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A B S T R A C T

Urban expansion as a complex dynamic process of land use change has interested many urban planners

and researchers in its relationship to social, economic and ecological factors. How to design an ecological

and economic urban form and structure is a problem for urban managers. This study aims to create an

urban ecosystem management platform to assist urban managers in better urban development, using

the neural-based Cellular Automata (CA) model to simulate urban expansion under three urban

expansion scenarios, followed by the evaluation of different urban development scenarios’ complex

ecological benefits. In each platform, Eastern Beijing is used as an example, with six sensitive variables in

urban expansion chosen to model from 2004 to 2024, based on the data of urban expansion from 1991 to

2004. The complex ecological benefits under different urban land use scenarios were evaluated through

analytic hierarchy process (AHP) method. The results show that Eco-service oriented land use

Management (EOM) urban expansion scenario is more beneficial, its complex ecological benefits index

reaches 0.78, higher than the other expansion scenarios. The findings provide urban developers and

managers with a scientific suggestion for development in Eastern Beijing, China.

� 2011 Elsevier B.V. All rights reserved.
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1. Introduction

The city is a human activities dominated social-economic-
natural complex ecosystem (Ma and Wang, 1984). Its complexity
can be seen from two viewpoints: the complexity representing the
information-rich nature of the system and the complexity
necessary for the successful functioning of the city as a system
(White et al., 1997). Growth and dynamism are two of the elements
which characterise most urban areas (Barredo et al., 2003). The
growth of cities is strongly influenced by economic constraints,
physical constraints and institutional controls and is a result of
human activity. Social and economic activities dominate the
process of urban growth (Li et al., 2003; Petrosillo et al., 2010). As a
city grows, the increasing concentration of population and
economic activities demands more land to be developed for public
infrastructure (e.g. roads, water facilities, and utilities), housing,
and industrial and commercial use. Despite numerous benefits
originating from urbanization, the rapidly urbanizing world,
including China, faces intensified resource scarcity and environ-
mental degradation (Chen, 2007).
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Urbanization can be seen as a complex process because of a
city’s intrinsic characteristics of emergence, self-organization,
self-similarity and the non-linear behaviour of land use dynam-
ics (Barredo et al., 2003), these are the direct results of action of
individuals, public and private corporations acting simulta-
neously in a time over the urban space. As a consequence, cities
are the spatial result in time of all these influences, which
continuously contribute to shape the city. When land use change
occurs due to urbanization along a city boundary, it increases the
size of the city as it sprawls forward (Fang et al., 2005). Urban
expansion results from the transformation of non-urban land
into urban land (López et al., 2001). Urbanization leads to
significant alterations of physical environment far beyond city
limits, resulting in species habitat loss, climatic changes, and the
accumulation and spread of wastes in the Earth’s atmosphere,
hydrosphere and pedosphere (Chen, 2007). Urbanization also
causes various impacts on ecosystem structure, function and
dynamics (Antrop and Van Eetvelde, 2000; Luck and Wu, 2002;
McDonnell et al., 1997; Pickett et al., 2001). Massive urbanization
will likely have significant effects on the natural services it can
supply to humanity (Bolund and Hunhammar, 1999), both
directly through the expansion of urban areas and indirectly,
through changes in consumption and pollution as people migrate
into cities (Liu et al., 2003; McGranahan and Satterthwaite, 2003;
Mckinney, 2002).

http://dx.doi.org/10.1016/j.ecocom.2011.01.004
mailto:lifeng@rcees.ac.cn
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http://dx.doi.org/10.1016/j.ecocom.2011.01.004
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Urbanization is a global process and China is no exception.
Urbanization is considered to be one of the most important human
activities in the recent history of China. In the late 1980s China
began a period of rapid urbanization while also undergoing rapid
economic expansion (Zhang et al., 2007). This process has greatly
affected land-use change through the increase of built-up areas
and urban sprawl (Wu et al., 2004; Paetzold et al., 2010). With the
continuous growth of China’s economy, massive farmland loss
from urban development may occur without appropriate planning
and management of existing land resources in these regions (Long
et al., 2007; Sandhu et al., 2010).

Economists of urban economics have long been interested in
understanding the process of urbanization. Many of them find
support for the prediction of the monocentric city model, which
has the most economic benefit but least environmental benefit. To
environmentalists, in order to improve the quality of the urban
environment and protect the environment from deteriorating,
many of them approve of strict control of land exploitation for
urban development. However, this model has the least economic
benefit and the most ecological benefit. For many urban planners
and land managers, they are wondering how to balance the
relationships between environmental protection and economic
development, in other words – how to develop a sustainable urban
complex ecosystem. Wang considers that to keep the urban
complex ecosystem sustainable is to deal with the relationships
between humans and the land (Wang, 2000; Wang et al., 2010).

For land managers and urban planners, environmentalists and
economists, they need a policy-decision platform which can help
them develop a sustainable urban ecosystem. The objective of this
study tries to create a platform of land management for urban
managers to balance the relationship between environmental and
economic development, as well as the relationship between social
and natural service of land use. In this platform, the different urban
development scenarios, based on different land management and
urban planning are set up, and each scenario’s complex benefit to
the land is evaluated. Using the platform we take Eastern Beijing as
an example for our study. This study includes three parts. In the
first part, the spatial modeling method of urban ecosystem is
introduced, in the second part the study generates different
development scenarios of Eastern Beijing for modeling under the
spatial modeling method and then in the third part, we evaluate
the complex ecological benefit of different development scenarios
for choosing better urban land use management.

2. Neural-network-based Cellular Automata (CA) model

2.1. The principle of artificial neural networks

An artificial neural network conducts computing and modeling
by simulating human brain function, and consists of series neurons
and layers which allow it have human-like learning and recalling
abilities, especially useful for non-linear mapping (Li and Yeh,
2002). Artificial neural network modeling has been employed in
the analysis and modeling problems of geography (Openshaw,
1998). In contrast to the traditional linear logistic regression
method, neural networks can significantly improve the CA’s
performance in urban simulation (Liu et al., 2008).

Neural networks were developed to model the brain’s inter-
connected system of neurons so that computers could be made to
imitate the brain’s ability to sort patterns and learn from trial and
error, thus observing relationships in data. It’s actually a nonlinear
system with characteristics of distributed storage and parallel
computing. The purpose of an artificial network is to build a model
of data-generating processes, so that the network can generalize
and predict outputs from inputs that is have not previously been
seen (Biswajeet and Saro, 2007). In general, there will be input,
hidden, and output layers in these networks. By introducing the
input in a feed forward way, the neural network algorithms
calculate weights for input values, input layer nodes, hidden layer
nodes and output layer nodes, and in this way propagate through
the hidden layer and the output layer. The signals propagate from
node to node and are modified by weights associated with each
connection. The receiving node sums the weighted inputs from all
of the nodes connected to it from the previous layer. Weights are
used to address the strengths of network interconnection between
associated nodes. The algorithms are very simple, for node j in the
receiver layer, the net input from the collection process is
calculated as:

net j ¼
X

i

wi; joi (1)

where netj is the collection signal for receiver node j in hidden
layer, wi,j represents the weight of input layer i to hidden layer j,
and oi is the signal from node i of the input layer.

The hidden layer of receiver node j is then response as the
function of signal netj called the ‘‘activation function’’, which is
expressed in form of sigmoid function:

1

1þ e�net j
(2)

The activation is taken as inputs to the output layer, and then
the final output layer receives the signal as:

P ¼
X

j

w j
1

1þ e�net j
(3)

where p is the final signal of output layer; wj is the weight between
hidden layer and output layer.

Neural networks have the ability to classify patterns through
training or learning processes, so before the data input to the
neural network, the data should be divided into two groups, one
group for training or learning, the other team for simulating.
Training is based on back-propagation procedure which can
generate optimal weights from a set of training data, and it is a
repeating process.

The original data are usually normalized to the range of [0,1]
before they are input to neural network, this following the
equation:

V 0i ¼
Vi � Vi min

Vi max � Vi min
(4)

where Vi represents the original input data and Vimax and Vimin

represent the maximum and minimum value of original input data.

2.2. Cellular Automata

To model the urban expansion with spatial models is a useful
way to understand the urbanization process, with the results
offering support to urban planning and management policies and
providing important information for assessing the impact of
urbanization on the environment and ecosystem (Costanza and
Ruth, 1998; Li and Yeh, 2000; Verburg et al., 1999a). A variety of
approaches have been used to model the spatial process of urban
expansion, such as Markov chains (López et al., 2001) and spatial
logistic regression (Cheng and Masser, 2003). In recent years,
Cellular Automata (CA) techniques have gained attention as
modeling tools for urban expansion process simulation (Al-
Ahmadi et al., 2009; Barredo et al., 2003; Batty and Xie, 1994;
He et al., 2008; He et al., 2006; Li and Yeh, 2000; Liu et al., 2008;
Stevens et al., 2007; White and Engelen, 1993; Wu, 1998). The
application of CA in urban expansion modeling can give insights
into a wide variety of urban phenomena (Li and Yeh, 2002). Urban
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CA models have better performance in simulating urban growth
and expansion than conventional urban models because they are
much simpler than complex mathematical equations, but produce
results that are more meaningful and useful with intuitive results
(Deadman et al., 1993; White and Engelen, 1993; Wu, 1998). Its
applications differ from the typical natural systems applications in
that they tend to have a very limited total number of cells and a
small number of temporal iterations (Batty and Xie, 1994). A more
substantial difference lies in the definition of transition rules (Wu
and Webster, 1998).

CA was first proposed by Ulam in the 1940s and soon used by
Von Neumann to investigate the logical nature of self-reproducible
systems (White and Engelen, 1993). Thereafter, CA was prevalently
used to simulate complex geographical phenomena (Liu et al.,
2008), especially for urban simulation. CA adopts a bottom-up
approach, through which local individual behaviours can give rise
to complex global patterns (Liu et al., 2008). A CA model is a
dynamic model with local interaction to reflect evolution of the
system, where space and time are considered as discrete units and
space is often represented as a regular lattice of two dimensions.
CA based models have the strong ability to represent non-linear,
spatial and stochastic processes. Many researchers have already
demonstrated the CA model’s capability to simulate spatial pattern
and process of urban expansion in a very realistic way (He et al.,
2006). Wu and Webster (1998) developed a model by integrating
CA model and multicriteria evaluation (MCE) and obtained
satisfactory results for urban expansion simulation in a Southern
Chinese city. He et al. (2006) explored an urban expansion scenario
(USE) model, which coupling one CA-based model and one ‘‘top-
down’’ system dynamics (SD)-based model to simulate Beijing
expansion process. In order to overcome complex relationships
among a large number of spatial variables in urban land use
dynamics, some researchers also developed a neural-network CA
model to perform the urban simulation (Aitkenhead et al., 2004; Li
and Yeh, 2002).

The Cellular Automata (CA) methods deriving from mathemat-
ics are very well suited for imitating complex spatial processes on
the basis of simple decision rules (Wolfram, 1984). An elementary
CA is comprised by several elements (Barredo et al., 2003; White
and Engelen, 1997):

(1) The space represented by an array of cells, each residing in a
state at any one time.

(2) A discrete number of states (qualities referred to the cells).
(3) The neighborhood template.
(4) Transition rules, which define what the state of any given cell is

going to be in the next time period based in the present state of
the cells itself and that of its neighboring cells.

The simple mechanism for defining the next state of a cell based
on its actual state and the actual state of the cells in the
neighborhood, made CA very simple mechanism with the
following main characteristic: spatial-interactivity. In a CA model,
time is considered discrete and space is often represented as a
regular grid of two dimensions (White and Engelen, 1997). Each
grid cell has a finite number of states, which can represent the
types of land use or land cover. At any point in time, each cell has a
probability of being converted to another type of land use or land
cover. The probability is a neighborhood function defined by
transition rules that involve immediate neighboring cells and a
number of contributing factors such as topography, proximity to
urban centres and proximity to transportation network (Qi et al.,
2004).

Transition rules are the core of CA model, which have great
influence on CA modeling results. These rules are represented by
the parameters and weights associated with the spatial variables
involved the simulation. The whole process of CA modeling is
under the control of transition rules, because that the state of a cell
at t + 1 is determined by the state of cell and the development
situation of its neighborhood at time t in accordance with the
transition rules, which can be described as equation (Wu and
Webster, 1998):

Stþ1
i j ¼ f ðSt

i j;V
t
i j; T

tÞ (5)

where Stþ1
i j and St

i j are the states of cell at location ij at time t + 1
and t, respectively, Vt

i j is the development situation in the
neighborhood space of the location ij, Tt is the transition
rules.

2.3. Integration of neural network and CA in modeling of urban

expansion

In order to deal with the complex relationships among a large
number of spatial variables in urban land use dynamics, this work
used a neural-network-based urban CA model for simulating urban
expansion; the neural networks can significantly improve the CA’s
performance in urban simulation.

To integrate the neural network and CA, each neuron in neural
network could be seen as a variable, which can be sourced from GIS
tools in urban system, and then the final signal P of output layer in
neural network is taken as a transition rule in CA, and also is the
type of land conversion probabilities. But in reality, the urban
expansion processes are influenced by macro policies, such as
cropland, wetland and green space, which are also the transition
rules in the CA model. So the CA model would be expressed as
following equation:

Stþ1
i j ¼ f ðSt

i j;V
t
i j; Pi j

t;MtÞ (6)

where Pt
i j represents a type of land transformation probability to

urban land at time t in location ij, and Mt represents the land use
macro policies in the time period of t.

The process of urban expansion can be considered as an
iterative probabilistic system (Barredo et al., 2003), a stochastic
disturbance term is usually incorporated in CA simulation to
generate more plausible results (White and Engelen, 1993), the
disturbance can lead the simulation to produce properties that are
found in real urban systems and land use pattern (Li and Yeh,
2002). The random disturbance term cell (i, j) at time t can be
defined as (Barredo et al., 2003; He et al., 2008; Li and Yeh, 2002):

Rt
i; j ¼ 1þ ð�ln gÞa (7)

where g (0, g, 1) is a uniform random variable, and a is a parameter
that allows the size of the perturbation to be adjusted. In the
neural network module, the transformation probability P is
revised as:

P ¼ R
X

j

w j
1

1þ e�net j
(8)

The higher value of P, it is likely that a type of land cell will be
transformed to urban. A threshold value to control the transfor-
mation process is necessary, as usually the P is within the range of
(0, 1), here we predefined the threshold value as 0.85, which means
if 0 � P, 0.85, then the land cell St

i j will keep unchanged at t + 1; but
if 0.85 � P � 1, the conversion happened at t + 1.

The flowchart of neural-network-based CA model of this study
is showed in Fig. 1.
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Fig. 1. The flowchart of neural-based Cellular Automata (CA) model.
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3. Definition of urban expansion scenarios

3.1. The study area

The neural-network-based CA model was used to simulate the
expansion of Eastern Beijing, the capital city of China, and one of
the oldest and most densely populated cities in the world (Li et al.,
2005). As the host of the 2008 Olympic Games, Beijing has been
experiencing fast economic development and an unprecedented
process of urbanization. Recently, the continuous city expansion
has formed a big pancake shape. The focus of discussion has been
the encroachment on good cropland and green space in the urban/
rural fringe area, with this aimless expansion resulting in traffic
jams, excessive sprawl, and lack of green space, increased ‘‘heat
island’’ effect and air pollution (Chen et al., 2005; Jim and Chen,
2003; Li et al., 2005, 2008; Yapp et al., 2010). As a potential
development area, the Eastern portion of Beijing is undergoing
rapid urbanization, with this study area consisting of the five
districts of: Tongzhou, Shunyi, Daxing, Chaoyang and Fengtai, as
the main focus of urban expansion (Li et al., 2005), comprising a
total area of about 3273 km2, 23% of Beijing’s area, shown in Fig. 2.
Fig. 2. The study area.
3.2. The urban expansion scenarios

Scenario 1: Business As Usual (BAU), based on the speed of
expansion on urban land of Eastern Beijing, and according to the
available non-urban land for city’s development and population
scale, in the master plan of Beijing city, it can be foreseen that the
city will continue to sprawl at high speed in the form of a big
pancake, and many of the areas of non-urban land will be occupied
for urban development in order to meet the need of housing, traffic
and basic infrastructure of an increasing population. The plain
region of Eastern Beijing city will develop in a group-like
configuration.

The city expansion controlling factors: rivers and wetlands,
land use for landscape.
Urbanization guiding factors: centralization, and the concentric
circle development model.

Scenario 2: The Most Strict land quantity Control policy (MSC),
in which nature’s service is overwhelmingly controlled by
government regulation, with the highest ecological benefits but
lowest economic service. It is a rigid management model, with the
whole area and structure of land strictly controlled, which means
that the urban expansion cannot occupy agricultural land,
greenbelt and wedge-shaped green spaces; furthermore, the use
of some important land resources such as cropland, forested land
and wetland that have important ecological service to the city are
strictly controlled with regards to future urban development
(Trepel, 2010). At the same time, measures such as land
consolidation were taken to improve the land use efficiency,
and some abandoned lands were used again. The polluted land
must also be cleared up and land use efficiency must be promoted
because of low centralized level of land use, over-use of villages’
residential land and the wasting of land in factories and mine
plants.

The city’s expansion controlling factors: rivers and wetlands,
landscape, forest, the second greenbelt, basic farmland.
The city’s expansion guiding factors: closely complied to the
master plan of Beijing (2004–2020).

Scenario 3: Eco-service oriented land use Management (EOM),
which is to balance the appropriate ecological and economic
benefits, it is more applicable and sustainable. This is a flexible land
management mode which is based on the ecological function of
land. Land provides us a great number of ecological services (Daily,
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1997; Daily et al., 2009) and in urban ecological systems, these
services could be concluded as (1) support for urban construction,
(2) gestate biological habitat, (3) supply for production resources,
(4) modulation of urban climate and (5) circulation of soil nutrients
(Wang et al., 2004). The Eco-management mode concludes two
elements; one is based on ecosystem integrality, which means that
some land resources must be protected from urban development,
and in order to reduce the possible ecological risk at lowest level, it
is suggested to eliminate or reduce the passive impacts of eco-
limiting factors. Land exploitation should be avoided at the areas of
ecologically sensitive zones and ecologically frangible structures
that are not feasible for urban development. The other is to
construct and preserve the land complex ecological services that
the ecosystem supply’s to the urban environment and to utilize
these services. The positive effects of promoting ecological factors
should be induced and intensified, promising to clean, beautify and
activate the urban-country environment, as well as the evolution
of Eco-culture.

Controlling factors of city expansion: rivers and wetlands, land
use for landscape, forest, the second greenbelt, and basic
farmland.
Guiding factors of urbanization: intensive land use of the area
near the urban principle axis, while strictly controlling the land
use in places far from the urban principle axis.

4. Implementation of the model and results

Three Landsat-5 Thematic Mapper (TM) images (30 m � 30 m)
in 1991 and 2004 were collected for this study. All images were
processed using ERDAS 8.5 software and a supervised classification
made based on 1:100,000 topographic map. All data layers were
registered to the same Universal Transverse Mercator coordinate
system and sampled to the same pixel resolution of 80 m, which is
enough to capture spatial details and small enough to reduce
computation time.

Six factors closely associated urban expansion forces were
selected and incorporated in the transition potential calculation.
The reason to choose these factors is that they are important
factors to decide expansion probability (He et al., 2006; Wu and
Webster, 1998; Yeh and Xia, 2004). These factors were: distance to
central city, distance to subcentre cities, distance to city’s arterial
road, attribute of the land (urban or non-urban) in the neighbor-
hood, the amount of traffic land in the neighborhood of 13 � 13
cells and the number of build-up cells in the neighborhood of
13 � 13 cells. The series of factors are prepared using ArcGIS, and
they are transformed into a normalized scale based on formula (4)
before input into the model.

This model is implemented in Matlab 7. A three-layer neural
network was used for the simulation of urban expansion. In the
training process, the weights between different layers are
obtained, and the output neuron of neural network is the land
conversion probability. Then they are inputted into the model for
simulation. Land use in 1991 was taken as the initial training data,
and the urban growth from 1991 to 2004 was simulated by a
random stratified sampling method (Congalton, 1991). On
comparison with the simulated and actual land uses in 2004,
based on overlay analysis, the accuracy is acceptable, at up to 81%.
Based on the training result, the 2024 urban shape was simulated
in different scenarios. The modeling results are presented in Fig. 3.

Fig. 3 clearly shows urban expansion in the three different
scenarios. In the BAU scenario, the urban area expands following the
current trend as a ‘‘pancake’’ by encroaching and engulfing
significant mounts of cropland and green space, and this process
is strengthened by mono-centre urbanization. Chaoyang, Tongzhou,
Fengtai and Daxing currently connected to the central city, become
one part of it in 2024. Contrasted to the scenario of BAU, in the model
of urban expansion based on intensive land use in scenario MSC,
many rural residential sites and industrial sites are integrated,
meanwhile, the green space and cropland are well protected. As
Tongzhou is at the Eastern extension of Changan Street and the
international airport is located in Shunyi, significant urbanization
occurs in these two areas. In scenario EOM, the urban expansion
follows a mode based on land ecological services, where many lands
are occupied by urban development except the ecological sensitive
and fragile sites. In the EOM scenario, basic farmland was forbidden
to be developed for urban use; in addition, some artificial measures
were introduced to the ecological rehabilitation in order to keep the
land ecologically serviceable. To avoid the sensitive sites, the urban
expansion as smart frog. Tongzhou, Shunyi, Chaoyang and Daxing
formed sub-centres outside the main centre.

Fig. 4 represents the land use change between urban and non-
urban. It shows that the amount of urban land in scenario BAU
increased the fastest among the three scenarios, such an urban
pattern is problematic as it can result in environmental problems
(Li et al., 2005). In scenario MSC which is based on Beijing’s urban
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master planning 2004–2020, the urban areas increased the least,
which is the result of prohibiting occupying some non-urban lands
and it could have influence on the lands economic development.

Table 1 lists the cropland and open space change, which
indicates that urbanization in scenario EOM would keep more
cropland and open space than scenario BAU, but less than scenario
MSC. In order to pursue economic development, more cropland
and open space would be occupied, if the land use is not
scientifically determined, it could also bring the city environmen-
tal problems. Otherwise, excessive protection of non-urban land
would lose more economic benefits. So it is very important to
decide how to use the land properly.

This part simulated the urban expansion in different scenarios
by a neural network-based CA model, but for land managers and
urban planners, it is also difficult to decide which urban expansion
Table 1
The cropland and open space change from 2004 to 2024 in the study area.

Scena

Cropland area in 2024 (ha m2) 76,81

The decreased area of cropland in 2004–2024 (ha m2) 11,56

Open space in 2024 (ha m2) 138,49

The decreased area of open space in 2004–2024 (ha m2) 25,72

BAU, Business As Usual; MSC, Most Strict land quantity Control policy; EMO, Eco-serv

Table 2
The indexes of benefits assessment and the results.

Type of index (weight) Evaluation index (weight) Measurable index

Natural services (0.44) Cropland loss (0.13) Decreased area, ha

Normalized

Edge effects (0.11) Density of urban e

Normalized

Heat island effect (0.08) The area of vegetat

ratio over 30% (%)

Normalized

Traffic environmental load (0.12) Energy demand of

(calculated as coal

Normalized

Social services (0.27) Traffic accessibility (0.15) Percentages of the

can be directly acc

Normalized

Landscape accessibility (0.12) Percentages of gree

can be accessed wi

Normalized

Economic services (0.29) Urban sprawl scale (0.12) Newly built-up are

Normalized

Land economic efficiency (0.17) Newly built-up are

benefit (Yuan)

Normalized
scenario is scientific. The assessment of different urban expansion
scenarios would provide land managers and planners the
necessary information to make good decisions.

5. Land complex ecological service evaluation in different
expansion scenarios

The concept of ecosystem services is a relatively new scientific
methodology, offering a possible approach to the prevention of
ecological problems caused by human action and to the resolution
of conflicts arising from land-use questions (Vihervaara et al.,
2010). The MA defines ecosystem services as benefits people can
obtain from ecosystems, distinguishing provisioning, regulating,
supporting and cultural services (MA, 2005). Land use and
management influence the ecosystem properties, processes and
components that are the basis of nature’s service provision (de
Groot et al., 2010). When applied to whole ecosystems and all their
services, valuation is more difficult as it has to deal with the
complexity of such systems (Spangenberg and Settele, 2010). This
part evaluated the land complex ecological service in different
urban expansion scenarios from three factors: social factors,
natural factors and economic factors, respectively. The study chose
many indexes for the evaluation. When choosing the indexes,
scientific principles should be obeyed as follows.

� The number of indexes should be fewer rather than more;
� Independence;
� Representative;
� Objective;
� Measurable.

Four indexes were created to measure the natural benefits of
the land complex ecological services (LCES), they include the area
rio BAU Scenario MSC Scenario EOM

7 83,640 79,424

3 4739 8956

5 156,681 149,994

2 7535 14,222

ice oriented land use Management.

Scenario BAU Scenario MSC Scenario EOM

m2 11,563 4739 8956

0 1 0.38

dge (m-1) 13.24 15.75 15.90

0 0.94 1

ion coverage 22 40 36

0 1 0.78

urban traffic

in 104 tonnes)

1070.7 1011.3 919.1

0 0.39 1

hot area that

essed by public transit (%)

34 36 42

0 0.25 1

n space that

thin a 10 min walk (%)

38 70 69

0 1 0.97

as (ha m2) 36,204 14,707 23,055

1 0 0.39

as’ economic 34,305,108 22,408,307 31,322,386

1 0 0.75
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of occupied cropland by urban expansion, edge effect of land, hot
island effect and traffic environmental load. Two indexes are
created to measure the social benefits of LCES, and they are traffic
convenience and landscape accessibility, and two indexes are
introduced to measure the economic profits; urban expansion
scale and the land’s economical benefits. Table 2 shows the indexes
and the evaluation results.

In order to rank and index’s importance, many experts propose
the analytic hierarchy process (AHP) to get an index’s weight. The
AHP is one of the methods of multi-criterion decision making and
offers the precise quantitative method of hierarchization of
criterion valuation in situations of full comparability of variants
(Szczypinska and Piotrowski, 2008). When the results proved to
be consistent, the weights were adopted. The measurable indexes
were normalized to the range of (0, 1) by the linear standardiza-
tion method. To quantitatively compare the land complex
ecological services of different scenarios, the final results are
calculated as:

LCES j ¼
X

i

EIi � NS j (9)

LCESj is the value of land complex ecological service of scenario j,
EIi is the weight of evaluation index i, and NSj is the normalized
measurable index of scenario j. The evaluation results are revealed
in Fig. 5.

The calculated results showed that the complex ecological
benefit of scenario EOM is the most among three urban
expansion scenarios at 0.78, the scenario BAU at 0.29, and the
scenario MSC is 0.52. The scenario BAU is a big ‘‘pancake’’ urban
expansion mode and its economic benefit is the best, at 0.29, but
the social and ecological benefits are the least. As far as scenario
MSC is concerned, it is a strictly confined land use mode, with
most lands protected under the present land management
policy. Its economic benefit is the least, and its ecological benefit
and social benefit are 0.36 and 0.16, respectively. Compared
with scenario EOM, whose urban land use design is based on
land complex ecological services; its ecological benefit, social
benefit and economic benefit are 0.34, 0.27 and 0.17, respec-
tively. The EOM scenario integrated both the protection and
development of land, and presents a reasonable urban expan-
sion mode.
Fig. 5. The land complex ecological servi
6. Discussion and conclusion

Urban expansion is a complex process, which is determined
by governmental land use policy and urban planning in space
and time, and in the process of urbanization, many problems
puzzle urban managers. In order to solve these problems, many
researchers and planners have tried many approaches, but
achieved little in the way of gains. This paper presents a
platform of urban ecosystem management for urban managers.
Using this platform, Eastern Beijing was taken as an example;
furthermore, the results are taken into practice by urban land
managers now.

As we know, spatially explicit urban expansion models that can
effectively trace the urban development in the past and predict the
possible expansion scenarios in the future are still necessary. This
platform uses an artificial neural-network based CA model to
simulate the expansion of Eastern Beijing, which is threatened by
environmental, economic and social problems in the process of
urban expansion. Integrating different macro land use policies and
micro land change rules, the model is implemented and the results
are satisfying (with an accuracy of 81%). Although the urban
expansion is simulated under different scenarios, the land
managers, planners, and even the economists are still facing a
question of which expansion scenario is scientific and reasonable.
To answer the question, an AHP method is applied within the
platform to evaluate the land complex ecological services benefits
of different scenarios, in which eight factors that indicate the land’s
ecological, social and economic benefits are chosen to undertake
the evaluation. The results showed that the land use based on
complex ecological services is the best way in urban expansion,
providing good information to land managers and urban planners
for better urban development.

Urban expansion is a complicated issue that is determined by
interactions in space and time of biophysical and human factors at
different scales. The simulation results from neural network based
CA should not be interpreted as forecasts of future events (Verburg
et al., 1999b), which are based on a scenarios design. But results do
reflect possible urban expansion patterns under different types of
scenarios based on present urban development; therefore it can
also be used as a tool for land managers and planners to
understand the possible impacts of urban expansion on the urban
complex ecosystem, and furthermore, under the created platform,
ce evaluation of different scenarios.
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urban managers can make scientific decisions regarding urban
ecosystem development.
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