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Abstract

Cellular automata (CA) have been increasingly used to simulate complex geographical phenomena. These models may have limitations

on reflecting individuals’ behaviors which should be considered in urban simulation. Agent-based modeling can solve some of the

problems in addressing individuals’ influences in urban systems. However, there is a general lack of methodology on how to define

agents’ properties. This paper uses multicriteria evaluation techniques to determine some of the parameters for the agent-based model.

Empirical data from GIS are used to define agent’s properties. Sensitivity analysis is also carried out to assess the influences of

parameters on simulation outcomes. This model has been applied to the simulation of the residential development in a fast growing city,

Guangzhou, in south China.

r 2006 Elsevier Ltd. All rights reserved.
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1. Introduction

Fast residential development has been witnessed in many
Chinese cities because of growing population. The residen-
tial development encroaching on valuable agricultural land
has caused intensified land-use conflicts. Urban sprawl and
fragmented use of land resources are a major problem for
these fast growing cities (Yeh and Li, 2001). There are
growing concerns on the side effects of growth such as
sprawl, congestion, housing affordability, and loss of open
space (Waddell, 2002). Urban models can be used to
predict how a region will change according to the existing
trajectory of development.

Cellular automata (CA) have attracted increasing atten-
tion as a powerful modeling tool in simulating geographi-
cal phenomena. Studies have demonstrated that very
complex behaviors and global patterns can be generated
by applying some simple local rules in CA models
(Couclelis, 1997; Wu and Webster, 1998). Simulation of

complex urban systems is one of the successful examples of
using CA. Modeling urban systems can help to understand
the mechanisms of urban evolution and examine existing
urban theories. Urban systems involve complex processes
which are difficult to predict by traditional ‘top-down’
models. These models are not suitable to reflect complex
urban behaviors because of using strict mathematical
equations. However, studies indicate that the ‘bottom-up’
approach of using CA is well adapted to the simulation of
the evolution of urban systems (Batty and Xie, 1994; White
and Engelen, 1993; Li and Yeh, 2000). CA have been
applied to the simulation of artificial cities (Batty and Xie,
1994) as aids in thought experiments for verifying urban
theories. They can be also used to simulate realistic cities
by predicting future land-use changes for urban planning
(White et al., 1997; Yeh and Li, 2001). Ward et al. (2000)
use a constrained rule-based CA model to simulate the
residential development of a single satellite city in the Gold
Coast of eastern Australia.
CA models may have apparent limitations on reflecting

the decisions and behaviors of individuals, such as govern-
ments, residents and investors, in shaping urban dynamics.
The influences of human factors are difficult to implement in
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traditional CA models. For example, CA are considered to
be insufficient in dealing with mobile objects such as
pedestrians, migrating households, or relocating firms
(Benenson et al., 2002; Benenson and Torrens, 2004).
Agents’ spatial behaviors should be considered so that
complex spatial interactions can be addressed in urban
simulation. Actually, multi-agent systems (MAS) have been
widely employed to represent individual decision-makers in
social science research (Epstein, 1999; Kohler, 2000).

In the past, multi-agent models were used mostly in
purely social contexts (Gilbert and Conte, 1995). They were
used to validate or illustrate social theories (including
biological, economic, and political theories), or predict the
behavior of interacting social entities, such as actors in
financial markets and consumer behaviors (Basu and
Pryor, 1997). However, these types of agent-models have
few spatial details. It is considered that these MAS
methodologies and existing tools are over-general and
underestimate, if not ignore, the importance of space and
spatial behavior (Benenson and Torrens, 2004).

It is still an initial stage in the application of MAS in
urban modeling. A major problem with MAS is how to
define agents’ properties (attributes) by using empirical
data. Simulation results should be very sensitive to agents’
decision behaviors. There is a general lack of methodology
for defining agents’ decision behaviors in a more consistent
way. The trial and error approach is useful for this
purpose. Some initial studies have been proposed to
validate agent-based spatial models (Brown et al., 2005).
More elaborated methods are still required for the fine
turning of models’ parameters.

This study proposes a multi-agent system integrated with
CA and GIS to simulate residential development in urban
systems. Agents make decisions under the constraints of
the environment, which is heterogeneous in a two-dimen-
sional landscape and subject to change in time. In this
model, agents’ decision behaviors are determined by utility
functions which involve various spatial variables and
weights. GIS provide the basic data for retrieving these
spatial variables and defining agents’ properties. An
important part of this model is that the weights for various
groups of agents are decided by multicriteria evaluation
techniques. Saaty’s pairwise comparison procedure is used
to obtain these weights in a more consistent way.

2. Integration of multi-agent systems with CA and GIS

This integrated model consists of two major types of
layers—immobile environment layers and mobile agent
layers. The environment layers include the spatial data of
land-use types, land price, surrounding environment,
accessibility, general public facilities, and education. The
environment is not uniform in spatio-temporal dimensions
when using GIS. A GIS database can provide the basic
spatial information for agents’ location choices. The agent
layers are used to accommodate the mobile entities that
play a key role in shaping the evolution of urban

structures. Agents do not act independently, but make
decisions through negotiations and cooperation with each
other. These agents not only adapt to the environment, but
also change it.

2.1. The environmental layers

Land use: Land use is one of the most important factors
that should be considered in urban simulation. This factor
provides the basic environment for agents to make
decisions, but it is also subject to changes with regard to
agents’ activities. Agents will have different decision
behaviors related to land-use types. For example, develop-
ment probability is very low for some land-use types, such
as fishponds and forests. However, development prob-
ability may be much higher at the sites surrounded by a
large number of built-up areas.

Land price: Land price is an important element in
determining housing prices which are a major concern for a
potential home buyer. Residents with high incomes can
afford to buy good-quality homes in locations with high
land prices. However, residents with low incomes can only
afford to live in places with cheaper prices (land prices).

Surrounding environment: The attraction of a site for
residential development is also related to its surrounding
living environment. In this study, the amenity of the
surrounding environment is mainly based on green space
and water. These two factors are commonly considered by
the Chinese in the choice of residence location. People
would like to live in locations with more green land and
water in the neighborhood. The qualities of green space
and water are similar for the whole region. Therefore, the
amenity is measured by using two indicators, the percen-
tages of green land and water in the neighborhood. If the
sites of green space or water are not of equal quality, some
methods can be adopted to take this influence into account.
For example, polluted waterways can be masked out in the
calculation of the amenity.
A moving window is used to calculate the percentages of

green land and water in the classified TM image which has
a resolution of 30m. A window size of 9� 9 is adopted
because this size seems to be appropriate to capture the
spatial patterns of these two variables in the study area
according to experiments. Finally, the utility (attraction) of
a site related to this amenity is obtained by using the
following equation:

Benv ¼
1

2
Gpercent þ

1

2
Wpercent, (1)

where Benv is the utility of the surrounding environment,
and Gpercent and Wpercent are the percentages of green land
and water, respectively. Equal weights are applied to the
calculation since there is no prior knowledge.

Accessibility: Accessibility represents a locational char-
acteristic that permits a place to be reached by the efforts
of those at other places using various transport tools. It is
related to its geographical location (e.g. distance to roads

ARTICLE IN PRESS
X. Li, X. Liu / Journal of Environmental Management 85 (2007) 1063–10751064

Administrator
Highlight



Author's personal copy

and town centers) and the conditions of road networks.
Usually, a site can be accessed by expressways, highways,
or railways. The site will be more likely to develop if it is
easily accessed. The accessibility can be conveniently
calculated by using GIS functions. The utility (benefits)
related to accessibility can be represented as follows:

Baccess ¼
1

3
e�b1Droad þ

1

3
e�b2Dexpress þ

1

3
e�b3Dcenter , (2)

where Baccess is the utility related to accessibility; Droad,
Dexpress, and Dcenter are the variables in terms of Euclidian
distances to roads, expressways and urban centers,
respectively; b1, b2, and b3 are the decay coefficients for
these variables; The same weights are also applied to all
these variables for simplicity.

General public facilities: The provision of public facilities
is another important factor to affect the decision of a
potential buyer. The sites will be more attractive if they are
closer to general public facilities, such as hospitals,
gardens, commercial centers and entertainment centers.
Distance decay functions can be defined to reflect the utility
of a site in terms of facility provision. The utility is
calculated as follows:

Bfacil ¼
1

4
e�b1Dhospital þ

1

4
e�b1Dgarden þ

1

4
e�b1Dcommercial

þ
1

4
e�b1Dentertainment , ð3Þ

where Bfacil is the utility related to the provision of public
facilities, such as hospitals, gardens, commercial centers
and entertainment; Dhospital, Dgarden, Dcommercial and
Dentertainment are the Euclidian distances to these facilities
respectively. The same decay coefficient of b1 in Eq. (2) is
used since these facilities are mainly accessed by roads. All
these variables are treated with equal weights in the
calculation.

Education benefits: Education is a special type of public
facility, and is the most important factor affecting home
buying for the Chinese. Distance functions can also be used
to represent the convenience of accessing education
facilities, such as schools and libraries. More benefits can
be achieved if there is a shorter distance to these facilities.

Bedu ¼
1

2
e�b1Dschool þ

1

2
e�b1Dlibrary , (4)

where Bedu is the utility related to the provision of
educational facilities in terms of schools and public
libraries; Dschool and Dlibrary are the Euclidian distances to
these facilities, respectively. The same decay coefficient of
b1 in Eq. (2) is also used since these facilities are mainly
connected by roads. Moreover, the same weights are also
used for these two variables.

2.2. Defining agents’ decision behaviors using multicriteria

evaluation techniques

This model has three major types of agents—residents,
property developers and governments. An agent can

represent not only a single individual, but also a group of
individuals. In this model, an agent represents a number of
residents according to the total population. Each type of
agent has unique features. For example, government agents
can have global influences without spatial variations. It is
also difficult to define the exact locations for developer
agents. Resident agents are movable as they need to select
locations for residency.
The definition of agents’ decision behavior is essential to

agent-based models. In most situations, agents’ behaviors
can be defined heuristically since there are not unique
methods. However, it is more robust to define agents’
decision behaviors based on GIS data. Each major type of
agents can be divided into subtypes according to the
agents’ properties. For example, resident agents can be
classified into a number of groups based on incomes and
household size. Each group of residents has unique
preferences of choosing proper sites for residency. This
simplification procedure can help the model to be more
operational by reducing computation time.
These agents will influence each other in making

decisions. Resident agents choose the proper sites for
home buying according to some utility functions. If there
are too many buyers selecting the same location, housing
prices will go up. If the prices go behind their affordable
threshold, they will move to other places for residency.
Property developers will adjust their investment strategies
according to the purchasing behavior of residents. Their
simple objective is to make as much profit as possible.
However, they must get approval from the government
before a site can be developed. Governments have a unique
power to decide if a location can be developed by
considering the broader public interests.

2.2.1. Resident agents

There are two kinds of residents—new residents moving in
from outside and existing residents relocating to new places
to live. The behaviors of these mobile residents will affect the
investment strategies of property developers. The interac-
tions between these agents are responsible for the formation
and evolution of urban structures, such as social and ethnic
segregation, self-organization and urban expansion.
A utility function is defined for a resident agent to assess

the value of a potential site as a residence. His main
objective is to maximize the utility function as much as
possible in location decisions. The utility function of
location (ij) for resident agent k can be represented as
follows:

Uðk; ijÞ ¼ wpriceBprice þ wenvBenv þ waccessBaccess

þ wfacilBfacil þ weduBedu þ �tij ð5Þ

where wprice þ wenv þ waccess þ wfacil þ wedu ¼ 1. Bprice, Benv,
Baccess, Bfacil and Bedu are the factors of land price,
surrounding environment, accessibility, provision of gen-
eral facilities and educational benefits for location (ij).
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wprice, wenv, waccess and wedu are the preferences (weights) for
resident agent k for each factor. �tij is a stochastic term.

The utility function mainly affects the location behaviors
of resident agents. In this equation, if these variables are
treated equally, all the weights can be assigned with equal
values. However, resident agents may have different
preferences in choosing locations for residency, which can
be reflected by the weights in the utility function. A higher
value of the weight means that the variable will be treated
more importantly. In this study, these weights are decided
by using Saaty’s pairwise comparison procedure (Eastman,
1999). The comparison is mainly based on experts’ knowl-
edge and preferences. Saaty (1990) proposes a consistency
ratio to examine the consistency of the matrix. He suggests
that the matrix should be re-evaluated if the ratio value is
greater than 0.10.

A discrete selection model is used to facilitate the site
selection for residency. The probability of selecting a site to
reside in can be estimated by using the utility function in
Eq. (5). For resident k, the probability of location (ij) to be
selected is equal to the utility probability that the utility
value at that location is greater than or equal to those at
other locations (McFadden, 1978):

Pt
residentðk; ijÞ ¼ PðUðk; ijÞXUðk; i0j0ÞÞ ¼

expðUðk; ijÞÞ
P

k expðUðk; ijÞÞ
,

(6)

where Pt
residentðk; ijÞ is the development probability of

location (ij) for resident agent k at time t.
The Monte Carlo method is used to decide the final

selection of a location for residency (Wu and Webster,
1998). This can allow a stochastic variable to be added to
the modeling process. After a satisfactory location has been
identified by a resident agent, there are three situations:

(1) the location has been developed and occupied by
another resident agent;

(2) the location has been developed and is available for
residency;

(3) The location has not been developed.

The third situation is the essential part of this study. If
the development of an undeveloped site is considered
desirable by resident agents, developer agents will assess
the potential profits from the development. They will like
to develop the site if the profit is greater than a threshold
value. The project can be carried out when the application
has been approved by government agents. This interaction
process is the basis for simulating complex residential
development in urban systems.

2.2.2. Developer agents

Property developers play an important role in influen-
cing residential development in fast growing cities. They
need to consider the preferences of residents in home
buying and the policies of governments in managing land

resources. The main criterion is to achieve a certain
amount of profit above expectations. This criterion can
be used to determine the decision behaviors of developer
agents. The following equation is used for the assessment
of development potential:

Dt
profit ¼ Ht

price � Lt
price �Dt

cost, (7)

where Dt
profit represents the investment profit, Ht

price is
housing price, Lt

price is land price, Dt
cost is development cost.

They are measured in a currency unit (e.g. RMB).
The development probability related to developer agents

can thus be represented as follows:

Pt
developerðk; ijÞ ¼

Dt
profit �Dtprofit

Dmprofit �Dtprofit
, (8)

where Pt
developerðk; ijÞ is the development probability related

to developer agents, Dtprofit is a threshold value, and
Dmprofit is the maximum value of the investment profit.
A developer agent will apply for investing in the site if

the assessment is in favor of the development according to
Eq. (8). In this model, all the developer agents have the
same attributes (status) because the detailed information is
unavailable. Therefore, the model adopts a simplified
procedure in which the first applicant will be considered
for the evaluation of site selection. The authorities will
evaluate the application before the approval can be given
according to the criteria described in the following section.

2.2.3. Government agents

Government agents will decide if an application for land
development is approved or not according to a number of
factors. They make decisions not only by considering
environmental factors, but also by communicating with
resident agents and developer agents. Government agents
will examine the development suitability of a site according
to land use, surrounding environment, transportation,
general facilities, and educational benefits. The initial
development probability of each site can be estimated
based on these environmental factors.
Firstly, existing land use is a major factor in determining

land use conversion. Different land uses will have different
approval probabilities for land development. For example,
land development is not allowed in ecologically sensitive
areas. The probability for land development in wetland
areas or mountainous areas is extremely low. Secondly, the
approval probability is also related to development plans.
It is more likely that an application will be approved if
there are no conflicts with existing planned land use.
The behaviors of government agents are also affected by

the behaviors of resident agents and developer agents. For
example, an incremental development probability will be
added to a site when it has been requested for development
by resident agents or developer agents in simulation. This
means that government agents should consider the will-
ingness of residents in choosing the place to live. When a
site has been requested for residency more often by resident
agents in the simulation, it has a higher probability of
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development. This interaction reflects the communication
and negotiation processes in urban simulation.

The probability of development approval from govern-
ment agents is based on land use types. The initial approval
probability is decided by the government, but it is subject
to changes due to the influence of residents and property
developers. The following equation can be used to
represent this type of negotiation between government
agents, resident agents and developer agents in affecting
the development probability of a cell (ij):

Pt
govðijÞ ¼ Pt�1

govðijÞ þ gDP1 þþhDP2

ðIf Pt
govðijÞ41; Then Pt

govðijÞ ¼ 1Þ, ð9Þ

where P0
govðijÞ is the initial approval probability, g and h are

the total numbers of applications for development at cell
(ij) by resident agents and developer agents, respectively,
and DP1 and DP2 are the incremental probabilities for each
application by resident agents and developer agents,
respectively.

2.3. Integrating cellular automata with multi-agent systems

CA is an important component in this integrated
simulation system. CA mainly focuses on local interactions
of physical factors whereas agent-based systems pay much
attention to individual’s behaviors. The integration of these
two models is essential for the simulation of residential
development. In this study, the development probability
related to physical factors is estimated by using a standard-
CA. It is based on a logistic-CA model by taking s number
of proximity variables into account (Wu, 2002):

Pt
caðijÞ ¼

1

1þ exp½�ðd þ
P

hDhxhÞ�
contðijÞOtðijÞ, (10)

where Pt
caðijÞ is the development probability determined by

the neighborhood function of cellular automata for
location (ij), d is a constant from the logistic regression
model, xh is the hth spatial variable, Dh is the weight of the
variable, conðijÞ is the combined physical constraint, and
OðijÞ is the percentage of developed cells in the neighbor-
hood.

The parameters d and Dh are obtained by the calibration
procedure of logistic regression (Wu, 2002). conðijÞ is used
to address the combined physical constraint for residential
development. A site will be associated with a small value of
conðijÞ if it is unsuitable for development. For example, the
value of zero will be assigned to all the cells of water and
gardens.

The final decision is based on the interactions between
government agents, resident agents, developer agents and
the environment. The probability for residential develop-
ment at a cell is obtained by the product of these
probabilities:

Pt
ij ¼ APt

residentðk; ijÞP
t
developerðk; ijÞP

t
govðijÞP

t
caðijÞ, (11)

where A is an adjusted coefficient.

The procedure of modeling between t and t+1 follows
this order: Estimating the potential annual sprawl with
CA-Application for residence by resident agents-
Estimating the demand and benefit for developer agents
before investment-Evaluation of the applications by
government agents before issuing the permit.

3. Application

3.1. Study area and data

The Haizhu district of Guangzhou city has been selected
for testing the proposed model. The model is used to
simulate the land-use dynamics from 1995 to 2004 for this
fast growing region. The land use types in this study area
include green land, farmland, water, road, old-developed
residential land and newly developed residential land. The
test area had a large proportion of farmland, but most of it
has been converted into urban land-use. The simulation
and prediction of the fast urban expansion can provide
useful information for land-use planning and management.
The spatial information for the simulation includes

remote sensing data and GIS data. Landsat TM images
dated on 30 December 1995 and 13 June 2004 were used to
obtain training data about actual land-use conversion,
which can be used to calibrate the logistic-CA model (Wu,
2002). GIS data were also used to represent the indepen-
dent factors that determine land-use changes. These spatial
data include the maps of urban planning, land price, land
use, and the distribution of public facilities (e.g. hospitals,
schools, and parks). Social and economic data were also
obtained from statistical yearbooks and the Fifth National

Census. These social and economic data are only available
for street-blocks, which are the smallest administrative unit
in Chinese cities.
A raster GIS is used for handling these spatial data in a

convenient way. All the original raster data are re-sampled
into the resolution of 100� 100m to reduce the computa-
tion time for the agent-based model. Fig. 1 shows the
spatial patterns of some utility variables (e.g. land price,
surrounding environment, accessibility, general facilities
and education) which are used in this model. Fig. 2 displays
the constraints of initial land use and the plan scheme for
simulation. However, detailed housing prices and develop-
ment costs are unavailable for Eq. (7) in the study area.
Some assumptions are adopted to avoid this data problem.
Usually, housing prices are closely related to land prices.
Therefore, Ht

price can be proportional to Lt
price. It is also fair

to assume that development costs are uniform in space.
The costs can then be ignored in the equation.
Some coefficients need to be determined for calculating

the utilities in Eqs. (2), (3) and 4. The values of b1, b2, and
b3 in Eq. (2) can be estimated according to traffic flows
since these coefficients are related to transport conditions.
It is assumed that a transport tool will have a smaller decay
of influence (a smaller value of the coefficient) if it carries a
larger traffic flow. For example, expressways which have
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larger traffic flows should be assigned smaller values of the
coefficient than roads. The following equation can be used
to represent this relationship:

b1=b2 ¼ f express=f road, (12)

where f road and f express are the average traffic densities for
roads and expressways, respectively.

The same method can be applied to the estimation of the
value of b3. It is assumed that there are z1 roads and z2
expressways connected to urban centers. The equation
becomes:

b1=b3 ¼ ðz1f road þ z2f expressÞ=f road. (13)

Table 1 shows the traffic flows of roads and expressways
according to statistical data. When b1 is set to 0.00100, b2
and b3 become 0.00023 and 0.000125, respectively, accord-
ing to above equations. The same value of b1 is also used in
Eqs. (3) and (4).

The initial values of the environmental factors in GIS
should be normalized within the range of [0, 1] so that these
factors are comparable in the decision making. The
normalization is different for the following two types of
factors—positive (higher scores are better) and negative
(lower scores are better). Positive factors (e.g. surrounding

environment, accessibility, general public facilities, and
education benefits) and negative ones (e.g. land price) were
normalized by using the following functions:
Positive factors

x0 ¼
x�Min

Max�Min
, (14)

Negative factors

x0 ¼
Max� x

Max�Min
, (15)

where x is the original data, Max and Min are its maximum
and minimum values, x0 is the normalized value.
The value of Dmprofit (the maximum value of the

investment profit) in Eq. (8) is estimated according to
local knowledge. It is 12,000RMB/m2 in the study area.1

The values of the incremental probabilities (DP1 and DP2)
in Eq. (9) can be also determined by experiments. In this
study, DP1 is set to 0.005 and DP2 is set to 0.1. Sensitivity
analysis can be carried out to assess the impacts of these
parameter values on the simulation outcomes. Table 2 lists
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Fig. 1. The utilities of various spatial variables prepared by a raster GIS.

1US$ is about equivalent to 8.02 RMB in March 2006.
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Fig. 2. Constraints of initial land use and plan scheme for simulation.

Table 1

Traffic flows of roads and expressways according to statistical data

Transport types Length (km) Traffic (1000 persons) Average traffic density (1000 persons/km)

Roads 4637.2 147,330 31.77

Expressways 382.8 52,310 136.7

Source: Guangdong Statistical Yearbook (2000).

Table 2

The coefficients of the logistic-CA model

d D1 D2 D3 D4 D5

Distance to main centers Distance to sub-centers Distance to main roads Distance to roads Distance to expressways

0.625 �0.002 0.005 �0.009 �0.006 0.002

X. Li, X. Liu / Journal of Environmental Management 85 (2007) 1063–1075 1069
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the coefficients of the logistic-CA model in Eq. (10) based
on the regression analysis.

3.2. Defining resident agents’ properties

Detailed information for each agent is unavailable in
most situations. Agents should be classified into a few
categories so that their properties can be defined. The
attributes for the aggregated agents are obtained by using
social and economic data. This study considers two major
attributes, income and household size, which are obtained
from the statistical yearbook of Guangzhou for 2004, and
the Fifth National Census, respectively. These attributes can
be used to define the decision behaviors for the resident
agents.

Resident agents were first classified into two groups,
without children and with children, according to the
household size. Each group was further classified into
three subgroups, the low-income class (incomeo9,600
RMB/year), the middle-income class (9600RMB/yearoin-
comeo60,000 RMB/year), and the high-income class
(income460,000 RMB/year). Six classes of residents were
then obtained by using these two indicators. The actual
percentages for these six groups were obtained from the
statistical yearbook of Guangzhou for 2004, and the Fifth

National Census (Table 3). These percentages were used to
determine the agent numbers for various groups of resident
agents in the simulation.

Each group of resident agents has distinct behaviors or
preferences in the choice of residence location. In this
model, their preferences are reflected by the weights in the
utility function as described in Eq. (5). These weights are
given according to experts’ experiences. It is expected that
different groups of resident agents have different concerns

about the factors of land price, surrounding environment,
accessibility, provision of public facilities, and educational
benefits for determining the residence location.
Their concerns are represented by the weights in the

utility function. Saaty’s pairwise comparison procedure
was applied for estimating these weights. The pairwise
comparison was completed by consulting the opinions of
urban planners and professionals. Table 4 gives the results
of the weights derived from this multicriteria evaluation
technique.
A set of weights can represent the unique preferences of

location choice for a group of resident agents. For
example, residents of high income are very sensitive to
living quality (surrounding environment), whereas those of
low income are very sensitive to housing price (land price).
Residents with larger family sizes (with children) are more
concerned about education than those without children.

3.3. Simulation results

Satellite TM images were used to provide the empirical
data for simulating residential development in the study
area. Land-use classification was carried out for the 1995
and 2004 TM images. The classification accuracy will
definitely affect the simulation accuracy. The accuracy
assessment for land-use classification was carried out with
reference to available land-use maps, air photographs and
field investigation (Li and Yeh, 2004a). The kappa
coefficient is 0.83, and the total accuracy is 0.87 according
to the accuracy assessment.
The land use in 1995 was used as the initial stage and the

land use in 2004 was used to verify the simulation. The
locations for resident agents were randomly selected at the
initial stage. They will choose the residence site based on
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Table 3

Proportion of each group of resident agents

Groups of resident agents

Household size Without children With children

Income Low income Middle income High income Low income Middle income High income

Proportion 9% 39% 9% 6% 31% 6%

Table 4

Weights for different groups of resident agents obtained by using the Saaty’s method

Types of residents Weights Total CR

Land price Surrounding environment Accessibility Public facilities Education

Low income without children 0.443 0.093 0.206 0.155 0.103 1 0.042

Low income with children 0.401 0.081 0.154 0.081 0.283 1 0.087

Middle income without children 0.175 0.379 0.165 0.194 0.087 1 0.057

Middle income with children 0.220 0.276 0.142 0.140 0.222 1 0.094

High income without children 0.048 0.526 0.194 0.141 0.091 1 0.072

High income with children 0.084 0.434 0.171 0.076 0.235 1 0.064
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the interaction between three kinds of agents. The
procedures for simulating residential development are as
follows (Fig. 3):

(1) Determining the total number of resident agents
according to the actual amount of residential develop-
ment in 1995–2004 from the classification of remote
sensing data;

(2) Using the Monte Carlo method to create resident
agents in space using the actual proportion of various
types of residents based on census data (Table 3);

(3) Using Eq. (5) and Table 4 to compute the location
utility for each type of resident agents, selecting the
locations with the highest utility values and estimating
the development probabilities for these places based on
the interactions between residents, property developers
and governments by using Eq. (11);

(4) Determining whether the location of the highest utility
value will be developed by using the Monte Carlo
method. If yes, the location will be marked and the next
round of site selection will be started by going back to
step 1. If no, the next site will be evaluated by choosing
the second highest utility value.

(5) This procedure continues until all the residents have
been accommodated.

Fig. 4 shows the simulated patterns of residential
development of the study area in 2004. The simulated
residential development (Fig. 5a) can be compared with the
actual residential development (Fig. 5b) to reveal the

agreement and disagreement visually. Very plausible results
have been observed by comparing these two patterns.
Fig. 6 shows the changes in the total amounts of various

land-use types in the study area from 1995–2004. The
increase in residential areas is at the cost of losing green
land and farmland (vegetable fields). This will gradually
result in a decrease of available land stock for future land
development. The landscape of the region will also change
as a result of residential development. This model allows
urban planners to forecast future land-use changes and
predict possible land demand for planning purposes.

3.4. Model validation

Model validation is usually required when urban models
are applied to the simulation of real cities. It is preferable
that a model can produce a high goodness of fit in terms of
pattern accuracy and process accuracy (Brown et al., 2005).
The assessment of pattern accuracy has been carried out
for many simulation studies (Wu, 2002; Li and Yeh,
2004b). It is impossible to reproduce the exact spatial
patterns of cities because of unexplained variables. In this
study, the proposed model is assessed in two ways: (1)
comparing the simulated patterns with the actual ones; (2)
comparing the simulation patterns between the integrated
CA-agent model and the pure CA model.
First, the simulated patterns are compared with the

actual ones obtained from the classification of remote
sensing imagery. A simple method to assess the goodness-
of-fit is to compare the simulated patterns with the actual
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Fig. 3. Procedures of the integrated CA-agent model for simulating complex residential development.
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patterns visually (Fig. 5). The visual comparison can
provide a rough estimation about the accuracy of this
proposed model for simulating urban development.

A further quantitative analysis is to produce a confusion
matrix indicating the concordance between the simulated
and the actual development patterns. It is based on the
spatial overlay of these two patterns cell-by-cell. Table 5 is
the comparison of these two patterns in 2004. The overall
accuracy is 0.789 and the kappa coefficient is 0.530 for the
simulation.

The cell-by-cell comparison has limitations in reflecting
pattern accuracy because the comparison does not consider
characteristics of morphology. Many geographical applica-
tions are concerned with the characteristics of morphology,
such as connectivity, fractals, and compactness. These
features can be measured by using some aggregated
indicators, such as compactness (Yeh and Li, 2001), fractal
dimension (White and Engelen, 1993), and Moran’s I (Wu,
2002).

In this study, the simple indicator Moran’s I is applied to
the measurement of land-use patterns. It is quite easy to
calculate the Moran’s I values in the GIS package, ARC/

INFO GRID. Moran I is a useful spatial indicator that can
reveal the degree of spatial autocorrelation (Goodchild,
1986). The indicator is able to estimate how close the
simulated land-use pattern is to the actual pattern (Wu,
2002). The maximum value is one which indicates the most
compact form of a land-use type. A smaller value, which
can be below zero, indicates a more even distribution of the
land-use type. The analysis indicates that the simulated
patterns are very close to the actual patterns based on the
Moran I indicator. The Moran I values are 0.688 and 0.671
for the actual 2004 patterns and the simulated 2004
patterns, respectively.
Multi-agent systems usually involve numerous para-

meters. How to define these parameters and calibrate these
models is still a problem. Automatic calibration procedures
have been used to assist the search for suitable parameter
values of cellular automata (Li and Yeh, 2004b). However,
these procedures have difficulties in solving the calibration
problems of multi-agent systems, of which the parameters
may be in different hierarchies. These parameters are
usually heuristically defined according to the approach of
trial and error. In this study, DP1 is set to 0.005 and DP2 is
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Fig. 4. Simulating complex residential development in Guangzhou in 1995–2004.
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set to 0.1. However, different sets of parameters can be
defined and experiments are required to assess the model’s
sensitivity to parameters. Table 6 lists five possible
combinations of the parameters. Fig. 7 shows the overlap
of the simulation outcomes from these five parameter
settings. It is clear that the simulation patterns can be

largely repeated for these different parameter settings. The
uncertainties only exist in the fringe areas of development
clusters with a small percentage of disagreement.
The performances of this integrated model were com-

pared with those from the pure CA models. A logistic-CA
model (Wu, 2002) was used to simulate the residential

ARTICLE IN PRESS

Fig. 5. Comparison of simulated patterns (a) with actual patterns (b) for residential development in Guangzhou in 2004.
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Fig. 6. Changes in the total amounts of various land-use types in Guangzhou in 1995–2004.
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development in the study area. The overall accuracy was
0.510, and the Moran’s I was 0.597 for this CA model. This
indicates that the agent-based model can produce better
outcomes for modeling residential development in this
study area. This is because the behavior of various players
in actual urban systems can be well addressed by using this
agent-based approach.

4. Conclusion

Recent years have witnessed fast urbanization and
intensive land-use conflicts in some developing countries.
The simulation and prediction of urban growth is
important for urban planners to formulate sustainable
development strategies. The simulation of residential
development can provide useful information about future
land demands and landscape changes. However, cities are
complex systems which are difficult to represent by using
mathematical equations. There is a growing amount of
researche on using ‘‘bottom-up’’ approaches, such as
cellular automata (CA), to simulate complex urban
systems.

One problem with CA models is that human and social
factors are difficult to incorporate in the simulation. This
kind of model cannot reflect the complex interactions
between individuals and the environment. Agent-based
modeling techniques can be used to simulate complex
residential development which involves various players in
shaping urban morphology. It is critical to define agents’
behavior in a more consistent way. In this study, the
characteristics of agents are defined by using GIS data to
reflect various decision behaviors. Agents can be classified
into a few groups according to data availability. However,
the model cannot be too generalized if the spatial details
are maintained. This study distinguishes six groups of
resident agents by using census data. Weights are used
to calculate the utility functions so that their decision
behavior can be defined. The Saaty method can be used to

facilitate the determination of weights in a more
robust way.
The proposed model includes three main types of

agents—resident agents, developer agents, government
agents. Different types of agents can interact and negotiate
with each other in influencing residential development. The
actions of these agents are also subject to the constraints of
the surrounding environment, which can be defined and
updated by using remote sensing and GIS data.
The Haizhu district of Guangzhou city was selected for

testing this proposed model. The experiment indicates that
fast residential development can be simulated by the
integration of cellular automata, multi-agent systems and
GIS. Plausible simulation results have been confirmed by
comparing the simulated patterns with the actual ones,
which are classified from remote sensing data. The
validation is based on cell-by-cell comparison and Moran’s
I indicator. The analysis indicates that the model can
produce satisfactory results. This model also performed
better than pure-CA models in simulating the complex
residential development in the study area. This is because
the behavior of various players in actual urban systems can
be well addressed by this agent-based approach.
Chinese cities are experiencing fast transitions and quick

changes in physical sizes and functional structures. There
are difficulties in the simulation of complex land-use
dynamics because of the uncertainties brought by these
fast changes. Moreover, there is a general lack of detailed
social and economic data at a fine spatial scale. This has
created problems in defining agents’ properties in a more
accurate way. For example, governments’ decisions are
often made in a back-box manner which is hard to predict.
There is also a general lack of detailed spatial information
for property developers. Meanwhile, inherent data errors in
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Table 6

Some possible combinations of the parameters

Experiments 1 2 3 4 5

DP1 DP2 DP1 DP2 DP1 DP2 DP1 DP2 DP1 DP2

Values 0.005 0.1 0.004 0.09 0.006 0.11 0.003 0.12 0.007 0.08

Table 5

Accuracies of the simulation according to the cell-by-cell comparison

Simulated

developed

Simulated

non-developed

Accuracy

Actual developed 966 440 0.687

Actual Non-developed 433 2309 0.842

Overall Accuracy 0.789

Kappa coefficient 0.530
Fig. 7. Investigation of the model’s sensitivity to parameters.
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GIS and uncertainties from models will also affect the
application of these agent-based models. The issues of data
errors and model uncertainties have been well addressed in
the GIS literature. The above problems should be
addressed in future studies.
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