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Urban growth boundaries (UGBs) have been commonly regarded as a useful tool for controlling urban sprawl.
There is a need to create models that can establish plausible UGBs for fast growing regions. Previous methods
have merely focused on establishing a single UGB scenario over diﬀerent time intervals, but rarely considered
the inﬂuences of macro policy (e.g., future urban demand) and spatial policy (e.g., master plan) for regional
planning. However, the spatial patterns of urban expansion are signiﬁcantly aﬀected by regional planning. In
this paper, a CA-based method called the future land use simulation (FLUS) is applied to the delineation of UGBs.
We argue that the delineation needs to integrate the top-down approach with CA for projecting complex land use
changes under designed scenarios. The system dynamics model (SD) and cellular automaton model (CA) were
interactively coupled in the FLUS model during the projection period. The top-down SD is used to project
scenarios that relate to macro policy and socioeconomic status, and the bottom-up CA accounts for urban growth
simulations under the inﬂuence of diﬀerent driving factors and spatial planning policies. A morphological
technology based on erosion and dilation is further proposed to generate the UGBs from the FLUS model’s
simulated urban forms. The proposed UGB-FLUS model was applied to the establishment of UGBs in the Pearl
River Delta region (PRD) from 2020 to 2050. The results demonstrate that the method can support urban
planning by generating feasible patterns for UGBs under diﬀerent planning scenarios.

1. Introduction
Urban sprawl, which arises from the rapid growth of the economy
and population, has become a major challenge for sustainable urban
development worldwide (Yao et al., 2016, 2017; Hashem &
Balakrishnan, 2015; Liu et al., 2014). For assisting urban planning,
methods or models are required to guide and constrain urban area
growth (Long, Han, Lai, & Mao, 2013). Urban growth boundaries
(UGBs) have been a common tool used by planners to control urban
development in open spaces, protect superior rural areas that make
signiﬁcant contributions to the urban environment from development,
and promote eﬃciency in urban management, especially where there is
residential development in established and planned suburban areas
(Gennaio, Hersperger, & Burgi, 2009). Moreover, this planning tool is
also important for increasing the density of urban services and reducing
urban infrastructure costs (Tayyebi, Perry, & Tayyebi, 2014). A recent

study was carried out by Long, Han, Tu, and Shu (2015) regarding
planner designed UGBs, and they reported that UGBs were eﬀective in
containing human mobility and activity. In addition, the control function of UGBs increases over time during urban development, and the
eﬀect of UGBs is clearly stronger in exurban areas than in central urban
(Long, Gu, & Han, 2012). Therefore, the UGBs will play an increasingly
important role in the future of new urban land management.
UGBs are most often established in high growth areas such as metropolitan areas. The earliest UGB can be traced back to the green belt
in London in the 1930s (Nelson & Moore, 1993). In recent decades,
UGBs were ﬁrst adopted widely in the United States
(Hepinstallcymerman, Coe, & Hutyra, 2011; Jun, 2004) and then, they
were gradually brought into other countries such as China (Han, Lai,
Dang, Tan, & Wu, 2009), India (Venkataraman, 2013), Canada (Gordon
& Vipond, 2005), Albania (Carter, 1992), Australia (Coiacetto, 2007),
Switzerland (Gennaio et al., 2009), etc. To date, UGBs are being used by
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both scales, these eﬀects are inﬂuenced by the development policies of
a region (Gao, Wei, Chen, & Chen, 2014), and the urban area dynamics
are largely determined by forces that are exogenous to land allocation.
Therefore, the inﬂuence of regional planning on both scales should be
considered by coupling the “bottom-up” CA model with a ‘top-down’
approach (Verburg, van de Steeg, Veldkamp, & Willemen, 2009; Xiang
& Clarke, 2016). However, there are no previous studies that attempted
to build a UGB model by integrating both the macro urban demand and
local dynamics.
Additionally, the ways in which diﬀerent planning policies inﬂuence the spatial patterns of urban areas and future UGBs under various
scenarios is of great importance for decision makers to assess the outcome and impact of diﬀerent policies (Chen, Li, Liu, & Ai, 2014). For
example, Long et al. (2012) incorporated urban planning to simulate a
planning-strengthened scenario in Beijing to help illustrate the impact
of urban planning on urban expansion. In addition, considering planning factors in the urban simulation can be employed by decision makers in the early stages of policy making; this operation provides an
inexpensive and eﬀective way for planners to obtain helpful information about the inﬂuences of diﬀerent development policies or planning
scenarios on urban development, which may prevent poor urban designs (Clarke, 2014). With this information, planners can better adjust
the direction of urban development by modifying corresponding planning factors and planning policies, as well as delineating more appropriate UGBs. Most of the previous research only attempted to build
UGBs under a single scenario, in speciﬁc time nodes or by a set of model
parameters (Ma et al., 2017; Tayyebi et al., 2014; Inkoom, Nyarko, &
Antwi, 2017). However, a very limited number of studies have tried to
establish UGBs for large-scale and fast-developing areas under various
planning scenarios. Another challenge in delineating UGBs is that some
cities with amazing development speed show fractal characteristics in
urban land forms, spatial form and landscape organization (Yuan,
2005). An example of this is the Pearl River Delta area in China. This
results in UGBs in these areas potentially comprising numerous polygons and even showing a dispersed form. When delimiting the UGBs,
polygons with low compactness and a small area should be eliminated,
as they are not feasible for urban development. This indicates that the
results of the simulation model cannot be directly used as ﬁnal UGBs.
Previous studies established UGBs based on CA simulation, which was
mainly through manual modiﬁcation (Long et al., 2013). Such modiﬁcation is quite subjective and inconvenient to use. The eﬀective establishment of UGBs from the CA model simulation results remains
unresolved for practical problems.
In this paper, a novel UGB delineation framework is presented, in
which UGB-FLUS is proposed to tackle these problems. This framework
is implement by two steps: 1) urban growth simulation with a future
land use simulation (FLUS) model and 2) delineating UGBs based on the
simulated urban growth. The FLUS model is a CA-based method that is
integrated with a top-down approach to solve UGBs problems. This
FLUS model has been proven eﬀective for projecting complex land use
changes under various design scenarios (Liu, Liang, Li, & Xu, 2017). By
using this FLUS model, the visions of planners can be embedded as the
constraints or drivers for creating UGBs. In the second step, we proposed a component based on the theory of erosion and dilation to improve the eﬀects of generating plausible UGBs from the simulation results, because traditional methods cannot eﬀectively remove the small
and dispersed urban patches. This method is used to merge and connect
the cluster of urban blocks into one large area and simultaneously
eliminate the small and isolated urban patches. The application of this
proposed framework is carried out in the Pearl River Delta (PRD),
which is one of the fastest growing regions in China.

an increasing number of local governments in various countries around
the world to direct urban growth (Ma, Li, & Cai, 2017). As UGBs attract
an increasing amount of attention, there are also a growing number of
requirements to develop eﬃcient and feasible techniques to deﬁne
those boundaries for diﬀerent applications. However, many UGBs are
delineated by conventional methods that are only based on the personal
experience of planners, which may lead to the lack of an adequate
scientiﬁc basis and quantitative support (Long et al., 2013). Land use
suitability evaluation models used to evaluate UGBs based on a series of
spatial factors, e.g., topography and traﬃc conditions (Cerreta & Toro,
2012) have also been widely used in previous studies (Bhatta, 2009).
Although easy to implement, these methods ignore the urban landscape
characteristics, which will have negative eﬀects for establishing elaborate urban boundaries (Cao, Huang, Wang, & Lin, 2012; Ma et al.,
2017). Moreover, many geographic factors that drive urban change
operate across diﬀerent spatial and temporal scales in a very complex
way (Tayyebi, Pijanowski, & Pekin, 2011; Tayyebi, Pijanowski, &
Tayyebi, 2011). Suitability evaluation models commonly fail to reﬂect
these relationships and interactions, which may result in UGBs failing
to realistically accommodate future urban expansion (Tayyebi,
Pijanowski, & Pekin, 2011; Tayyebi, Pijanowski, & Tayyebi, 2011).
To overcome the disadvantages of the abovementioned studies,
many researchers have established UGBs by adopting the cellular automaton (CA) model. The CA model diﬀers from previous models
(manual method and suitability evaluation model) in its ability to represent spatial interactions implemented in the immediate neighborhood or the hierarchical structure of the neighborhood (Li et al.,
2017a). CA can simulate the dynamics of urban growth at the landscape
level (Verburg & Overmars, 2009). Through iterations and updates, CA
can eﬃciently incorporate the interactions between urban growth and
its corresponding geographic driving factors (Clarke & Gaydos, 1998).
Thus, by using the CA model, UGBs can be generated from the simulation results in these studies. For example, Tayyebi, Pijanowski, &
Pekin, 2011; Tayyebi, Pijanowski, & Tayyebi, 2011 proposed two rulebased CA models for the Tehran metropolitan area, which can directly
predict the size and shape of urban boundaries. Long et al. (2012) delimited UGBs for the Beijing region using a constrained CA and compared the results to those established in the city master plan. The results
show that CA is a helpful planning tool for the establishment of UGBs.
Some of the researchers have tried to combine CA with intelligent algorithms such as logistic regression (Hu & Lo, 2007), artiﬁcial neural
networks (Tayyebi, Pijanowski, & Pekin, 2011; Tayyebi, Pijanowski, &
Tayyebi, 2011), particle swarm optimization (Feng, Liu, Tong, Liu, &
Deng, 2011), and ant colony optimization algorithms (Ma et al., 2017).
In addition, a recent study also proposed CA models based on partial
least squares (PLS-CA) regression or generalized pattern search (GPSCA) which can better explain the dependent variables and reduce simulation uncertainties. These CA models also have great potential to
improve the CA-based UGB delineating method (Feng, 2017; Feng, Liu,
Chen, & Liu, 2016). In summary, the use of these intelligence algorithms allows CA models to simulate the local interaction between land
use patterns and various driving factors (Li & Yeh, 2002; Lin, Chu, Wu,
& Verburg, 2011; Liu, Xia, Shi, Zhang, & Chen, 2010).
CA-based UGB models have made superior progress compared to
previous UGB methods. However, the spatial patterns of urban expansion are signiﬁcantly aﬀected by regional planning on both regional and
local scales (Lu, Wu, Shen, & Wang, 2013; Tian & Shen, 2011). Most of
the previous UGB models only focused on the local “bottom-up” eﬀect
of the CA model but ignored the “top-down” eﬀect at the regional scale.
The large-scale inﬂuences usually refer to the future demand for economic development and population increase that determine the future
amount of urban land in a region (Verburg & Overmars, 2009). The
local eﬀects are indicative of interactions and feedback between land
use patterns and multiple spatial driving forces, which include the road
network, geographical locations, terrain conditions, etc. (van Asselen &
Verburg, 2013; Verburg, 2006; Verburg, Ellis, & Letourneau, 2011). On

2. Methods
The UGB-FLUS framework involves several techniques. First, a
spatial simulation model based on the theory of cellular automaton
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Landscape and Urban Planning 177 (2018) 47–63

X. Liang et al.

and non-urban land.
We chose to base FLUS on an ANN (artiﬁcial neural network) because the ANN algorithm was proven to be an eﬀective way to map the
complex, nonlinear relationship between historical land use and various
ancillary data sources, and it is stronger than other simple methods
such as the logistic regression (Lin et al., 2011; Zhang, Li, Li, Zhao, &
Zhang, 2015). Through the application of the ANN model, the institutional factors, market incentives, road planning, traﬃc site planning,
etc. can be regarded as components for generating a probability-ofoccurrence surface for future urban forms. In addition, the placement of
changes in land use distribution is guided by the value of the probability-of-occurrence surface on each pixel. In this study, the ANN
model will be trained with the current driving forces, and then, the
future traﬃc networks (including the planning traﬃc network) are
considered by replacing the current traﬃc networks in the prediction
process of the ANN model. A similar operation to address the future
changes in driving factors has been adopted in the CLUE-s series model
(Verburg et al., 2002).
In the second step, the mechanism of self-adaptive inertia and
competition is adopted in the FLUS modeling process. This can enhance
the model’s ability to simulate randomness and uncertainty in land use
change and strengthen the connection between “top-down” eﬀects from
land use demands and “bottom-up” inﬂuences from local scale competition. In this mechanism, we deﬁne a self-adaptive inertia coeﬃcient
to auto-adjust the inheritance of the urban land on each grid cell, which
is according to the diﬀerences between future urban areas and current
urban areas (iteratively changed). This coeﬃcient is deﬁned as follows:

(CA)—the FLUS model (Liu et al., 2017)—is used to project the spatial
distribution changes in urban land use for the PRD region. This model
has been successfully tested in the simulation of land use and land cover
change in China (Liu et al., 2017), as well as on the global scale (Li
et al., 2017b). In this study, we further modify the FLUS model so that it
can be suitable for UGB delineation. The improvement includes the use
of morphological erosion and dilation to generate plausible UGBs.
2.1. The FLUS model
As a CA-based model, the FLUS model can represent spatial interactions that are implemented in the neighborhood and adequately incorporate the feedback between system elements through iterations and
updates, as does the traditional CA. However, the conversion rules of
the CA model can be very complex in urban simulations under the inﬂuence of various driving factors, both at the large and local scales.
Thus, we implement three steps in the FLUS model to handle such
complexity: 1) a “top-down” land use demand model using system
dynamics (SD); 2) a “bottom-up” spatial modeling component using
cellular automaton (CA); and 3) an integration mechanism to interactively couple the above two steps. The large-scale information from
the SD module is used to constrain the spatial modeling at each time
interval.
2.1.1. Land use demand projection using system dynamics (SD)
The SD model is characterized by its ability to simulate and analyze
the behavior of complex systems through feedback loops between different modules and variables. The land use system is complex and is
inﬂuenced by many anthropogenic and biophysical driving forces.
Thus, the interactions between the physical components, socioeconomic change, and managerial policies to create future urban
growth can be understood by establishing an urban growth SD model
(Liu, Ou, Li, & Ai, 2013). Currently, the SD model is widely applied for
exploring the inﬂuence of policy making on urban growth.
In this study, an SD model is developed to project the future demands of urban growth under diﬀerent scenarios by taking a series of
factors (e.g., population, macroeconomic drivers and technological
progress) into account that are associated with urban growth. The
feedback and interactions between diﬀerent elements of the SD model
can be deﬁned by empirical formulas or tables that are ﬁtted with the
statistical data in this study (Liu et al., 2013). Data for building the
inside empirical formulas of the SD model are from statistical yearbooks
from the study region in recent years. The material and information
ﬂow of the developed SD model are presented in Fig. 1.
Three tightly coupled sub-modules consist of the urban growth SD
model, the population module, the economy module and the land use
module. In this model, the population, GDP (gross domestic product)
and technical progress act as the three most essential indicators that
directly or potentially aﬀect the change in industry and service investments, and they will ultimately aﬀect the amount of urban areas
soon. In the land use sub-model, urban land is assumed to be composed
of three parts: residential, industrial, and commercial land. Each subcategory of urban land is separately linked to the population module or
economic module. The structure of the proposed SD model can help
decision makers understand how the physical processes, information
ﬂow, and planning policies interact to create the dynamics of urban
growth.

t−1

⎧ Inertialk
⎪
t−1
⎪
Inertiakt = Inertialk ×
⎨
⎪ Inertial t − 1 ×
k
⎪
⎩

Dkt− 2
Dkt− 1
Dkt− 1
Dkt− 2

if

|Dkt− 1 | ⩽ |Dkt− 2 |

if

0 > Dkt− 2 > Dkt− 1

if

Dkt− 1 > Dkt− 2 > 0

(1)

where k is a value of 1 or 2, which means that only two land uses (urban
land and non-urban land) are considered in the simulation. Inertiakt
represents the inertia coeﬃcient for land use type k at iteration time t.
The Dkt− 1 represents the diﬀerence between land use demand and allocated area at time t − 1. because the inertia coeﬃcient is only deﬁned
for the land use type occupying the grid cell, if the potential land use
type k is not the same as the current land use type c, the inertia coefﬁcient of land use k will be deﬁned as 1 and will have no eﬀect on the
total probability of land use type k for this grid cell.
Through these two steps, the combined probability of all land use
types at each speciﬁc grid cell can be estimated with the following
equation:

TPit,k = Pi,k × Ωti,k × Inertiakt × conc → k
where TPit,k

(2)

is the combined probability of grid cell i for conversion from
the original land use into the target k at iteration time t (only non-urban
land can be converted to urban land in this study); Pi,k denotes the
probability-of-occurrence of land use type k on grid cell I, which was
generated by the ANN algorithm; Ωti,k denotes the neighborhood eﬀect
of land use type k on grid cell i at time t; and conc → k is a transition
matrix that deﬁnes the possibility of conversion from the original land
use type c to the target k (1 denotes possible conversion and 0 denotes
impossible conversion).
A roulette selection mechanism is developed to establish the competition between diﬀerent land uses after estimating the combined
probability. In this study, the comparison is between urban land and
non-urban land. Through a roulette selection, a land use category with a
higher value of combined probability is more likely to change, but those
with relatively lower values still have a chance to convert. Thus, the
diversity, uncertainty, and complexity of land use change is reﬂected.
This mechanism is important for simulating the leapfrog growth of
urban land that may appear in urban development (Chen, Li, Liu, Ai, &

2.1.2. Urban growth allocation using cellular automaton (CA)
A modiﬁed CA model that is quite diﬀerent from the traditional CA
is implemented to explicitly simulate the long term spatial trajectories
of urban growth (Fig. 2). The CA allocation method is implemented in
two steps: 1) an artiﬁcial neural network is used to train and estimate
the probability-of-occurrence surfaces for urban land on a speciﬁc grid
cell, and 2) an elaborate self-adaptive inertia and competition mechanism addresses the competition and interaction among urban land
49
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Fig. 1. The interactions between diﬀerent factors in the system dynamics.

closing operation is a dilation step followed by an erosion step. The
general structure of the UGB delineation method is illustrated in Fig. 4.

Li, 2016). In addition, to model the driving eﬀects of planning urban
areas (e.g., priority development region or urban area in the master
plan), random planted seeds (Chen et al., 2014, 2016; Clarke & Gaydos,
1998), which is based on probability-of-occurrence (Chen et al., 2014,
2016) are sent to the future urban areas, and thus, the new urban land is
more likely to spread out from the seeds in planning urban areas. The
schematic diagram of the spatial allocation of the FLUS model is shown
in Fig. 2.

2.2.1. The dilation and erosion
The morphology-based dilation and erosion has a strong mathematical basis in set theory. The dilation of a set of points X by a
structuring element B is deﬁned (Narayanan, 2006) as follows.

X⊕ B= X+ b= { x+ b: ( x∈ X)&(b ∈ B )}

2.1.3. Integration of the SD model with the CA model
In the FLUS model, two primary modules are tightly integrated to
facilitate the simulation of urban growth (Fig. 3). To exclude such integration, the FLUS model divides the simulation period into many
intervals (e.g., each interval lasts for one year). The future land use
demand comes from the SD model in the current interval that is used to
guide the CA model simulation until the urban growth meets the current demand. Then, the simulated land use pattern from the previous
time node, together with the driving factors in the new stage, are used
to project the land use change in the next interval under the guidance of
land use demand. This reciprocal interaction continues throughout the
simulation period and generates the ﬁnal spatial characteristics of urbanization. The tight coupling between the SD and CA models helps the
FLUS model to be more eﬀective in projecting the cross-scale dynamics,
as well as more reliable in simulating long term land use change (Liu
et al., 2017).

(3)

Erosion is the dual of dilation. The erosion of a set of points X by a
structuring element B is deﬁned as follows.

X⊖ B= X− b= {z: ( B+ z) ⊆ X}

(4)

where X is the binary simulation that only includes urban and nonurban land. The structuring element B is an n × n (n is an odd number)
sliding window, but the four pixels at the corners of the square are not
included (Fig. 4). This structuring element shape makes the boundaries
of dilation or erosion less rectangular and closer to the approximate
border lines of urban blocks. The origin of the structuring element
moves through the urban pixels during the erosion process. If not all
pixels in the structuring element are urban pixels, the urban pixels at
the origin of the structuring element will be removed during the erosion
process. In contrast, the dilation process turns all the non-urban pixels
in the structuring element into urban pixels when the origin of the
structuring element moves around the urban pixels.
Erosion can remove the small and dispersed urban patches with low
compactness because a very small urban patch is not feasible for designating UGBs. In addition, dilation can bridge the gaps and connect the
clusters of urban blocks that are suitable for incorporation into UGBs.

2.2. Delineating the UGBs based on the simulation results
This article establishes UGBs from the simulation results of the FLUS
model by applying the combination of two very common morphology
operators, dilation and erosion. It is a novel method that applies a
closing operation followed by an opening operation based on dilation
and erosion and has been proposed for UGB delineation. An erosion
followed by a dilation constructs an opening operation. In contrast, a

2.2.2. Opening and closing
However, the delineation of UGBs should meet the above two requirements (delete isolated patches and ﬁll gaps between urban clusters). Therefore, we need to use the dilation and erosion methods in
50
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Fig. 2. The schematic framework of the cellular automaton (CA) local allocation.

Because opening and closing have their speciﬁc functions mentioned above, this study ﬁrst applied the closing operation to connect
the adjacent urban blocks, and then, the opening is used to delete the
isolated small urban parcels that are not appropriate for delineation
into UGBs. In theory, the combination of opening and closing can ensure the ﬁnal UGB area will not heavily deviate from the planning
target.

combination. The application of an erosion followed by a dilation using
the same structuring element is referred to as an opening operation. The
erosion step in an opening will remove isolated urban patches, as well
as the boundaries of urban blocks, and the dilation step will restore
most of the boundary pixels without restoring the noise. Opening tends
to “open” small gaps or spaces between objects touching in an image.
Opening is deﬁned by the following equation:

X∘ B= (X⊖B)⊕B

(5)

3. Study area and data sources

Closing is similar to opening except that the dilation is ﬁrst performed, which is followed by the erosion using the same structuring
element. A closing is more eﬀective at ﬁlling small gaps in an image and
“closing” them. Closing is deﬁned by the following equation:

X· B= (X⊕B) ⊖B

3.1. Study area
The PRD region is in southern China and encompasses an area of
54,000 km2; it is widely recognized as one of the most developed regions in China (Fig. 5). Since the implementation of reform and opening
in recent decades, the PRD region has successfully developed into an
economic, cultural and traﬃc center for south China. At the same time,
the PRD has experienced rapid urbanization with the fast growth of
GDP and population. Thereby, this raises a series of land use problems
such as the permanent loss of agricultural land (Yeh & Li, 1997a,b),

(6)

The opening operation tends to shrink the urban pixels, because the
substance of the opening is the intersection between X and B. Instead,
the closing operation creates the union of X and B, and thus, this expands the number of urban pixels. Both operations can smooth object
boundaries in an image.
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Fig. 3. Interactive coupling mechanism of the SD and CA models.

Fig. 4. Flow diagram of the morphological method based on erosion and dilation.
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Fig. 5. The Pearl River Delta region as the study area for creating UGBs using the FLUS model.

planning policies; these scenarios and spatial policies are very typical
and commonly used in regional planning in other areas (Al-Ahmadi,
Heppenstall, Hogg, & See, 2009). All spatial planning policies are
shown in Fig. 6.
According to the diﬀerent inﬂuences of various spatial forces on
corresponding scenarios, the six scenarios are named as follows: (i) the
Baseline Scenario; (ii) the Economic Zoning Development Scenario; (iii)
the High-speed Railway Station-centered Development Scenario; (iv)
the Master Plan Scenario; (v) the Sustainable Urban Development
Scenario; and (vi) the Excessive Urban Growth Scenario. These scenarios are described in detail below.

unreasonable urban sprawl (Yeh & Li, 1997b), and related environmental issues (Yeh & Li, 1998). Soon, the PRD region is most likely to
maintain a medium-high-speed of development according to the Pearl
River Delta Region Planning (http://www.gdupi.com/prd2014/),
especially in the regions of medium and small cities and towns around
metropolitan areas. In this context, reasonable planning of urban
growth boundaries is necessary to appropriately control urban development in the PRD region.
3.2. Data sources
To analyze the relationship between land use patterns and the
driving factors in the PRD area, 2010 land use patterns and data on
related physical, social, and economic dimensions are considered in the
simulation. A FLUS model was applied in the PRD to account for different urban planning policies. In addition, various driving forces were
considered in the simulation for better reﬂecting the distribution
changes of urban land. These data include DEM, slope, distance to all
levels of roads, distance to town centers, etc, and other drivers for
planning traﬃc or planning constraints (e.g., primary farmland protection areas). All these land use data were converted to a cell size of
100 × 100 m2 with a total of 13,000,932 cells. The data required for
building the FLUS model is listed in Table 1.

1) Baseline Scenario
In the ﬁrst scenario, the future land use pattern of the PRD region
was predicted based on the urban growth rate in recent years without
any land policies to constrain or promote zonal growth. Therefore, it
was referred to as the baseline or default scenario. The implication of
this scenario is that the metropolitan area is growing as a “bottom-up”
system (e.g., self-organizing from the cell or neighborhood scale)
without spatial planning policies to aﬀect the layout of the city.
2) Economic Zoning Development Scenario
The second scenario was similar to the baseline except for population and GDP zoning regulations. Under this scenario, the counties with
the fastest growing economies and populations in recent years were
considered, and they attract more urban growth and minimize urban
sprawl around metropolitan areas. This scenario was used to assess the
urban growth change pattern under the control and guidance of the
policy that gives priority to developing the most potential areas.

4. Implementation and results
4.1. Planning scenarios
One of the purposes of this study is to simulate urban growth under
the designed scenarios that closely link to planning policies in terms of
space and quantity. We developed six scenarios under diﬀerent spatial
53
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Table 1
List of data used in this study.
Category

Data

Year

Data resource

Land use
Socioeconomic data

Land use data
Population
GDP
Airports
Town centers
DEM
Aspect
Slope
National road
Provincial road
Highway
Railway
Urban road network
Planning high-speed railway stations
Planning high-speed railway
Master plan in 2020
Primary farmland
Basic ecological line

2010
2010
2000–2016
2016
2016
2010
2010
2010
2015

CAS (http://www.resdc.cn)
The Census in 2000 and 2010
The Statistic yearbooks from 2000 to 2016
Baidu Map API (http://apistore.baidu.com/)

2016
2030

Open Street Map (http://www.openstreetmap.org/)
Traﬃc plan for Guangdong province (2013–2030)

2020

PRD Master Plan (2014–2020)

Location
Terrain

All levels of roads

Planning data

GDEMDEM (http://www.gscloud.cn/)
Calculated from DEM
Calculated from DEM
PRD Master Plan (2014–2020)

3) High-speed Railway Stations-centered Development Scenario

environment.

China is entering the high-speed railway age with increasing miles
of high-speed rails across the country in recent decades. The PRD region
is one of the most developed areas in respect to building high-speed
railway systems. In a previous study, it was noted that the rapid rise of
the high-speed railway had fast development momentum at a much
earlier stage of urbanization in China (Tang, Savy, & Doulet, 2011), and
the improvement of the high-speed railway network will also promote
the urbanization process and development stage of urban agglomeration (Monzón, Ortega, & López, 2013). According to transportation
planning for the PRD region, between 2013 and 2030, there are more
than 30 new high-speed railway stations and 15 high-speed railways or
intercity rails (more than 1700 km) that will be built across the PRD
region (http://www.gdupi.com/prd2014/). In this scenario, the urban
form is assumed to be largely driven by the inﬂuence of the existing and
planned passenger stations along high-speed railways.

6) Excessive Urban Growth Scenario
This scenario assumed the PRD metropolitan area would attract
more immigrants because of great economic development from 2010 to
2050. The urban development of both the PRD metropolitan area and
the surrounding cities are experiencing rapid growth. This scenario was
used to examine where potential areas of rapid sub-urbanization around
the PRD metropolitan area will occur.
In addition, to generate the future amounts of urban areas under the
six designed scenarios, an SD model (Fig. 1) was built based on the
socioeconomic data for the PRD region from 2000 to 2016 (Table 1)
using Vensim software (http://vensim.com/). The SD model has three
inputs: population growth rate, GDP growth rate and technical progress, and future urban demands under diﬀerent scenarios can be
generated with this model by using diﬀerent combinations of the three
parameters. The values are set according to the planning policies under
the designed scenarios. For example, 1) the Baseline Scenario corresponds to three median values of growth rate, 2) three fast growth rates
are given to the Excessive Urban Growth Scenario and yield the greatest
quantity of urban land, and 3) the lowest population growth rate is
given to the Sustainable Urban Development Scenario to reduce the
environmental stress. This generates a minimum area of urban land
among all scenarios, and fast technical progress contributes to maintaining a medium speed of GDP growth under this scenario.
In addition, other scenarios yield diﬀerent amounts of urban land by
changing the values of one or more parameters under the Baseline
Scenario. For instance, 4) we assume that the GDP growth under the
Economic Zoning Development Scenario is faster than the Baseline
Scenario, because more eﬀorts are being made to develop counties
under this scenario. 5) For the High-Speed Railway Station-centered
Development Scenario, the values of population growth rate and technical progress are greater than the Baseline Scenario because more
technical progress contributes to the fast development of the transportation industry, and a developed transportation industry brings
more population growth. In addition, 6) the development parameters
under the Master Plan Scenario are set according to the macro planning
goal for 2020 that the economy will grow at a high-speed, and population growth will be controlled at a low-level. The planning polices,
scenario parameters and urban demands generated by the SD model for
each scenario are summarized in Table 2.

4) Master Plan Scenario
According to the master plan (2014–2020), urban agglomeration in
the PRD region is going to set out on a path of sustainable and balanced
development. In addition, the urban areas in the region will develop in
a more compact way in the future. With major eﬀorts to develop weak
areas in the PRD region, the population in the metropolitan area is
attracted and scattered by the surrounding fast-developing cities.
Although a detailed urban development plan has been made, the real
development of urban agglomeration will not strictly go with the urban
plan (Long et al., 2012). Therefore, this scenario is aiming to analyze
the future urban form under the inﬂuence and constraint of the master
plan.
5) Sustainable Urban Development Scenario
The rapid growth of urban areas has caused serious environmental
land resource problems, because urban sprawl is usually accompanied
by lots of agricultural land loss and a waste of land resources (Yeh & Li,
1998). To assess how sustainable development measures control and
direct urban growth, we developed a scenario aimed at predicting the
urban form in the PRD region by taking the planning objectives of
building a sustainably developed region into account. In this scenario,
baseline urban growth is applied but with the constraints of environmental policy. Diﬀerent environmental urban policies include prime
farmland protection areas, which are basic ecological lines that were
devised to promote sustainability through harmony with the
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Fig. 6. Spatial planning policies used in this study: (I) the economic development zone, (II) the master plan, (III) the basic ecological line policy, (IV) the prime
farmland protection area, and (V) the planned high-speed railway stations and high-speed railway.

and terminal conditions of the ANN model are self-adaptive during the
training process. In the simulation module, we used the 3 × 3 Moore
neighborhood for the simulation of the FLUS model. The initial inertia
coeﬃcients for the ﬁrst iteration are set to 1 and will self-adaptively
evolve according to Eq. (1) during the CA iteration. All the parameters
are the same for all scenarios. Fig. 7 show the predicted urban shape of
the PRD area under the six diﬀerent scenarios, which are described
below.

4.2. Spatial simulation and results
Based on the six planning scenarios designed for urban development, the FLUS model is implemented in our study area, and the simulation results were generated. There were 10 spatial driving factors
and land use patterns used in 2010 that are listed in Table 1 (except the
planning data and socioeconomic data), and these data were selected to
train the ANN model for the probability-of-occurrence estimate for
urban and non-urban areas. The back-propagation ANN (BP-ANN)
model used in this study is constructed by 10 neurons in the input layer
(corresponding to 10 spatial driving factors), 15 neurons in the hidden
layers, and 2 neurons in the output layer (corresponding to urban and
non-urban areas). A total of 10% of the pixels were randomly selected
as a training dataset across the PRD region. The sampling data is normalized to the range of [0, 1] before training the network. The sigmoid
function is selected as the activation function for output layers to normalize the probability values to the range of [0, 1]. The learning rate

1) Baseline Scenario
The future urban form generated by the baseline growth scenario is
shown in Fig. 7(I). The characteristics of urban growth in this scenario
can be described as a combination of edge-expansion development on
the metropolitan fringe and expansion along the roads surrounding the
cities. This means that the most important factors for urban growth in
this scenario are the attraction of large cities and the major
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Table 2
Values of diﬀerent parameters under various planning scenarios in the Pearl River Delta.
Scenarios
(2010–2050)

Planning policy

Scenario parameters

Growth rate (scenario variables)

Urban Demand (km2) (SD
outputs)

Baseline Scenario

NAN

Population growth
rate
GDP growth rate
Technical progress

4‰–5‰(median)

11,498.83

Population growth
rate
GDP growth rate
Technical progress

4‰–5‰(median)

Population growth
rate
GDP growth rate
Technical progress

> 6‰(fast)

Economic Zoning Development Scenario

High-speed Railway Stations-Centered
Development Scenario

Master Plan Scenario

Sustainable Urban Development Scenario

Economic development zone

High-speed railway stations and Highspeed railway

Master plan in 2020

Prime farmland
Protection area and Basic ecological
line policy
Basic ecological line policy

Excessive Urban Growth Scenario

High-speed railway
Prime farmland
Economic development

7%–16%(median)
0.3%(median)
11,509.42

> 16%(fast)
0.3%(median)
12,231.42

7%–16%(median)
> 0.7%(fast)

Population growth
rate
GDP growth rate
Technical progress

3‰–4‰(slow)

Population growth
rate
GDP growth rate

3‰–4‰(slow)

11,540.09

> 16%(fast)
0.7%(fast)
10,099.89

7%–16% (median)

Technical progress

> 0.7%(fast)

Population growth
rate
GDP growth rate
Technical progress

> 6‰(fast)

13,217.96

> 16% (fast)
> 0.7%(fast)

transportation arteries that link large cities and surrounding towns.
Under such a disorganized condition, the superior non-urban land (including agricultural land, protected areas, and forest land) that is near
metropolitan areas, which is very important for providing ecosystem
functions, are easy to exploit in urban development. The compactness
of the urban form is therefore at the cost of urban sustainability and city
environmental quality. The urban sprawl of the surrounding towns is
disconnected from the metropolitan area and shows fragmented clusters to the north and southwest of the region. Moreover, leapfrog development can also be seen in diﬀerent parts of the developed areas.

stations, and the diminishing trend of urban growth from the metropolitan area to the surrounding area is weaker than the Baseline
Scenario. Additionally, the driving eﬀect of high-speed railways on
urban growth in the east PRD (e.g., Huizhou) is larger than the western
region (e.g., Jiangmen). This is because the city of Huizhou has a better
economic foundation and is closer to Guangzhou and Shenzhen, which
are the most developed areas in the PRD region. This means that
Huizhou will have more development opportunities than Jiangmen
under such a development pattern. It also demonstrates that the impact
of high-speed railways on regional urban growth is not homogeneous.

2) Economic Zoning Development Scenario

4) Master Plan Scenario

This scenario examines the impact of a policy that gives priority to
the fast-developing counties with the most potential to absorb the future population and GDP growth in the PRD region (Fig. 7(II)). The
urban land can grow faster in these counties than the major urban
areas. The process of decentralization dominated urban development
during the simulation period, and therefore, this provides new opportunities for the surrounding small and medium-sized cities. Compared
to the Baseline Scenario that expanded around the metropolitan area of
the PRD region, the urban development of this scenario is more compact and concentrated around the new development centers. The development pattern of this scenario can reduce the pressure of the population in metropolitan areas, as well as beneﬁt the narrowing
economic diﬀerences between developed and developing areas.

Fig. 7(IV) shows the results of experiments with the new planned
urban area including the policies that follow the master plan from 2014
to 2020. Thus, the urban shape exported by the FLUS model will be
similar to the urban planning form in the master plan, but because there
are no other spatial policies to constrain the urban expansion, the real
urban area will not be completely developed within the region delimited by the master plan. Similar to the Baseline Scenario, signiﬁcant
urban growth is found at the north, west and southwestern fringes of
Guangzhou and Foshan (the developed areas in the PRD) under this
scenario, which indicates that urban expansion around Guangzhou and
Foshan is the overall trend of future development in the PRD region.
However, under the management of the master plan, urban sprawl
along major transportation paths is eﬃciently restrained, and the shape
of the new urban area is more compact and regular, especially in the
developing area (Zhaoqing, Jiangmen) of this region.

3) High-speed Railway Station-centered Development Scenario

5) Sustainable Urban Development Scenario

Fig. 7(III) shows the results for this scenario by taking the distance
to planned high-speed railways and high-speed railway stations into
account in the ANN prediction process (as shown in Fig. 2). This scenario is characterized by showing edge-expansion in predicting urban
growth, which is similar to the Baseline Scenario. However, because of
the inﬂuence of the future high-speed railway and stations, the new
urban land is more likely to occur near the planned high-speed railway

The urban growth under a sustainable development policy is under
restrictions of the primary farmland policy and the basic ecological line
policy (Fig. 7(V)). The urban pattern area in this scenario shows restrained growth in the metropolitan area. The stringent environmental
protection measures not only limit the amount of future urban areas,
56

Landscape and Urban Planning 177 (2018) 47–63

X. Liang et al.

Fig. 7. Simulated urban development of PRD areas under (I) the Baseline Scenario, (II) the Economic Zoning Development Scenario, (III) the High-speed Railway
Station-centered Development Scenario, (IV) the Master Plan Scenario, (V) the Sustainable Urban Development Scenario and (VI) the Excessive Urban Growth
Scenario.

population (Fig. 7(VI)). Urban growth under this scenario is divided
into two development stages. The ﬁrst stage is from 2010 to 2030; this
stage is similar to the Baseline Scenario but with more rapid GDP and
population growth, which thus results in a relatively high urban growth
rate. The second stage is from 2030 to 2050 and has a development
strategy similar to the Economic Zoning Development Scenario, in
which the cities around the metropolitan area with high economic
potential and high-speed railway stations are given priority for development. Therefore, this scenario has the characteristics of both the
Baseline Scenario and the Economic Zoning Development Scenario.
This scenario was able to examine where potential areas of rapid urbanization occur in the PRD area.

which results in the least amount of urban area for these scenarios, but
they also guide the direction of urban development. The new urban
areas are absorbed into the western part (Huizhou) and eastern part
(Jiangmen) of the PRD region, which is diﬀerent from the previous
scenarios where urban growth occurred near the edges of metropolitan
areas (mostly around Guangzhou and Foshan).
6) Excessive Urban Growth Scenario
This scenario aims to estimate the potential areas for development if
further excessive urban growth occurs but under a primary farmland
policy, which is to keep enough cultivated land to feed the increasing
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Fig. 8. The UGBs for the PRD region under the six planning scenarios: (i) the Baseline Scenario; (ii) the Economic Zoning Development Scenario; (iii) the High-Speed
Railway Station-centered Development Scenario; (iv) the Master Plan Scenario; (v) the Sustainable Urban Development Scenario and (vi) the Excessive Urban Growth
Scenario.

transforms the simulation results of the CA model into available UGBs
for regions of fast development. The proposed method remains the
spatial distribution characteristics of the simulation patterns under
various scenarios (as shown in Fig. 8), which are important for decision
makers when creating appropriate policies for regional plans in city
agglomerations and individual cities.
Fig. 9 shows an example of the delineated UGBs for six locations
within the PRD region under the six planning scenarios. These examples
give a good indication of how the new UGB delineation method is based
on erosion and dilation performs. Fig. 9(a) and (d) show that the UGBs

4.3. Establishing UGBs
The UGBs of the PRD region are established according to the simulations of the FLUS model in the present study through the morphological method described in this section, which is shown in Fig. 8.
The size of the slide windows for the structuring elements of erosion
and dilation are set to 7 × 7 in this study. The generated UGBs in raster
format are converted to vector format with GIS software, and the small
UGB patches that are less than 5 square kilometers are removed.
These results show that the UGB delimiting method successfully
58

Landscape and Urban Planning 177 (2018) 47–63

X. Liang et al.

Fig. 9. UGBs for six areas for 2050 and 2015 for diﬀerent scenarios: (a) area under the Baseline Scenario; (b) area under the Economic Zoning Development
under the High-Speed Railway Station-centered Development Scenario; (d) area
under the Master Plan Scenario; (v) area
under the
Scenario; (c) area
Sustainable Urban Development Scenario and (vi) area under the Excessive Urban Growth Scenario.

in most cities, the area of delineated UGBs tends to be larger than the
original simulated urban areas, especially in developed region such as
Guangzhou, Foshan, Shenzhen and Dongguan. In this region, the urban
form is compact, and this delineated method tends to enclose the simulated urban form.
However, the Sustainable Urban Development Scenario tends to be
contrary to other scenarios because this scenario generates many dispersive and small urban patches, which may be eliminated by the
morphological erosion and dilation method. For example, in most scenarios in Zhaoqing, which is an area with a relatively low economic
foundation, the UGB area is larger than the simulated urban areas.
However, under the sustainable development scenario, the simulated
urban areas are much larger than the UGBs. To summarize, this method
tends to generate larger UGBs in developed areas that have a compact
urban form, and smaller UGBs are delineated in developing areas that
have a disperse urban pattern. Table 3 shows the area comparison

generated by this method can well encase not only the large urban areas
but also the irregular and angular urban blocks. In addition, the nonurban land surrounded by urban areas includes many superior rural
areas and small woodlands that are beneﬁcial for adjusting the urban
ecological environment and contributing to a better quality of life for
city inhabitants. These areas can be identiﬁed and preserved by the
UGBs delineated by the proposed method (Fig. 9(b) and (e)). Moreover,
the UGBs in Fig. 9(c) and (f) indicate that this method can delete the
small and dispersed urban patches that have low compactness, and
eﬀectively integrate the cluster of urban patches into a large area deﬁned by UGBs.

4.4. Area statistics and analysis
Fig. 10 shows a comparison of the simulated UGBs with the simulated urban areas. The common feature of the designed scenarios is that
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Fig. 10. Simulated urban area and UGB area of each city in the PRD region (area unit: km2).

proposed method will not heavily change the planned urban demand
(planning objective) of a region under most scenarios. However, the
biggest diﬀerence occurs under the Economic Zoning Development
Scenario because this scenario (Table 3) creates many aggregated urban
clusters, which are merged into a large UGB block by the UGB delineated method and results in a relatively larger diﬀerence.

Table 3
Area comparison between delineated UGBs and simulated urban areas in PRD
region.
Scenario

2050 UGB area

2050 urban
area

Percentage
diﬀerence

Baseline Scenario
Economic Zoning
Development Scenario
High-speed Railway
Stations-Centered
Development Scenario
Master Plan Scenario
Sustainable Urban
Development Scenario
Excessive Urban Growth
Scenario

11475.45
12495.22

11498.83
11509.42

−0.20%
+8.57%

12540.61

12231.42

+2.53%

11765.35
10060.42

11540.09
10099.89

+2.0%
−0.40%

138019.52

132217.96

+4.39%

4.5. Comparing simulated UGBs with planned UGBs
The UGBs simulated by the FLUS model are validated with the
planner designed UGBs. We used the master plans as the planners’ UGBs
because the new PRD region still does not have oﬃcial UGBs, and the
master plan can guide the urban growth as UGBs do, to a certain extent
(Long et al., 2012; Lu et al., 2013; Tian & Shen, 2011). The UGBs under
the Baseline Scenario and Master Plan Scenario are selected for comparison with the planner designed scenarios. We used the simulated
UGBs in 2030 for both scenarios, because the predicted urban area is
the nearest to the urban area deﬁned by master planning. To better
reﬂect the subtle urban spatial structure, we employed 3 × 3

between delineated UGBs and simulated urban areas in the PRD region.
The UGB area of the cities in the PRD in most scenarios are similar to
the simulated urban areas in the whole region, which proves that the
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Fig. 11. Simulated UGBs under the two scenarios in contrast with the planned UGBs.

preferences.

structuring elements of erosion and dilation to generate the simulated
UGB. Fig. 11 shows a comparison of the planners’ UGBs and the simulated UGBs under the two chosen scenarios.
There are signiﬁcant diﬀerences between the two scenarios of simulated UGBs (Fig. 11a1 and a2, b1 and b2). Although without the
inﬂuences of planning policies, the simulated UGBs under the Baseline
Scenario still have the same development trend as the planners’ UGBs
(Fig. 11a1). Compared to the UGBs from the Baseline Scenario, the
UGBs under the Master Plan Scenario are closer to the planner designed
UGBs (Fig. 11a2 and c2). However, diﬀerences still exist; for example,
some areas delineated by planner’s UGBs are unable to be developed as
urban areas during the simulation period under the inﬂuences of the
master plan (Fig. 11a2) because the urban probability-of-occurrence is
too low to generate a new urban area in this region. This demonstrates
that the UGBs delineated by the proposed method can be used to
identify the high development potential areas and the regions with
relatively low development potential inside the planner’s UGBs. In
addition, both simulated UGBs can supplement the planners’ UGBs
because they delineate the potential development region out of the
planner’s UGBs (Fig. 11b1 and b2). The simulated UGBs under the two
scenarios are very similar in the core area of the PRD region (e.g.,
Shenzhen, Fig. 11c), which has a greater amount of urbanization. In
general, the proposed method serves as an eﬀective support tool for
assisting planners to establish UGBs by considering various spatial

5. Conclusions
In this study, a UGB-FLUS method is proposed to support the
planning process in a complex, urbanized region such as the PRD,
which is composed of a CA-based FLUS model and a morphological
UGB delineation technique. A case study in the PRD area was developed
to demonstrate how urban patterns under diﬀerent scenarios can be
generated using this method.
This model successfully creates diﬀerent urban forms under different planning policies such as the “High-speed Railway Station-centered Development Scenario”, the “Master Plan Scenario”, the
“Sustainable Urban Development Scenario” growth patterns, etc. that
have their respective characteristics, which are quite diﬀerent from
each other. This study indicates that the FLUS model can provide useful
knowledge for understanding urban development processes, as well as
assisting land use planning by incorporating objectives in the simulation. This enables planners and managers to assess the future outcome
of current planning policies for large regions, as well as investment
choices before they are put into action.
While most CA-based UGB models are not designed to eﬃciently
establish the edges of the urban area from the CA simulations, one of
the objectives of this paper was to develop a method for determining
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the future urban boundary location based on simulation results instead
of artiﬁcial modiﬁcation. Thus, in the UGB-FLUS method, a morphological method based on erosion and dilation, in which a closing operation is ﬁrst applied and is then followed by an opening operation, is
proposed for handling the binary simulation results. Within this
method, the closing process is ﬁrst used to ﬁll gaps between urban
blocks, and then, these gaps are “closed”. The opening process removes
the dispersive and small construction land patches around cities that
are not suitable for delineation into UGBs. The combination of closing
and opening makes the UGBs more compact and smooth. It remains the
spatial distribution characteristics of the simulation results under different scenarios that determine the UGBs where future urban areas are
most probable to occur under the corresponding scenarios.
In summary, the proposed UGB-FLUS method can be used to pinpoint speciﬁc locations where it is appropriate to delineate UGBs under
diﬀerent planning policies, which is very useful for rapid urban growth
areas, particularly in urban agglomerations with complex urban
boundaries like the PRD region. Moreover, this UGB method can provide vital information for regional planning because the risk to social
development and environmental quality is quite diﬀerent under various
planning policies. The delineation of the UGB for the PRD area based on
the FLUS-UGB model provides a new and easily understood way of
deﬁning where urban growth will be encouraged or not permitted. This
study shows that the FLUS and UGB-FLUS software (available for
download at http://www.geosimulation.cn/ﬂus.html) can conveniently
explore the possible patterns of future urban changes or multiple land
use changes under the inﬂuence of diﬀerent human and natural eﬀects
and under diﬀerent planning policies.

Gao, J., Wei, Y. D., Chen, W., & Chen, J. (2014). Economic transition and urban land
expansion in Provincial China. Habitat International, 44, 461–473.
Gennaio, M., Hersperger, A. M., & Burgi, M. (2009). Containing urban
sprawl—Evaluating eﬀectiveness of urban growth boundaries set by the Swiss Land
Use Plan. Land Use Policy, 26(2), 224–232.
Gordon, D., & Vipond, S. (2005). Gross density and new urbanism. Journal of the American
Planning Association, 71.
Han, H., Lai, S., Dang, A., Tan, Z., & Wu, C. (2009). Eﬀectiveness of urban construction
boundaries in Beijing: An assessment. Journal of Zhejiang University Science, 10(9),
1285–1295.
Hashem, N., & Balakrishnan, P. (2015). Change analysis of land use/land cover and
modelling urban growth in Greater Doha, Qatar. Geographic Information Sciences,
21(3), 233–247.
Hepinstallcymerman, J., Coe, S., & Hutyra, L. R. (2011). Urban growth patterns and
growth management boundaries in the Central Puget Sound, Washington,
1986–2007. Urban Ecosystems, 16(1), 109–129.
Hu, Z., & Lo, C. (2007). Modeling urban growth in Atlanta using logistic regression.
Computers, Environment and Urban Systems, 31(6), 667–688.
Inkoom, J. N., Nyarko, B. K., & Antwi, K. B. (2017). Explicit modeling of spatial growth
patterns in shama, ghana: An agent-based approach. Journal of Geovisualization &
Spatial Analysis, 1(1–2), 7.
Jun, M. J. (2004). The eﬀects of Portland's urban growth boundary on urban development
patterns and commuting. Urban Studies, 41(7), 1333–1348.
Li, X., Chen, G., Liu, X., Liang, X., Wang, S., Chen, Y., et al. (2017a). A new global land-use
and land-cover change product at a 1-km resolution for 2010 to 2100 based on
human-environment interactions. Annals of the American Association of Geographers,
4452(April), 1–20.
Li, X., Chen, G., Liu, X., Liang, X., Wang, S., Chen, Y., et al. (2017b). A new global landuse and land-cover change product at a 1-km resolution for 2010 to 2100 based on
human-environment interactions. Annals of the American Association of Geographers,
107(5), 1040–1059.
Li, X., & Yeh, A. G. (2002). Neural-network-based cellular automata for simulating
multiple land use changes using GIS. International Journal of Geographical Information
Science, 16(4), 323–343.
Lin, Y., Chu, H., Wu, C., & Verburg, P. H. (2011). Predictive ability of logistic regression,
auto-logistic regression and neural network models in empirical land-use change
modeling – A case study. International Journal of Geographical Information Science,
25(1), 65–87.
Liu, X., Liang, X., Li, X., & Xu, X. (2017). A future land use simulation model (FLUS) for
simulating multiple land use scenarios by coupling human and natural eﬀects.
Landscape and Urban Planning, 168, 94–116.
Liu, X., Ma, L., Li, X., Ai, B., Li, S., & He, Z. (2014). Simulating urban growth by integrating landscape expansion index (LEI) and cellular automata. International
Journal of Geographical Information Science, 28(1), 148–163.
Liu, X., Ou, J., Li, X., & Ai, B. (2013). Combining system dynamics and hybrid particle
swarm optimization for land use allocation. Ecological Modelling, 257, 11–24.
Liu, X. P., Xia, L., Shi, X., Zhang, X. H., & Chen, Y. M. (2010). Simulating land-use dynamics under planning policies by integrating artiﬁcial immune systems with cellular
automata. International Journal of Geographical Information Science, 24(5), 783–802.
Long, Y., Gu, Y., & Han, H. (2012). Spatiotemporal heterogeneity of urban planning
implementation eﬀectiveness: Evidence from ﬁve urban master plans of Beijing.
Landscape and Urban Planning, 108(2–4), 103–111.
Long, Y., Han, H., Lai, S., & Mao, Q. (2013). Urban growth boundaries of the Beijing
Metropolitan Area: Comparison of simulation and artwork. Cities, 31, 337–348.
Long, Y., Han, H., Tu, Y., & Shu, X. (2015). Evaluating the eﬀectiveness of urban growth
boundaries using human mobility and activity records. Cities, 46, 76–84.
Lu, C., Wu, Y., Shen, Q., & Wang, H. (2013). Driving force of urban growth and regional
planning: A case study of China's Guangdong Province. Habitat International, 40,
35–41.
Ma, S., Li, X., & Cai, Y. (2017). Delimiting the urban growth boundaries with a modiﬁed
ant colony optimization model. Computers Environment & Urban Systems, 62, 146–155.
Monzón, A., Ortega, E., & López, E. (2013). Eﬃciency and spatial equity impacts of highspeed rail extensions in urban areas. Cities, 30(30), 18–30.
Narayanan, A. (2006). Fast binary dilation/erosion algorithm using kernel subdivision:
335–342.
Nelson, A. C., & Moore, T. (1993). Assessing urban growth management?: The case of
Portland, Oregon, the USA's largest urban growth boundary. Land Use Policy, 10(10),
293–302.
Tang, S., Savy, M., & Doulet, J. C. C. O. (2011). {High speed rail in China and its potential
impacts on urban and regional development}. Local Economy, 26(5), 409–422.
Tayyebi, A., Perry, P. C., & Tayyebi, A. H. (2014). Predicting the expansion of an urban
boundary using spatial logistic regression and hybrid raster–vector routines with
remote sensing and GIS. International Journal of Geographical Information Science,
28(4), 639–659.
Tayyebi, A., Pijanowski, B. C., & Pekin, B. (2011). Two rule-based Urban Growth
Boundary Models applied to the Tehran Metropolitan Area, Iran. Applied Geography,
31(3), 908–918.
Tayyebi, A., Pijanowski, B. C., & Tayyebi, A. H. (2011). An urban growth boundary model
using neural networks, GIS and radial parameterization: An application to Tehran,
Iran. Landscape and Urban Planning, 100(1–2), 35–44.
Tian, L., & Shen, T. (2011). Evaluation of plan implementation in the transitional China: A
case of Guangzhou city master plan. Cities, 28(1), 11–27.
van Asselen, S., & Verburg, P. H. (2013). Land cover change or land-use intensiﬁcation:
simulating land system change with a global-scale land change model. Global Change
Biology, 19(12), 3648–3667.
Venkataraman, M. (2013). Analyzing urban growth boundary eﬀects in the city of

Acknowledgments
This research was funded by the National Key R&D Program of
China (No. 2017YFA0604404 and 2017YFA0604402), the National
Natural Science Foundation of China (Grant No. 41671398), and the
Key National Natural Science Foundation of China (Grant No.
41531176).
References
Al-Ahmadi, K., Heppenstall, A., Hogg, J., & See, L. (2009). A Fuzzy Cellular Automata
Urban Growth Model (FCAUGM) for the City of Riyadh, Saudi Arabia. Part 2:
Scenario Testing. Applied Spatial Analysis and Policy, 2(2), 85–105.
Bhatta, B. (2009). Modelling of urban growth boundary using geoinformatics.
International Journal of Digital Earth, 2(4), 359–381.
Cao, K., Huang, B., Wang, S., & Lin, H. (2012). Sustainable land use optimization using
Boundary-based Fast Genetic Algorithm. Computers Environment & Urban Systems,
36(3), 257–269.
Carter, F. (1992). The reform of housing in Eastern Europe and the Soviet union by B.
Turner; J. Hegedüs; I. Tosics. Geograﬁska Annaler, 74(2), 147.
Cerreta, M., & Toro, P. D. (2012). Urbanization susceptibility maps: a dynamic spatial
decision support system for sustainable land use. Earth System Dynamics, 3(2),
157–171.
Chen, Y., Li, X., Liu, X., & Ai, B. (2014). Modeling urban land-use dynamics in a fast
developing city using the modiﬁed logistic cellular automaton with a patch-based
simulation strategy. International Journal of Geographical Information Science, 28(2),
234–255.
Chen, Y., Li, X., Liu, X., Ai, B., & Li, S. (2016). Capturing the varying eﬀects of driving
forces over time for the simulation of urban growth by using survival analysis and
cellular automata. Landscape & Urban Planning, 152, 59–71.
Clarke, K. C. (2014). Why simulate cities? Geo Journal, 79(2), 129–136.
Clarke, K. C., & Gaydos, L. J. (1998). Loose-coupling a cellular automaton model and GIS:
long-term urban growth prediction for San Francisco and Washington/Baltimore.
International Journal of Geographical Information Science, 12(7), 699–714.
Coiacetto, E. (2007). Residential Sub-market Targeting by Developers in Brisbane. Urban
Policy and Research, 25(2), 257–274.
Feng, Y. (2017). Modeling dynamic urban land-use change with geographical cellular
automata and generalized pattern search-optimized rules. International Journal of
Geographical Information Systems, 31(6), 1198–1219.
Feng, Y., Liu, M., Chen, L., & Liu, Y. (2016). Simulation of dynamic urban growth with
partial least squares regression-based cellular automata in a GIS. Environment, 5(12),
243.
Feng, Y., Liu, Y., Tong, X., Liu, M., & Deng, S. (2011). Modeling dynamic urban growth
using cellular automata and particle swarm optimization rules. Landscape and Urban
Planning, 102(3), 188–196.

62

Landscape and Urban Planning 177 (2018) 47–63

X. Liang et al.

model. International Journal of Geographical Information Science, 1–24.
Yao, Y., Liu, X., Li, X., Zhang, J., Liang, Z., Mai, K., et al. (2017). Mapping ﬁne-scale
population distributions at the building level by integrating multisource geospatial
big data. International Journal of Geographical Information Science, 31(6), 1220–1244.
Yeh, A. G., & Li, X. (1997a). An integrated remote sensing and GIS approach in the
monitoring and evaluation of rapid urban growth for sustainable development in the
Pearl River Delta. China, 2(2), 193–210.
Yeh, A., & Li, X. (1997). Economic Development and Agricultural Land Loss in the Pearl
River Delta. International Symposium on Marketization of Land and Housing in
Socialist China, organized by Department of Geography, Hong Kong Baptist
University and Centre of Urban Planning and Environmental Management, University
of Hong Kong, 31 October – 1 November.
Yeh, A. G., & Li, X. Y. (1998). Sustainable land development model for rapid growth areas
using GIS. International Journal of Geographical Information Science, 12(2), 169–189.
Yuan, T. (2005). Return to the nature of city: Also on the layout of streets in permeable
city, Urban Problems.
Zhang, X., Li, Y., Li, J., Zhao, K., & Zhang, T. (2015). Proximate control stream assisted
video transcoding for heterogeneous content delivery network, pp. 2552–2555.

Bengaluru. SSRN Electronic Journal, 49(48), 54–61.
Verburg, P. H. (2006). Simulating feedbacks in land use and land cover change models.
Landscape Ecology, 21(8), 1171–1183.
Verburg, P. H., Ellis, E. C., & Letourneau, A. (2011). A global assessment of market accessibility and market inﬂuence for global environmental change studies.
Environmental Research Letters, 6(3), 034019.
Verburg, P. H., & Overmars, K. P. (2009). Combining top-down and bottom-up dynamics
in land use modeling: Exploring the future of abandoned farmlands in Europe with
the Dyna-CLUE model. Landscape Ecology, 24(9), 1167–1181.
Verburg, P. H., Soepboer, W., Veldkamp, A., Limpiada, R., Espaldon, V., & Mastura, S. S.
(2002). Modeling the spatial dynamics of regional land use: the CLUE-S model.
Environmental Management, 30(3), 391–405.
Verburg, P. H., van de Steeg, J., Veldkamp, A., & Willemen, L. (2009). From land cover
change to land function dynamics: A major challenge to improve land characterization. Journal of Environmental Management, 90(3), 1327–1335.
Xiang, W., & Clarke, K. C. (2016). The use of scenarios in land-use planning. Environment
and Planning B: Planning and Design, 30(6), 885–909.
Yao, Y., Li, X., Liu, X., Liu, P., Liang, Z., Zhang, J., et al. (2016). Sensing spatial distribution of urban land use by integrating points-of-interest and Google Word2Vec

63

