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Abstract: In recent years, China’s urbanization rate has been increasing rapidly, reaching 59.58% in
2018. Urbanization drives rural-to-urban migration, and inevitably promotes urban sprawl. With the
development of remote sensing and geographic information technologies, the monitoring technology
for urban sprawl has been constantly innovated. In particular, the emergence of night light data
has greatly promoted monitoring research of large-scale and long-time-series urban sprawl. In this
paper, the urban sprawl in China in 1992, 1997, 2002, 2007, 2012, and 2017 was identified via night
light data, and the Artificial Neural Network-Cellular Automata-Markov (ANN-CA-Markov) model
was developed to simulate the future urban sprawl in China. The results show that the suitability of
urban sprawl based on the ANN model is as high as 0.864, indicating that the ANN model is very
suitable for the simulation of urban sprawl. The Kappa coefficient of simulation results was 0.78,
indicating that the ANN-CA-Markov model has a high simulation accuracy on urban sprawl. In
the future, the hotspot areas of urban sprawl in China will change over time. Although the urban
sprawl in the Beijing-Tianjin-Hebei region, the Yangtze River delta, and the Pearl River delta will
still be considerable, the urban sprawl in the Chengdu-Chonggqing city cluster, the Guanzhong Plain
city cluster, the central plains city cluster, and the middle reaches of the Yangtze River will be more
prominent. Overall, China’s urban sprawl will be concentrated in the east of Hu’s line in the future.

Keywords: land use change; urban sprawl; simulation; ANN-CA-Markov model; night light
data; China

1. Introduction

Since the reform and opening-up, China’s urbanization rate increased from 17.92% in 1978 to
59.58% in 2018. In the future, it will continue to grow at a high speed in the next ten years. Urbanization
migrates a great deal of rural population into urban residents, and inevitably promotes drastic urban
sprawl. The expansion of urban areas is influenced by human activities and natural factors, and urban
sprawl also affects human activities and the natural environment simultaneously. Research on urban
sprawl is an important topic related to the vital interests of human beings [1,2]. With the development
of remote sensing and geographic information technologies, the monitoring technology for urban
sprawl has been continuously innovated. In particular, the emergence of night light data has greatly
promoted the monitoring development of large-scale and long-time-series urban sprawl.
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At present, China is the country with the fastest speed of urban sprawl in the world. The urban
sprawl scope of China has become an important issue in urban development research [3,4]. Since
1981, urban built-up areas in China have been growing rapidly, and in 2015, such areas reached
52,102.31 km? [5]. Urban built-up areas increased rapidly with an average annual rate of 5.93%. The
rapid urban sprawl urges the Chinese government to strengthen the supervision of urban sprawl, while
scientific supervision needs the support of predicting the sprawl accurately. Therefore, investigating
and summarizing the features of urban sprawl, including the sprawl in the future, is crucial.

Remote sensing technology is an effective means to monitor urban sprawl. In particular, Defense
Meteorological Satellite Program/The Operational Linescan System (DMSP/OLS) night light data have
huge advantages in monitoring large-scale urban sprawl [6,7]. Generally, the satellite sensor mainly
acquires the solar radiation reflection signals from the ground, while the DMSP/OLS sensor is specially
designed to collect the radiation signals generated by night light, ground flame, and other light
sources. The DMSP/OLS sensors work at night and have high photoelectric detection and amplification
capabilities, enabling them to detect various photoelectric phenomena on the ground, such as lights in
urban built-up areas, lights in small-scale residential areas, and lights of traffic flow on the road [8].
Therefore, DMSP/OLS night light data can represent the scope and intensity of human activities and
can be viewed as a good data source for urban sprawl monitoring [9]. Nowadays, such data are being
widely used by many scholars all over the world for urban sprawl identification [10,11], socio-economic
factor estimation [12-15], environmental pollution monitoring [16], disaster monitoring [17], fishing
fire monitoring [18], natural gas combustion monitoring, and other aspects.

Simulation of spatial urban sprawl is one of the important parts of global environment change [19].
In the 1960s, econometric models began to be applied in the study of urban development, and the
“top-down” system dynamics model with simulation function played an important role in reflecting
the dynamic evolution of cities. With the deepening of urban microcosmic research, the “bottom-up”
modeling idea has gradually been popularized, promoting the generation of intelligent urban space
simulation and prediction methods. Among these methods, the commonly used simulation models
include the cellular automata (CA) model [20] and the multi-agent system (MAS) model [21]. Simulation
of urban sprawl can be divided into numerical simulation and spatial simulation, according to the
simulation methods. The former mainly predicts the quantity of urban land, for example, by using
the SD (system dynamics) model [22], and the simulation results can only reflect the urban land
quantity, but fail to simulate the characteristics of the spatial distribution pattern. Spatial simulation is
represented by simulation with the CA or the MAS model. These models can be used to simulate the
specific spatial distribution of spatial urban sprawl.

However, there are also some shortcomings if the simulation simply uses these models. Due to
their limitations in numerical simulation, these models have relatively poor capability for numerical
simulation when compared to the SD model. Against this background, in the further development
of urban sprawl simulation, many composite models have been proposed, such as CA-SD, CA-SVM
(Support vector machines), and CA-MSA [23,24]. For example, Quan et al. [25] constructed a dynamic
model of urban sprawl with the support of Geographic Information System (GIS) technology by
combining the cellular automata model and the multi-agent model. Dimitrios et al. [26] proposed a
CA model based on random forest (RF-CA) for urban sprawl simulation, which used random forest
to extract the transformation rules of urban sprawl CA and could improve the prediction accuracy
without significantly increasing the computation cost. Ye et al. [27] viewed urban sprawl as an outward
diffusion process of urban land by overcoming the ecological resistance, conducted method innovation
based on the minimum cumulative resistance (MCR) model, introduced the relative resistance factor
of different grade sources to the model, and built an urban expansion ecological resistance model to
simulate urban sprawl considering the rigid constraints of ecological barriers.
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For urban sprawl simulation, most previous research focused on using data of urban built-up
areas extracted by multi-spectral remote sensing (such as Thematic Mapper (TM) images, spot images),
but such data result in a huge remote sensing workload in large macro-scale research, which is
time- and labor-consuming. As a result, there are only few studies focusing on large-scale urban
sprawl simulation. By contrast, the use of night light data for the extraction of urban built-up areas
within a wider range can greatly reduce the data extraction time. In addition, in previous ANN-CA
(Artificial Neural Network-cellular automata) simulation studies, researchers mostly adopted the
traditional three-layer neural network model. Theoretically, the higher the number of the neural
network models, the better the training results. Considering these problems, this paper tries to develop
a more convenient data processing paradigm for large-scale urban sprawl simulation research based
on DMSP/OLS night light data, and uses multi-layer neural network model to assess the urban sprawl,
improving the accuracy of urban sprawl simulation.

2. Methods and Data Source

2.1. Methods

In this paper, we developed an ANN-Markov-CA composite model to simulate the urban sprawl
in China. The composite model developed in this paper coupled the advantage of the Markov model
in predicting long-term quantity change, the advantage of ANN in addressing complex nonlinear data,
and the advantage of CA model in simulating the spatial changes of complex systems. Therefore, the
developed composite model can improve both the accuracy of land use pattern simulation and land
use quantity forecast.

2.1.1. CA-Markov Model

The Markov model is a long-term prediction method that predicts the state of an incident in the
next period according to the state of the incident in the current period [28]. The key of prediction by
this model is to determine the occurrence probability of incident transition. Land use change under
the Markov model can be expressed as follows [29]:

X({t+1)=X{®)xP, 1)

where X (t + 1) represents the state of a random incident at time t + 1, i.e., the prediction result by
the Markov model; X (t) is the state of the random event at time t; P is the transition probability
matrix, which represents the transition probability of the transition between different states of the
random event.

The CA model is a complex dynamic model consisting of cellular space, cellular unit size, state
set, state transition rules, and neighborhood range, among which the determination of cellular state
transition rules is the most important [30]. The model can be expressed as follows [31]:

St t+1)=f[S(t),N], 2)

where S is the finite or discrete state set of the cellular unit; f is the transition rule; N is the neighborhood
of the cellular unit.

These two models have been widely used in land use simulation and prediction [32,33]. However,
they have their own intrinsic advantages and disadvantages. Specifically, land use prediction by the
Markov model only stays at the quantitative level, while the CA model ignores the actual influencing
factors, although it can simulate the spatial pattern. Via combination, the two models can complement
each other, that is, making full use of the powerful spatial simulation ability of the CA model and the
long-term prediction ability of the Markov model [34,35].
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The Markov and the CA model both conduct calculation by using the build-in Markov module
and the CA-Markov module of the IDRISI software. The grid data type used in the IDRISI software is
the unique grid data type of this software. Hence, it is necessary to convert the existing grid data into
American Standard Code for Information Interchange (ASCII) code files, which are then converted
into unique grid data in IDRIS by the conversion tool in the IDRISI software.

2.1.2. ANN Model

Based on a basic understanding of the human neural network, ANN can be abstracted into
a simplified model by mathematical and physical methods from the perspective of information
processing. In short, the ANN is an information-processing system that simulates the structure and
functions of human brains.

The ANN model is a kind of nonlinear dynamic system, which has various types and can describe
and simulate the system from different angles and at different levels. The neural network has a unique
information-processing ability and has successfully realized the construction of a neural network
expert system, pattern recognition, intelligent control, and solution of combinatorial optimization
problems, demonstrating the potential of the neural network. At the same time, ANN also has strong
potential regarding the recognition of land use conversion rules [36,37].

Urban sprawl is affected by various factors, and its expansion process is extremely complex [38].
It is difficult to use simple linear models to express the conversion rules in the expansion process. The
ANN has the ability to learn and build models of nonlinear complex relationships and has a strong
nonlinear problem-processing ability which can better simulate heteroscedasticity, that is, data with
high volatility and unstable variance. This is because the ANN can learn the hidden relationship
in data, without imposing any fixed relationship on the data. Based on the above advantages, the
ANN model is suitable for the establishment of conversion rules in the complex urban sprawl process
and can effectively extract these conversion rules. In this study, ANN model was used to generate a
suitability map of urban sprawl.

Python was adopted as the development language, and the Keras learning library was selected to
build the ANN model. The driving force factor data were acquired by ArcGIS’s built-in ArcPy library,
and the driving force grid data were converted into NumPy data. The compiler used was a Jupyter
Notebook. However, ArcGIS’s build-in ArcPy library should run in Python 2.7 and TensorFlow only
supports the Python 3.5+ environment. Consequently, two Python environments were built to conduct
suitability evaluation of urban sprawl.

2.1.3. Driving Factors

There are complex relationships between the spatial distribution pattern, the urban sprawl, and
the regional site conditions [39]. Human activities are the largest driving force of urban sprawl.
However, they are restricted by environmental factors and influenced by social and economic factors
simultaneously [40,41]. Among the environmental factors, topographic and climatic conditions affect
the distribution probability and conversion probability of land use types, and humans generally
choose the best terrain and the best climate for production and living activities. Among the social and
economic factors, human activities are concentrated in areas with certain production advantages, such
as a developed economy, a dense population, and convenient transportation [42]. Based on the basic
competition model in neoclassical economics and following the rules of optimal utility and optimal
utilization, this study selected 11 factors from three aspects as the driving factors of urban sprawl and
transformed them into grid layers using the ArcGIS software (Figure 1).
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Figure 1. Driving forces for urban sprawl simulation.

2.1.4. Extraction Methods for Urban Built-Up Areas

Night light data can show the spatial difference and spatial aggregation of human activity intensity.
The closer the built-up area to the urban center, the larger its pixel value, while at the edge of the city,
the pixel value decreases rapidly. Based on this principle, the Canny edge detection algorithm can
effectively detect the boundary information between built-up and non-built-up areas. According to the
detected boundary, the segmentation threshold can be calculated to extract the urban built-up areas.

2.2. Data Source

Night light data were obtained from the National Oceanic and Atmospheric (NOAA). We used
two types of night light data, i.e., DMSP/OLS and net primary production (NPP/VIIRS). The DMSP/OLS
data included the data of a total of 34 night light images from 1992 to 2013, and part of the light data
for some years were acquired by different satellites. Night light data were obtained for the years 1992,
1997, 2002, 2007, 2012, and 2017. Although not all data from 1992 to 2013 were required, all 34 images
needed to be downloaded for night light data correction. The night light data for 2017 were replaced by
NPP/VIIRS data. These data were the monthly composite night light remote sensing data and inherited
the basic characteristics of DMSP/OLS stable night light remote sensing data. In the official website of
the NOAA, only annual composite products for 2015 and 2016 are provided, and therefore, the data for
2017 needed to be processed using the monthly composite product. Hence, the NPP/VIIRS image data
for all 12 months in 2017 were downloaded. DMSP/OLS data are raster data with a spatial resolution
of 1000 m x 1000 m. There was no addition data processing for DMSP/OLS. However, NPP/VIIRS data
are raster data with a spatial resolution of 500 m X 500 m. Therefore, they were resampled in ArcGIS to
a resolution of 1000 m x 1000 m.

The driving factors of urban sprawl can be divided into three categories: environmental factors,
socio-economic factors, and distance factors, with a total of 11 indicators (Table 1). Annual average
temperature and annual average rainfall data were obtained from the Dataset of China’s Surface
Cumulative Annual Value (1981-2010) of the National Meteorological Information Center, which
integrated the data of meteorological stations of all provinces, municipalities, autonomous regions,
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and special administrative regions in China. The original data of temperature and rainfall are vector
point data and they are converted into 1000 m X 1000 m raster data through spatial interpolation.

Elevation and slope data were derived from the geospatial data cloud. After downloading the
national digital elevation model (DEM) data with a resolution of 90 m, the national elevation data
were obtained by stitching and resampling those DEM data, and slope data could be generated by
processing DEM data with the slope tool in ArcGIS. The elevation and slope data were resampled to a
spatial resolution of 1000 m x 1000 m.

Table 1. Driving forces of urban sprawl.

Driving Force Driving Force Factors Data Sources
Annual average air temperature The original vector data were from National
Annual average precipitation Meteorological Information Center (http://www.nmic.cn/)
. Elevation Geospatial data cloud (http://www.gscloud.cn/)
Environmental .
Slope Geospatial data cloud (http://www.gscloud.cn/)
factors .. . .
The original vector lines of rivers were from Resources and
River network density Environment Science Data Center, Chinese Academy of
Sciences (http://www.resdc.cn/)
Socio-economic Population density Resources and Environment Science Data Center, Chinese
factors GDP density Academy of Sciences (http://www.resdc.cn/)

The original vector lines of rivers were from Resources and
Distance to rivers Environment Science Data Center, Chinese Academy of
Sciences (http://www.resdc.cn/)
Distance to county-level

administration centers The original vector points were from Baidu Map
Distance to municipal (https://map.baidu.com/)

administration centers

Distance to vice-provincial cities

Distance factors

River network data, population data, and GDP data were obtained from the Resources and
Environment Science Data Center, Chinese Academy of Sciences. Population and GDP data consisted
of 1000 x 1000 m spatial grid data. The original data of the river network are vector line data. In
ArcGIS, the density and distance tools were used to acquire the spatial raster data of the river network
density and the distance to the river network.

The coordinate data of the build-up areas for various kinds of administrative centers were acquired
by the Application Program Interface (API) from the Baidu Map. The original data were all vector
point data. Since the data of the Baidu Map follow the coordinate system defined by Baidu itself, the
obtained data should be processed by coordinate conversion. Subsequently, distance factors could be
generated in ArcGIS by using the coordinate data of administrative centers. All the above data were
processed into 1000 x 1000 m grid data. The geographical coordinate system was WGS-84, and the
projection coordinate system was Albers_Conic_Equal_Area.

3. Results and Analysis
3.1. Simulation Accuracy Test

3.1.1. Probability Accuracy Test of Urban Sprawl Suitability

Whether the urban sprawl suitability results obtained by the above models were reliable needed
to be further verified. For the verification of the neural network model, the k-fold cross-validation
method was adopted. The k-fold cross-validation has become a common model validation method
after a long period of development, and it performs well in terms of model error estimation. The basic
principle is to segment the training sample data into k subsets with the same sample number, and
then conduct k times of training on the segmented data set. In each training, k—1 sample subsets
were used as training datasets, and the remaining sample subset was used as the prediction dataset.


http://www.nmic.cn/
http://www.gscloud.cn/
http://www.gscloud.cn/
http://www.resdc.cn/
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The prediction results were obtained by the trained model, and the error of the prediction model was
calculated. Finally, after k times of training, k error results were obtained, and their average value
was taken as the approximate error value of the model. The advantages of this algorithm are that the
sample datasets are randomly segmented and that each data point only appears once in k—1 times of
training, which ensures the accuracy of the verification method. Generally, 10-fold cross-validation can
meet the test requirements of the model.

Based on the calculation results (Table 2), in the 10-fold cross-validation, all accuracies were
greater than 0.8, with a minimum value of 0.810, a maximum value of 0.924, and an average value of
0.864. Overall, the model had a high accuracy and passed the accuracy test. Hence, it can be used
to make the suitability map of urban sprawl. By running the model, we can obtain the suitability
probability of built-up and non-built-up areas (Figure 2).

Table 2. Results of k-fold cross-validation.

Training 1 2 3 4 5 6 7 8 9 10  Averase
Times Value

Accuracy rate  0.899 0.862 0.848  0.924 0.820 0.816 0.905 0.810 0.896 0.857 0.864
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Figure 2. Suitability probability of built-up and non-built-up areas. Notes: The suitability probability
ranges from 0 to 1. A larger value indicates a higher probability of becoming urban areas (a) or
non-urban areas (b).

3.1.2. Simulation Accuracy Test of Urban Sprawl

In this study, the full number test method was used to test the simulation results. This method can
test each grid data point of the simulation results, leading to a high reliability. In IDRIS, the CROSSTAB
tool was used for accuracy verification. This tool crossed the predicted data in 2017 with the extraction
results of night light data and was used to obtain the cross-check error graph (Figure 3) as well as
the Kappa coefficient of the simulation accuracy test. The Kappa coefficient was 0.78, indicating that
the simulation results of urban sprawl by the CA model were of relatively high accuracy. Hence, the
ANN-Markov-CA composite model is suitable for the simulation of urban sprawl in China and can
guarantee simulation accuracy.
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Figure 3. (a) China’s urban built-up areas in 2017; (b) simulation results of built-up areas in China in
2017; (c) error check.

3.2. Simulation Result Analysis

Taking 2017 as the base year and presetting the prediction interval as five years, we simulated the
variation of urban built-up areas in China in 2022, 2027, 2032, and 2037 (Figure 4). We also conducted a
comparative analysis on the urban sprawl on two sides of Hu's line. The term “Hu’s line” represents
the boundary line of the spatial distribution of China’s population density, which was discovered by
Hu Huanyong. At the same time, Hu's line is also the dividing line between China’s eastern and
western population, economy, and other important human factors. According to the statistics of the
simulation results, the urban built-up area in China, the urban built-up area on both sides of Hu’s line,
and the proportion of urban built-up areas on both sides of Hu'’s line of the total urban built-up area of
China from 2022 to 2037 could be obtained (Figure 5).

From 2022 to 2037, the total built-up area in China will gradually increase, along with the urban
built-up area on both sides of Hu’s line, while the proportion of urban built-up areas on both sides of
Hu’s line will remain unchanged. From 2022 to 2037, on the two sides of Hu's line, the urban built-up
area on the eastern side will account for the highest proportion of the total area in 2022, 2027, 2032, and
2037, with 93.36%, 93.67%, 93.87%, and 93.83%, respectively, which are all above 93%. By contrast,
the built-up areas on the western side of Hu’s line will account for about 6% of the total area at each
time point. The built-up areas on both sides of Hu’s line will significantly differ. The growth rates of
the built-up areas on the eastern side in the three periods of 2022-2027, 2027-2032, and 2032-2037 are
predicted to be 8.51%, 5.97%, and 4.08%, respectively, showing a gradual decrease, while those on the
western side in the three periods of 2022-2027, 2027-2032, and 2032-2037 are predicted to be 3.21%,
2.44%, and 4.96%, respectively, which are obviously lower than those on the eastern side. Considering
the larger base number of the built-up area on the eastern side, the increase in the build-up area on the
western side is insufficient to alter the current spatial distribution pattern, according to which urban
built-up areas in China are unevenly distributed on the two sides of Hu's line.
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250000 93.36% 93.67% 93.87% 93.83% 100%
90%
200000 80%
70% o
o S
) 150000 60% g
2 s0% &
© =%
é" 100000 40% g
30% <
50000 20%
.64% 1339 1139 1179
() 3‘3 % 13% 17% 10%
0 0%
2022 2027 2032 2037
Year
mmm Built-up Area = West of Hu Huanyong line East of Hu Huanyong line

=@="West of Hu Huanyong line ==de=TFast of Hu Huanyong line

Figure 5. Predicted built-up areas on the two sides of Hu’s Line from 2022 to 2037.

As shown in Figure 6, the urban sprawl from 2022 to 2037 is predicted to be mainly distributed in
the central and eastern regions of China; in flat areas such as plains and basins, urban sprawl will be
more significant. With Hu's line as the boundary, the built-up areas will be more distributed and more
significantly expanded on the eastern than on the western side. The major areas of urban sprawl in
China from 2022 to 2027 will have greatly changed when compared to those from 1992 to 2017. The
Pearl River delta and the Yangtze River delta are no longer the major areas of urban sprawl, while the
Chengdu-Chonggqing city cluster, the Guanzhong Plain city cluster, the Central Plains city cluster, and
the middle reaches of the Yangtze River become the new urban sprawl areas. In successive periods
from 2027 to 2032 and from 2032 to 2037, the urban sprawl will mainly be distributed around the
built-up areas of existing cities, with no significant regions. In spite of this, the area proportion of
urban sprawl on both sides of Hu's line is still considerable. Based on the above analysis, it will be
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difficult for urban sprawl in China to break the limits of Hu’s line. The Yangtze River delta and the
Pearl River delta are no longer the most popular areas for urban sprawl, and the hotspot regions of
urban sprawl gradually change from first-tier cities to second- and third-tier cities.
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Figure 6. Spatial distribution of urban sprawl in (a) 2022; (b) 2027; (c) 2032, and (d) 2037.
4. Conclusions

In this study, a total of 11 factors, namely annual average air temperature, annual average
precipitation, elevation, slope, river network density, population density, GDP density, distance to
rivers, distance to county-level administrative centers, distance to municipal administrative centers,
and distance to vice-provincial cities, were selected as driving factors for urban sprawl. The ANN
model was developed with Python language, and the suitability of urban sprawl was obtained by
training data with those 11 driving force factors. The Markov model was used to predict the increased
area of future urban sprawl, combined with the CA model to simulate the urban sprawl of China in
2022, 2027, 2032, and 2037. The simulation results were analyzed, and Hu’s line was introduced to
predict urban sprawl on both sides of Hu's line.

The test accuracy of the suitability evaluation of urban sprawl based on the ANN model was
0.864. This is a relatively high accuracy, indicating that the ANN model is suitable for the suitability
evaluation of urban sprawl. The CA-Markov model was used to simulate urban sprawl in China,
and the Kappa coefficient was 0.78. This suggests that the CA-Markov model has a high simulation
accuracy and is suitable for the simulation of urban sprawl. However, there were also some defects in
the simulation. For example, when simulating land use change, it is better to include the protected
areas to improve the simulating accuracy and authenticity. Unfortunately, we did not acquire the
protected area data of China. Thus, it is possible that the simulated urban sprawl occurs in protected
areas which is against the reality. However, since the protected area usually does not distribute to
nearby urban areas, this kind of simulation error would not appear a lot. When the CA model is used to
simulate land use change, it is necessary to input spatialized driving force data. The spatial resolution
of these spatialized driving force data should be the same. Otherwise, the model cannot run. However,
because the driving force data involve different types of data, such as natural condition data, economic
condition data, and social condition data, it is difficult to obtain all of them from one channel. This also
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leads to differences in the resolution of different driving force data and the necessity for data format
conversion. In the process of data conversion, certain data distortion problems would occur. However,
the data processing methods used in this paper were all verified by many previous researches, which
can guarantee the accuracy of the data conversion and can retain the valid information of the data
to a large degree. At the same time, there may be some distortion problems in the process of data
processing. However, considering the huge research area of the paper (the whole mainland China), the
impact of a few data distortion problems on the final research results could be small.

In the future, from 2022 to 2037, the hotspot areas of urban sprawl in China will change over
time. Although the scale of urban sprawl in the Beijing-Tianjin-Hebei region, the Yangtze River delta,
and the Pearl River delta will still be considerable, the urban sprawl scale in the Chengdu-Chongqing
city cluster, the Guanzhong Plain city cluster, the Central Plains city cluster, and the middle reaches
of the Yangtze River will be more prominent. There will be a large gap between the numbers of
urban build-up areas in the eastern and western sides of Hu’s line. Under current environmental and
socio-economic conditions, it is difficult for urban sprawl in China to break the limits of Hu's line in
the near future.

The ANN-CA-Markov composite model was used to simulate the future urban sprawl in China.
The simulation results demonstrated that the composite model had a higher simulation accuracy and
excellent simulation effects. When the CA model was run, the expansion areas were selected according
to the suitability probability of urban sprawl, which would result in the aggregation of a large number
of new urban built-up areas in a certain region with higher suitability. To solve this problem, the
method of regional simulation could be adopted to control the number of newly built areas in a single
region, thus further improving the simulation accuracy.

Based on the results of the ANN-Markov-CA composite model, the hotspot areas of urban sprawl
will be shifting from first-tier cities to second- and third-tier cities. The limitation of Hu’s line was
mainly related to the spatial distribution of China’s natural environment and social and economic
conditions. In terms of environmental conditions, the regions east of Hu's line are subtropical monsoon
and temperate monsoon regions, which are affected by water vapor from the Pacific and Indian
oceans. They therefore receive sufficient rainfall while also containing numerous flat areas, such as the
Northeast Plain, the North China Plain, the Middle and Lower Yangtze River Plain, and the Sichuan
Plain, which are conducive to the development of cities. These regions have many large rivers, such as
the Yangtze River, the Yellow River, and the Pearl River, as well as lakes such as Poyang Lake, Dongting
Lake, and Taihu Lake, with sufficient freshwater resources. In terms of socio-economic conditions,
these regions have the three largest city clusters in China: the Beijing-Tianjin-Hebei city cluster, the
Yangtze River delta city cluster, and the Pearl River delta city cluster. In addition, they also have a
large population base, accounting for 94% of China’s population, and the economic volume far exceeds
that of the regions west of Hu's line, where most areas are plateau, Gobi, and desert areas. Blocked by
the Qinghai-Tibet Plateau, these areas receive little precipitation. Most urban areas are distributed in
the provincial capitals; there are few cities and the economic volume is small. The level of economic
development of these regions differs largely from that of the eastern regions. As a result, the regions
east of Hu's line are comprehensively ahead of the regions west of Hu's line in terms of population
attraction capacity and urban construction and development, which creates a loop in the long-term
development and makes it difficult to break Hu'’s line.
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