated, namely, diffusion coefficient, breed
coefficient, spread coefficient, slope resistance, and road gravity. The diffusion coeffi-
cient controls the overall dispersiveness of growth. The breed coefficient determines
how likely a newly generated, detached or road influenced settlement is to begin its
own growth cycle. The spread coefficient controls the amount of outward ‘organic’
expansion. The slope resistance influences the likelihood of settlement extending up
steeper slopes. The road gravity encourages new settlements to develop near the
transportation network. These parameters must be determined with intensive model
calibration in which each coefficient combination needs to be tested individually and
the modelled result is compared to historical urban and land use/cover data by
using statistical methods. The current version of the model computes a dozen or so
statistical scores for characterizing the historical fit in the phase of model calibration.
The coefficient combinations resulting in the best overall statistical scores are selected
and the final values for these coefficients are then determined.
The urbanization is the sum of the four types of growth: spontaneous, diffusive,

organic, and road-influenced. Spontaneous growth models the development of urban
settlements in undeveloped areas. Diffusive growth permits isolated cells to be
locations for new urban spreading centres, but these cells must pass random tests
for the diffusion coefficient and slope suitability. Organic growth promotes the
expansion of established urban cells to their surroundings. Only undeveloped cells
that have at least two urban neighbours and pass the spread coefficient and slope
resistance tests become a new urban location. Last, road influenced growth promotes
urbanization along the transportation network because of increased accessibility.
These newly urbanized cells must pass the random tests of breed coefficient, diffusion
coefficient, slope resistance, and road gravity. During the urban growth computation,
a second level of growth rules, termed self-modification, is invoked if the model’s
growth rate is larger or smaller than a critical number. In that case, the model will
modify certain parameters to emphasize trend. This component is quite important
to ensure reasonable results.
The current version of the urban growth model can call and drive a land use/cover

transition model (termed land cover deltatron model or LCD), although the urban
growth model can run independently. The general structure of the LCD model
consists of a number of operations (Clarke 1997) as follows. First, select a pixel at
random. This pixel must not be an urban pixel, nor a water pixel, nor a no-data
pixel. Get this pixel’s land cover class. Select two transition classes at random. These
classes must not be urban, nor water, nor no-data, nor the current land cover class.
Compare the slope of the selected pixel with the average slope of the two transition
classes. The transition class whose mean slope is closer to the slope of the selected
pixel is then assigned as the new class. Second, draw a random value. If this value
is smaller than the transition probability for the transition class, then the program
will take the following actions: apply land cover transition to the selected pixel,
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create land cover transition cluster of neighbourhood pixels through a random walk,
and assign ‘ALIVE’ to corresponding pixels in ‘deltatron space’. Last, in deltatron
space, apply cellular automata growth rules to live pixels.
The model generates both numeric and graphic outputs. The numerical outputs

include: (1) a log file containing standard model values for the stop year, one line
for each Monte Carlo iteration; (2) a log file containing the finishing values of self-
modification coefficients at the stop year, one line for each Monte Carlo iteration;
and (3) a file containing the start and stop times of the prediction run. The graphic
outputs include: (1) a map of predictive land use/cover uncertainty (cumulate); (2) a
colour classified urban growth probability image written for the stop date only if
land use is modelled; (3) a colour classified map of the most probable predictive
land class type (cumulate); and (4) single year images of predictive output.

3. Model implementation
We installed and compiled the urban growth model (and also the land use/cover

transition model ) on a SUN UNIX workstation. Figure 3 illustrates the procedures
for the model implementation in this project, which consist of four major components:
(1) preparation of input data, (2) model calibration, (3) simulation of future urban
growth, and (4) model output.

3.1. Model input data
In order to run the model, we assemble six themes of the data, most of which

were produced by the authors through various research efforts (Yang 2000, 2002,
Yang and Lo 2002). A list of the input data themes is given in table 1. The theme
of land use/cover consists of five layers, each for 1973, 1979, 1987, 1993, and 1999
(figure 4). They are produced from satellite images with the procedures described by
Lo and Yang (2000) and Yang (2000, 2002). The accuracy of these maps has exceeded
the minimum accuracy requirement of 85% as stipulated in the Anderson classifica-
tion scheme (Anderson et al. 1976). Since the LCD model used can only process
land use/cover at Anderson Level I, two urban uses that were classified from satellite
images have been combined into one class, namely, urban extent, which is coded
as 1. Cropland/grassland is coded as 2, cultivated/exposed land is coded as 3, forest
is coded as 4, and water is coded as 5. Coding land use/cover class in this way can
ensure a consistent colour coding system for output images. Because the current
version of the LCD model can only accept two different layers, only the 1973 and
1999 land use/cover maps are input into the model. The theme of urban extent is

Figure 3. General procedures for the model implementation.
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Table 1. List of the model input data, naming convention (structure and example) and
schedule files.

Theme Name of layers Schedule files
No. (no. of layers) Year Source(s)1 Format (structure and example) (example)

1 Urban extent 1973 classified from satellite raster location.urban.year.gif Name: urban.dates2
(5) 1979 images atl240.urban.1999.gif Contents:

1987 (240 means the cell size) atl240.urban.1973.gif
1993 atl240.urban.1979.gif
1999 atl240.urban.1987.gif

atl240.urban.1993.gif
atl240.urban.1999.gif

2 Land use/ 1973 classified from satellite raster location.landuse.year.gif Name: landuse.dates3
cover (5) 1979 images atl240.landuse.1999.gif Contents:

1987 atl240.landuse.1973.gif
1993 atl240.landuse.1999.gif
1999

Name:
landuse.classes4
Contents:
1 Urb URB
2 Crop/Grass
3 Cultivated/Exposed
4 Forest
5 Water EXC

3 ‘Roads’ (4)5 1973 AND global database rasterized location.roads.year.gif Name: roads.dates6
1987 updated with satellite (originally vector) atl240.roads.1999.gif Contents:
1999 imagery; ARC 2025 atl240.roads.1973.gif
2025 Regional atl240.roads.1987.gif

Transportation Plan atl240.roads.1999.gif

4 Slope (1) 1970s computed from raster location.slope.gif NA
USGS 7.5∞ DEM atl240.slope.gif

5 Excluded 1973 water classified from raster location.excluded.gif NA
areas (2) and 1973 satellite image; atl240.excluded.gif

1996; 1996 public land and
1999 forest; others

Hillshaded 1970s computed from raster location.slope.gif NA
relief (1) USGS 7.5∞ DEM atl240.slope.gif

1The procedures for producing these input data layers were described by Yang (2000) and
Yang and Lo (2001).
2At least four years of data are required for the model calibration (Project Gigalopolis

1999), but for future simulation, only the most recent one is required.
3The current version of the model only accepts two layers of land use/cover. Here, the

1973 and 1999 land use/cover were used.
4If land use/cover is not considered this file should be empty or removed from data

directory. URN (urban) and EXC (excluded) are the constant flags used by the model. The
URN identifies data that has already been included in urban input images; EXC indicates
land use/cover classes that need not be considered for land cover/use change. Most commonly,
this will be the ‘water’ class (Project Gigalopolis 1999).
5This theme also contains major nodes and large shopping malls (Yang 2000).
6At least two ‘roads’ layers are required. Dates need not exactly match urban dates.

extracted from the above land use/cover maps. This theme consists of five layers
representing different dates, namely, 1973, 1979, 1987, 1993, and 1999.
The theme of roads contains not only major highways but also node points and

large shopping malls. A driving force analysis conducted by the authors found that
highways, nodes, and shopping malls generally promote urban development in
Atlanta (Yang 2000). For convenience, this theme is still named as roads. Four layers
of roads are produced for 1973, 1987, 1999, and 2025. The roads are weighted
according to their relative urban attractiveness. A width dimension is added to
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Figure 4. Historical land use/cover maps covering the Atlanta area: 1973–1999. The boundary
of 13 counties in Atlanta is shown.

highways which are the centre line of roads, and nodes which are points. Thus,
weighting buffers are applied to the highways and the nodes (table 2). The resultant
buffered features are further assigned different values (0<n<255) according to their
relative importance before being converted into raster format. Because shopping
malls are polygons, no buffering has been applied. But different values are also
assigned for these polygons according to their relative size. The layers of shopping
malls are also converted into raster format. Then, the raster layers of highways,
nodes, and shopping malls in the same year are combined to form a single roads
layer. In this way, three roads layers were produced for 1973, 1987, and 1999.
The roads layer for the year of 2025 is produced by overlaying the 1999 roads
with the improved roadways and new roadways according to the 2025 Regional
Transportation Plan (Atlanta Regional Commission, 2000). The buffer radii and
values assigned for these proposed (expanded or new) roadways are given in table 2.
Two layers of the excluded areas are produced (table 1). The first layer is a binary

image, consisting of the water classified in 1973 (from the 1973 land use/cover map)
and public lands compiled in 1996 by the Georgia GIS Clearinghouse. The latter
includes national parks/refuge and wilderness areas, archeological sites/areas, historic
sites, off-road vehicle sites/areas, wild and scenic areas, state parks, USDA land,
wildlife management areas, other areas and county Parks. These areas are not
allowed for urban development. This layer of the excluded areas is mainly used for
the model calibration and simulation for the period of 1974–1999. For prediction, a
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Table 2. Buffer radius and value assigned for creating ‘roads’ layer.

Highways Node points Shopping malls

Buffer Buffer
radius Value radius Value Area (in Value

No Class* Description (in meter) assigned Class** Description (in meter) assigned 100 000 m2 ) assigned

1 I285 Interstate highway 60 200 junction
2 I20/75/85 Interstate highway 60 150 1 (exit) 60 30 <1 255
3 I575/675/975 Other Interstate Highways 60 150 inter-
4 GA400/19 State highway 60 150 2 section 135 55 1–2 175
5 Type 1 Other motor way 60 150 town
6 Type 2 Federal highway dual 45 100 14 >20,000 90 40 2–4 150

carriage way
7 Type 3 Federal highway 30 50 15 town
8 Type 4 Regional road 30 15 50 >5000 60 30 <4 100
9 Type 5 Local road 30 50 town
10 D11 Digitized major highway 30 50 16 >1000 30 20 NA
11 D22 Digitized highway 30 50
12 Improved Highways expanded by 2025 60 220 NA
13 New New roads by 2025 60 255

*Types 1–5 are based on AND global road database. D11 and D22 were two types of the highways that can be observed clearly from satellite
images. They were created in this dissertation using on-screen digitizer. D11 is for digitized major highways whose reflectance is quite strong from
images; D22 is for other digitized highways. No. 12 and 13 are based on the 2025 Regional Transportation Plan proposed by the Atlanta Regional
Commission (2000).
**The class is based on AND global database. The population size of town where highways cross is also considered in the database.
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second layer of updated excluded areas is produced, which come with a range of
values (0~100) indicating probabilities of exclusion. All excluded areas in the first
layer are still preserved and assigned a value of 100. In addition, the second layer of
the excluded areas contains three levels of buffer zones around major streams in
Atlanta. Specifically, for the Chattahoochee River, the buffer zone within 50m is
assigned a value of 100, meaning that this area is not allowed for urban development
at all; the buffer zone between 50 and 100m is assigned a value of 60, indicating a
60% probability of exclusion; and the buffer zone between 100 and 200m is assigned
a value of 20, indicating a 20% probability of exclusion. For other large streams,
the three levels of buffer zones are 0–30m (100), 30–60m (60), and 60–120m (20)
(table 3).
A layer of terrain slope is computed from the United States Geological Survey

7.5∞DEM data. The slope steepness is represented in percent. A layer of the hillshaded
image is computed from the USGS 7.5∞ DEM. This image shows the topographic
relief in the study area. We use this layer as a background image for visualization
purposes only.
To run the model, all the input data layers need to be standardized in terms

of data format, resolution, and dimension. In doing so, we convert all input layers
into a single raster format, namely, the ERDAS IMAGINE (raster) format. Under
IMAGINE, we further subset all images into the same dimension. Then, we resample
each layer into three levels of spatial resolutions, namely 60m, 120m, and 240m.
The next step is to convert these images into an 8-bit GIF format. The resultant
GIF files are named according to the convention stipulated by the model (table 1).
This ensured that the right input data layers are read by the model. After this, we
prepare four types of schedule files (table 1). The model reads input data according
to the contents in these schedule files.
Before performing model calibration, we conduct a test run to determine if

everything works. The input data and the calibration file for this test run are shown
in table 4. The test run is successful, indicating that everything is in the right place.

3.2. Model calibration
The purpose of model calibration is to determine the best fit values for the five

growth control parameters including coefficients of diffusion, breed and spread, slope
resistance, and road gravity, with historical urban extent data and land use/cover as
the reference. The calibration primarily relies upon statistical measures of historical
fit although graphic calibration is also attempted. Because model calibration demands
intensive computational resources, the three-phase calibration has to be adopted,

Table 3. Buffer zones and assigned probability of exclusion for urban development.

River Buffer zones Assigned probability of exclusion

Chattahochee 0– 50 meters 100
50–100 meters 60
100–200 meters 20

Other large streams* 0– 30 meters 100
30– 60 meters 60
60–120 meters 20

*Extracted from the EPA River Reach File 3 (RF3) (see http://www.epa.gov/
OWOW/gis/reach.html).
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Table 4. The test run and calibration runs: input data, calibration files, number of Monte
Carlo iteration, computation time, and outputs.

Calibration runs
Parameter

Item Test Run Coarse Fine Final averaging

Input resolution (m) 240
data urban extent (year)1 1973, 1979, 1987, 1993, 1999

land use/cover (year)2 1973, 1999
‘roads’ (year) 1973, 1987, 1999
excluded area stream buffered zones not considered
slope same (only one layer is available)
hillshaded relief same (only one layer is available)

calibration calibrate3 3 1 1 1 1
location4 atl240 atl240 atl240 atl240 atl240
echo5 1 0 0 0 0
seed6 2840 2840 2840 2840 2840
number_of_times7 1 4 6 10 100
diffusion_coeff_start 25 0 40 52 55
diffusion_coeff_step 1 25 5 3 1
diffusion_coeff_stop 25 100 60 58 55
breed_coeff_start 10 0 0 2 8
breed_coeff_step 1 25 5 3 1
breed_coeff_stop 10 100 10 8 8
spread_coeff_start 30 0 15 22 25
spread_coeff_step 1 25 5 3 1
spread_coeff_stop 30 100 35 28 25
slope_resistance_start 70 0 40 47 53
slope_resistance_step 1 25 5 3 1
slope_resistance_stop 70 100 55 53 53
road_gravity_start 100 0 80 90 100
road_gravity_step 1 25 10 5 1
road_gravity_stop 100 100 100 100 100

Number of iteration(s) 1 3125 900 243 1
Computation time 2∞22◊ 14 445∞58◊ 5760∞14◊ 1112∞03◊ 104∞14◊
Outputs both images only statistical files

and statistic
files

1For the test run, all layers were read but only the 1973 layer was actually used for the
simulation.
2The current version of the model accepts two layers of land use/cover only.
3The urban growth model provides three modes: 1 is to calibrate, 2 is to predict, or 3 is

to test.
4This refers to the Atlanta data, a naming convention stipulated by the model.
5When the model is initiated, three options are provided: (0) To use existing ‘calibrate’

file; (1) To create new ‘calibrate’ file; and (2) To restart the program from where a modeling
run crashed.
6These are about 1 percent of the total pixel numbers.
7This number is for the Monte Carlo iterations.

which uses the input dataset with a spatial resolution of 240m only. An earlier test
estimates that the time for completing the first stage of calibration using the 120m
resolution dataset would be about 32 500 hours or 135 days given the available
computer resource (a Sun Ultra Model 1, with 143Mhz CPU and 64Mb RAM).
Because of the time constraint and the limitation of computational resources, it is
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impractical to use the other two datasets with higher spatial resolution for the model
calibration. This issue will be further discussed in §5. The details concerning the
input data, the calibration files, and computation time for these calibrations are
given in table 4.
The first phase is the coarse calibration, in which the widest range and largest

value steps are tested with the calibration file given in table 4. The goal is to block
out the range for each control coefficient. As shown in table 4, the assigned values
for the five control coefficient cover the entire range of possible values (0~100).
This range is determined by the system but it can be altered if necessary (see §4).
The step specified here is 25 for each coefficient. This results in 55 for 3125 combina-
tions. To reduce the computation time, a small value (4) is assigned for the number
of Monte Carlo computations (number_of_times). The resultant number of iterations
is 3125. The entire calibration computations last for about 14 446 minutes, or 10 days.
The statistical fit measures are stored in a file called control.stats. Based on the
weighted sums of all the statistical measures, three best combinations are identified.
A closer look at these combinations leads to the observation that the values of the
first four coefficients are highly consistent but the last one, namely, the road gravity,
tends to be larger. Given the step used for each coefficient, which is 25, the ranges
of diffusion coefficient, spread coefficient, and slope resistance are 25 (±12.5); the
ranges of breed coefficient and road gravity are 12.5 (±6.25).
The second phase is the fine calibration. The result obtained in the coarse

calibration has been quite encouraging since the ranges are blocked within 25 for
these parameters. The goal for the fine calibration is to further narrow down the
ranges to about 10 or less (±5). In doing so, these coefficients are held to 2~4 steps,
and increments of 5~10 are used (see table 4). Because fewer steps are used here,
the resultant combinations of different coefficient values should decrease substantially
when compared to those in the coarse calibration. This means that the entire
computation time should decrease proportionally. Thus, more times of Monte Carlo
computations (number_of_times) could be allowed to reduce the level of errors. The
number_of_times is therefore increased to 6. Given these conditions, the number of
iterations at this stage is 900, which is 2225 less than the number in the coarse
calibration. But the unit computation time increases since a slightly larger number
of Monte Carlo computations is used at this stage. The total computation time is
5760∞14◊, or about 4 days. Using the weighted sums, the best three combinations are
identified. Based on these combinations, it is found that both the values of spread
coefficient and slope resistance are still very consistent. Moreover, the other three
coefficients show narrower ranges. These results are also quite encouraging.
The last stage is the final calibration, with the goal to determine the best

combination. To this end, these coefficients are held to two steps and 3~5 are used
as the increments (see table 4). This should result in a substantial reduction of the
number of combinations when compared to the fine calibration. More time for
Monte Carlo computations is possible. Thus, the number_of_times is increased to 10.
Given these conditions, the number of iterations is 243. The total computation time
is 1112∞03◊, or 18.50 hours. Using the weighted sum of statistical measures, the best
combination is identified, which has the following starting values: diffusion coefficient
(55), breed coefficient (8), spread coefficient (25), slope resistance (53), and road
gravity (100).
One more step is undertaken in order to get the starting values for future urban

growth simulation. The best values identified during the final calibration are actually
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the starting values of the control coefficients. Because of self-modification incorpor-
ated in the model, these starting values tend to be altered when a run is completed.
Thus, a coefficient may have different starting and finishing values for each run. The
finishing values are better for future simulations, which are determined after a
parameter averaging run. There are two steps followed. First, the best values derived
from the final calibration are used as the starting values for the five control coefficients
in order to simulate the urban growth during the period of 1974 to 1999. The
calibration file for this run is given in table 4. Since only one combination is available
for the computation, the number of times for Monte Carlo computations can be
increased in order to minimize the level of errors. Thus, a large number, namely,
100, is used for the number_of_times. The finishing values of the control coefficients
are stored in a file named param.log. Then, these values are further averaged using
the MEAN utility provided by the model. In this way, the final values of the control
coefficients are determined: diffusion coefficient (71), breed coefficient (10), spread
coefficient (32), slope resistance (73), and road gravity (100).

3.3. Model simulation
Simulations have been attempted to model the urban growth and landscape

change from the past to the present and to project future changes for different
scenarios. The past to the present (1974–1999) simulation not only serves as a visual
verification for the accuracy of the model calibration but also provides a historical
perception of urban development and landscape change. The final values determined
in §3.2 are used as the starting values for the control coefficients. The details
concerning the input data, self-modification constraints, control coefficients, and
random samples for these runs are given in table 5. To minimize the uncertainty in
the simulation, 100 of Monte Carlo computations is used. The simulation is com-
pleted after five hours. Some statistical measures for these runs are given in table 6.
The output images for single years are organized into a movie by using a professional
animation software package (see §4). The progressive urban growth and landscape
change from 1974 to 1999 is clearly visualized when running the movies. With the
historical data as the reference (see figure 4), it is found that these simulated images
represent the general trend of urban growth and landscape change quite well. This
is particularly true for the urban growth along ( linear) transportation corridors and
existing urban centres. The issue of simulation accuracy will be further discussed in §5.
Simulation of future changes is carried out with different planing scenarios. Three

major scenarios have been designed, each of which is linked with different conditions
for future urban development (table 5). But there are several commonalities for all
the simulation runs here. The time span is the same, which is from 2000 to 2050.
Because of the limitation in computation resources, only the dataset with 240m
spatial resolution is used. The two input data layers, namely, slope and hillshaded
relief, are used without change for all the runs. The number of times of Monte
Carlo computations is 100 and the random samples are 2840, or about 1% of the
total pixel numbers available. These scenarios will be compared in terms of their
environmental and development conditions and results in §4.

4. Results
Three possible planning scenarios for future urban development in Atlanta are

considered here. The first scenario assumes that the current growth trend would
continue when environmental and developmental conditions do not alter. Thus, this
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Table 5. The conditions and the computation time for each simulation.

Past to Future simulations
the present

Items simulation Scenario 1 Scenario 2 Scenario 3

Time span 1974–1999 2000–2050
Input data Resolution (m) 240

Urban extent (year) 1973 1999
land use/cover (years) 1973, 1999
‘roads’ 1973, 1987, and 1999 1999, 2025

1999
excluded areas stream buffered zones not stream buffered zones

considered considered
slope same (only one layer can be chosen)
hillshaded relief same (only one layer can be chosen)

Self critical_high 1.500 1.500
modification critical_low 0.050 0.050
constraints1 boom 1.010 1.010

bust 0.090 0.090
critical_slope 21 10

Control diffusion 71/92 71/88 71/88 100/100
coefficients2 breed 10/13 10/12 10/12 100/100

spread 32/41 32/40 32/40 15/15
slope resistance 73/95 73/100 73/100 10/40
road gravity 100/100 100/100 100/100 200/2003

Number of Monte Carlo computations 100
Random samples 2840
Computation time (hours) 5 7 8 8

1The definitions are: critical_high (when the growth rate exceeds this value, self-
modification increases the control parameter values), critical_low (when the growth rate falls
below this value, self-modification increases the control parameter values), boom (value of the
multiplier (greater than one) by which parameter values are increased when the growth rate
exceeds critical_high), bust (value of the multiplier ( less than one) by which parameter values
are decreased when the growth rate falls below critical_low), and Critical_slope
(average slope at which system increases spread).
2Both starting and ending values are given. It should be noted that the ending values

were the averaged values after100 times of Monte Carlo computations.
3Program code was changed to allow up to 200 for road gravity.

scenario may be termed as ‘continuation’. The model is used to simulate the spatial
consequence for this scenario with almost the same initial conditions as those used
for the past to the present simulation (table 5). The only difference is that the 1999
urban extent data is used. This scenario assumes the continuation of urban sprawl
as the factors for the growth of the post-modern metropolis remain unchanged and
the post-Fordist flexible production system continues to prevail globally. It provides
therefore a benchmark for comparison with alternative growth strategies. Some of
the most important statistical measures for this run are given in table 6. The simulated
urban area for 2050 would be 1 321 757 ha. The net increment in urban land between
1999 and 2050 would be 955 761 ha, or 51 ha per day, representing an increase of
261% for the entire period. As a result of such a dramatic growth, urban land would
occupy about 85.89% of the total modelled land by 2050. The number of urban
clusters would decrease from 19 815 in 1999 to 2234 in 2050; while the averaged size
of each cluster would increase from about 25 ha in 1999 to 586 ha in 2050. This
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Table 6. Selected statistical measures for the simulations under different conditions given in
table 5.

Future simulations
Past to the

Statistical measures1 present simulation Scenario 1 Scenario 2 Scenario 3

percent road 4.13 2.31 2.35 2.35
pop 67 994.81 229 471.65 224 721.95 167 715.86
edges 32 446.20 42 411.26 47 210.62 79 610.63
clusters 6873.77 2233.75 2466.83 6919.99
mean_cluster_size 9.12 101.67 90.09 23.62
average_slope 4.87 8.29 8.09 4.48
percent_urban 25.93 85.89 85.50 63.81
rad 147.12 270.26 267.45 231.05
diffusion 91.96 88.70 88.53 100.00
breed 12.95 12.49 12.47 100.00
spread 41.45 39.98 39.90 15.00
slope_resistance 95.11 100.00 100.00 39.93
road_gravity 100.00 100.00 100.00 200.00
sng 901.48 529.94 512.54 895.02
sdc 190.52 98.67 98.08 1510.49
og 44 235.10 143 215.37 138 483.25 79 675.95
rt 25.71 11.67 12.08 18.40

1The definitions of these abbreviations (Project Gigalopolis, 1999): percent road (percent
of the number of road pixels divided by the total number of pixels in the whole image which
is subtracted by the number of pixels that are excluded from urban growth), pop (total number
of urban pixels), edges (number of urban to nonurban pixel edges), clusters (number of urban
pixel clusters), mean_cluster_size (average urban cluster size), average_slope (average slope of
urbanized size), percent_urban (percent of urbanized pixels divided by the number of pixels
available for urbanization), rad (the radius of the circle which encloses the urban area),
diVusion (diffusion coefficient at control year), breed (breed coefficient at control year), spread
(spread coefficient at control year), slope_resistance (slope resistance value at control year),
road_gravity (road gravity value at control year), sng (cumulative number of urbanized pixels
by Spontaneous Neighborhood Growth), sdc(cumulative number of urbanized pixels by
Diffusive Growth and Creation of a New Growth Center), og (cumulative number of urbanized
pixels by Organic Growth), and rt (cumulative number of urbanized pixels by Road Influenced
Growth). All values given were the averaged values after 100 runs of Monte Carlo computa-
tions. The values of the five control coefficients were the averaged finishing values.

means that smaller urban clusters would grow outward and join together to form
much larger clusters, thus favouring the formation of more edge cities in the metro-
polis. On the other hand, such massive growth of urban land would alter the
landscape structure substantially. The averaged slope steepness for urban land would
increase from 5.87% in 1999 to 8.29% in 2050, indicating that many forested areas
would be converted into urban use. Forest distribution in Atlanta has found a strong
positive relationship with terrain slope (Yang 2000). The dramatic change as pro-
jected into the future 51 years can be perceived very well from the model’s visual
outputs for a single year. Some of these outputs are displayed in figure 5. By
evaluating these graphic outputs carefully, it is found that by approximately the year
2025, a Los Angeles-like metropolis would emerge, characterized by huge urban
agglomerations. The vegetated area and open space in the 13 metro counties
(excluding the north-western hilly area in the image) would be very limited.
The second scenario considers future road development and environmental
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Figure 5. Simulation of the spatial consequences of future urban growth and landscape
change in Atlanta for three different scenarios. The results of the first two scenarios
are quite similar and visual discrimination is difficult. The boundary of 13 counties
is shown.

protection while other conditions used in the first scenario are still valid (table 5).
This reflects an alternative growth strategy in which protection of the environment
is emphasized so that the city is more liveable. In order to address the problems of
air quality and traffic congestion in Atlanta (see Bullard et al. 2000), the Atlanta
Regional Commission (ARC) adopted an air-quality-conforming 25-year Regional
Transportation Plan (RTP) on 22 March 2000 (Atlanta Regional Commission 2000).
This plan includes some roadway improvements and construction including the
Northern Arc, the so-called ‘second loop’ highway in Atlanta. With this updated
information, a new ‘roads’ layer was prepared for the year of 2025 (see §3.1). On the
other hand, environmental protection is another important concern for future urban
development planning in Atlanta. Water conservation is a critical issue to ensure
clean water supply throughout the region. The protection of lakes, rivers, and streams
is therefore a key step towards this goal. To implement this idea in the urban
modelling, some buffered zones have been created along major streams and lakes.
These buffered zones cover areas of 120 to 200m wide from the centre lines (or banks)
of these streams (or lakes). These areas contain not only fresh water but also flood-
plains and wetlands which are of great ecological value. Different probabilities of
exclusion for urban development are assigned for these buffered zones (see §3.1).
Then, these buffered zones are combined with the existing layer of excluded areas
to create a new file for future urban simulation under this scenario. In addition to
the conditions used for the first scenario, the second scenario uses one more ‘roads’
layer (2025) and an updated layer of excluded areas (see table 1). The statistical
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measures for this run are given in table 6. Under this scenario, the projected urban
area for 2050 would 1 294 375 ha. The net increase in urban land from 1999 to 2050
would be 928 379 ha, or about 50 ha per day, representing an increase of 254% for
the entire period. By 2050, urban land would occupy about 85.5% of the entire area.
The number of urban clusters would decrease from 19 815 in 1999 to 2466 in 2050;
while the mean size of these clusters would increase from 25 ha in 1999 to 519 ha in
2050. The mean slope steepness for urban land would increase from 5.87% in 1999
to 8.9% in 2050. Some graphic outputs for a single year are illustrated in figure 5.
The last scenario embodies an anti-growth strategy, which requires slowing down

the growth rate and altering the spatial pattern of growth while maintaining the
liveability of the city. The model is used to simulate the spatial consequence of this
scenario with the environmental and development conditions given in table 5. The
proposed transportation improvements and new additions as well as environmental
conservation introduced in the second scenario are still valid here. The model runs
for the past two scenarios indicate that more than 99.5% of the urban growth are
accounted for by a single type of growth, namely, the organic growth (og). The three
other types of growth (spontaneous, diffusive, and road influenced) contributed to
less than 0.5% of the growth (see table 6). The current scenario intends to suppress
the organic growth but encourage the other three types of growth. Thus, the expan-
sion of existing urban cells to their surroundings (organic growth) should be reduced
but the development of urban settlements in undeveloped areas (spontaneous growth
and diffusive growth) and the road-influenced growth should be increased. In this
way, more residential growth should be encouraged in the future simulations. This
design is based on the finding that the low-density urban use (mainly residential )
tended to develop away from existing large urban facilities in Atlanta (Yang 2000).
To implement this idea in the simulation, some parameters are altered. The starting
value of spread coefficient has been reduced to 15 but both diffusive and breed
coefficients are increased to 100. Given the road-influenced growth accounts for a
very tiny share of total growth in the past two scenarios (table 6), the road gravity
used in the current scenario has been raised to 200 with the change of the model’s
system code. The historical urban development direction in Atlanta was towards the
north (Yang 2000) but the first two scenarios show that southern Atlanta has more
potential for development. This may be related to the fact that the southern part is
gentler and more suitable for future development according to the model’s growth
controls. In the hope of encouraging more development in the northern part, the
current scenario adopts a reduced starting value for the slope resistance (10). In
addition, the critical slope (a system constraint) is reduced to 10 in order to encourage
more development in steeper terrain (table 5). The statistical measures for this model
run are summarized in table 6. Under this scenario, the projected urban land for
2050 would be 966 043 ha. The net increase in urban land from 1999 to 2050 would
be 600 047 ha, or about 32 ha per day, representing an increase of 164% for the
entire period. By 2050, urban settlements would occupy about 63.81% of the entire
modelled area. The number of urban clusters would decrease from 19 815 in 1999 to
6933 in 2050; while the mean size of urban clusters would increase from 25 ha in
1999 to 136 ha in 2050. The mean slope steepness for urban land would decrease
from 5.87% in 1999 to 4.48% in 2050. Some graphic outputs for single years are
depicted in figure 5.
The results from the first two scenarios are quite different when compared to

those from the third scenario (figure 5). The first two scenarios have shown similar
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results, making visual discrimination impossible. But the second scenario would
preserve some buffer zones along large rivers, streams, and lakes quite well. These
preserved zones, although relatively small in area (about 27 358 ha), contain the most
important fresh water supply, wetlands, and floodplains for the metropolis. The first
two scenarios illustrate that the unchecked urban growth would displace almost the
entire vegetation and open space in the metro area, with an exception in the north-
western hilly area. The dramatic growth in urban land as projected under these two
scenarios would change the city’s spatial form substantially with numerous edge
cities developed throughout a huge area. This would greatly deteriorate the quality
of life in Atlanta. In contrast, the third scenario allows 27% more greenness and
open space, including buffer zones of large streams and lakes. The urban growth
rate would be cut down by 32% when compared to the first two scenarios. Therefore,
the last scenario should be the most desirable one for planning future growth in
Atlanta.
Finally, for communicating the research results effectively, three animation

movies were produced with the use of a professional software package. In addition
to the year-by-year graphic outputs, other elements, such as title, scale bar, legend,
north arrow, etc., were also added. These movies provide really vivid insight into
the progressive growth and change in Atlanta.

5. Discussion
Coupling with a land cover transition model, the cellular automata urban growth

model originally developed by Keith Clarke has been used to simulate growth and
change in the Atlanta region with modest computational resources. The model’s
strength relies on the fact that such factors as urban extent, transportation gravity,
slope resistance, and land transition probability can be incorporated, along with
complicated types of urban growth and self-modification. In a rapidly suburbanizing
city such as Atlanta, urban extent primarily consists of residential use that is assumed
to have a linear relationship with population distribution. Thus, by incorporating
urban extent, it means that the population distribution can be considered by the
model, in at least an indirect way. Different location conditions, such as road
networks, business centres, urban centres, etc., can be considered as gravity with
various weights assigned according to their relative significance. The concept of
environmental protection can be incorporated within the model. These properties
provide a significant potential for modelling growth and changes under different
conditions. The model’s calibration functionality permits a valid linkage between
simulation and ground truth, thus favouring more realistic predictions to be obtained.
This property distinguishes the model from many game-like simulators which do
not have any component of calibration. In addition, the model’s source code is open,
allowing modification of the programme system. Thus, it is possible for users to
update the model or add new components for improving the model’s performance.
On the other hand, there is much room for refining the model to ensure better

results. This version (2.1) of the model demands intensive computational resources,
which has prevented the model calibration and simulation from using the other sets
of higher-resolution data (see §3.3). Higher-resolution calibration and simulation
should be more useful for analysing emergent urban spatial patterns and for examin-
ing the environmental impacts of future urban growth. More efficient programming
strategies, such as parallel computation, should be adopted for the future version
of the model. The 3.0 Beta version of the model (released in December 2000) has
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adopted some refinements—memory model, programme structure, modularity, mas-
sively parllel processing, etc. (Project Gigalopolis 2001), which should help improve
the computational efficiency. Since the performance of model calibration can be
scored by using a few major statistical measures, a future version of the model might
consider a regroup or dismissal of some lesser statistical measures computed during
the phase of model calibration for reducing computational burden. Examples of
these less useful measures include: centre of gravity (x), centre of gravity (y), and
standard deviation averaged over (xy).
Simulation accuracy is another concern. When using the satellite mapping prod-

ucts as the reference, the land use/cover spatial patterns predicted through the past
to future simulation (see §3.3) exhibit various levels of discrepancy (figure 6). In
quantitative terms, 61.5 to 74.36% of the simulated land use/cover spatially fits with
the land use/cover distribution derived from satellite mapping (table 7). This result
should be very encouraging, given the development status of dynamic modelling
technologies (see also Wang and Zhang 2001). However, for the urban land in
particular, the spatial fit area was only 28.15 to 44.6% (table 7). There are some
possible reasons for this. First, although the model considers a range of various
factors controlling new developments, there are some other factors that are not
considered. These factors include, for example, urban or regional development

Figure 6. Comparison of the results from satellite mapping and from the past to current
simulation. The discrepancy is shown in black.
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Table 7. Spatial fit of the modeled results with the known land use/cover in different control
years*.

Land use/cover

Cultivated/
Urban Cropland/ exposed Total or

Comparisons use grassland land Forest Water mean

1979 modeled 8486 44 468 5356 198 101 4916 261 327
spatial fit 3484 13 057 958 159 403 2804 179 706
% correct 41.01 29.36 17.89 80.47 57.04 68.77

1987 modeled 22 255 44 300 5229 184 632 4911 261 327
spatial fit 6264 22 927 1518 159 714 3911 194 334
% correct 28.15 51.75 29.03 86.50 79.64 74.36

1993 modeled 33 774 44 050 5177 173 415 4910 261 326
spatial fit 14 881 11 248 815 129 891 2709 159 544
% correct 44.06 25.53 15.74 74.90 55.17 61.05

1999 modeled 45 598 43 578 5060 162 184 4907 261 327
spatial fit 17 680 17 769 1468 123 315 4217 164 449
% correct 38.77 40.78 29.01 76.03 85.94 62.93

*All the values given in this table are pixel numbers, with the exception of percentage
values. The pixel size is 240 meter.

policies, human behaviour, tax, income, zoning, or race. These factors could be
significant for new development. Second, for application in rapidly suburbanizing
cities such as Atlanta, the model’s transition rules for new urban development may
need to be adjusted. The urban growth model overwhelmingly favours the so-called
‘organic growth’, or expansion from established urban cells to their surroundings
(see table 6). This growth pattern is generally true for the development of high-
desnity urban uses such as commercial, industrial, and large transportation facilities.
But for low-density urban uses dominated by residential, new developments tend to
move away from existing urban facilities in search of a better living environment,
and thus, undeveloped areas are gaining popularity in Atlanta (Yang 2000). In this
sense, the other three types of urban growth should be strongly encouraged. The
current project has a scenario (the third one) addressing this issue. The results
indicate that the other three types of growth, although increased in absolute develop-
ment area, are still inadequately represented (see §4). Third, the model handles the
gravity of ‘roads’ in their real dimensions. But in the real world, ‘roads’ impacts
often act within a buffer zone. Transportation has always been used as a consistent
attractive factor for promoting urban development in the model. But in the study
area, transportation has evolved from being a ‘pull’ force to becoming a ‘push’ force
for housing development in recent years (Yang 2000). Last, given the significance of
the model’s self-modification for new development, more tests in relation to real data
should be encouraged to determine the best values for self-modification constraints
(other than the system default values). These factors as a whole may affect the
model’s performance when applied to the study area.

6. Conclusion
The escalating urban growth through the world has prompted concerns over the

degradation of our environmental and ecological health. Understanding the dynamics
of complex urban systems and evaluating the impact of urban growth upon the
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environment involve procedures of modelling and simulation, which require robust
methodology and techniques. In recent years, dynamic modelling was rapidly gaining
popularity among geographers and urban planners as a tool for urban and landscape
simulation. Cellular modelling as a popular dynamic modelling method has witnessed
much technological advancement in the past ten years, enabling it to grow out of
an earlier game-like simulator and evolve into a promising tool for the exploration
of complex urban systems.
By using Atlanta as a study site, this project has led to the following conclusions

at the technological, theoretical, and application levels. At the technological level,
the study has demonstrated the usefulness of cellular modelling and geographical
information technologies for urban and landscape scenario planning. The model
used here has been tested by its developers for long-term urban growth prediction
in two study sites. From a user’s perspective, this study has moved forward to
investigate the effectiveness of the model as a tool to imagine, test and choose
between possible future urban growth scenarios in relation to different environmental
and development conditions. These scenarios represent different growth strategies
that can be adopted by planners. This is an area on which substantial research
efforts need to be made in order to adopt cellular modelling technology for problem
solving in applied urban studies. Three major scenarios have been designed and
simulated by manipulating input data layers, self-modification constraints, and
growth control coefficients. The results are quite encouraging, although more accur-
ate simulations could be achieved if more growth constraints were considered and
the model’s transition rules were modified. On the other hand, the model uses a
loose strategy to integrate with GIS in order to take full advantage of the existing
technologies. The role of GIS and remote sensing in cellular automata-based urban
modelling is indispensable, particularly for input data preparation, model calibration
and verification, emergent urban spatial pattern analysis, and growth impact
assessment.
At the theoretical level, this study has examined the spatial consequence of urban

growth for Atlanta, one of the few recognized typical post-modern metropolises in
North America. The cellular automata modelling has been found to be the most
suitable for use in simulating growth of a post-modern metropolis characterized by
urban sprawl. Atlanta’s rapid change in spatial structure and pattern during the past
30 years has enabled the city to become a ‘hot spot’ for urban dynamics studies. The
model’s past to present simulation shows a clear multi-nucleating trend in the
evolution of urban spatial form (figure 6), which is compatible with the findings
obtained by urban geographers (Hartshorn and Muller 1989, Fujii and Hartshorn
1995) from social and economic perspectives. Thus, this simulation should be useful
for characterizing post-modern urbanization in Atlanta. On the other hand, the
future growth simulations further examine metropolitan dynamics under different
conditions. These simulations indicate that smaller urban clusters would grow out-
ward and join together to form much larger clusters, which may favour the formation
of numerous edge cities throughout the entire metropolis. This would change the
city’s spatial form substantially.
At the application level, this study has established a well-documented regional

urban modelling case study focusing on Atlanta, a metropolis without any major
natural barriers. The three scenarios designed with different environmental and
development conditions have largely represented the major possible planning
strategies for Atlanta. The first scenario simulated the continued growth trend if the
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urban sprawl is allowed to continue. The second scenario projected the growth trend
if future road development and environmental protection are considered. The third
scenario simulated the development trend when the growth rate is slowed down and
the growth pattern is altered. Although with uncertainty, the three scenarios of future
urban growth simulation predict the general trends under different conditions very
nicely. These results from the first two scenarios indicate Atlanta would be the next
‘Los Angeles’ by approximately 2025 if the current rate and pattern of urban growth
do not alter. These will serve as a good warning to planners in Atlanta. In contrast,
the result from the third scenario shows that much more greenness and open space,
including buffer zones of large streams and lakes, could be preserved. Accordingly,
the last scenario should be the most desirable for the future urban growth of Atlanta.
This suggests a smart growth strategy with emphasis on environmental protection
so that the liveability of the city of Atlanta will be maintained for the future
generations. These findings should be useful both to those who study urban dynamics
and those who need to manage resources and provide services to people living in
this rapidly changing environment. Given that many major metropolises in the
United States face the growing problems caused by restless suburban development,
the technical frameworks developed in the current study focusing on Atlanta should
be applicable to those metropolises with similar growth styles. GIS-based dynamic
modelling can improve our understanding of variations in the nature-society
dynamics of landscape, thereby facilitating a sophisticated approach to environmental
management and sustainable development.
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