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Abstract: Abundant data sets produced from long-term series of high-resolution remote sensing
data have made it possible to explore urban issues across different spatiotemporal scales. Based on a
40-year impervious area data set released by Tsinghua University, a method was developed to map
the speed and acceleration of urban built-up areas. With the mapping results of the two indices,
we characterised the spatiotemporal dynamics of built-up area expansion and captured different types
of expansion. Combined with socioeconomic data, we examined the temporal changes and spatial
heterogeneity of driving forces with an ordinary least square (OLS) model and a panel data model,
as well as exploring the environmental effects of the expansion. Our results reveal that China has
experienced drastic urban expansion over the last four decades. Among all cities, megacities and large
cities in eastern China, as well as megacities in central and northeast China have experienced the most
dramatic urban expansion. A growing number of cities are categorised as thriving, which means that
they have both high expansion speed and acceleration. The overall driving force of urban expansion
has significantly increased. More specifically, it was associated with population increase in the early
stages; however, since 2000, it has been substantially associated with increases in GDP and fixed asset
investments. The major driving factors also differ between regions and urban sizes. Urban expansion
is identified as being closely associated with environmental deterioration; thus, speed and acceleration
should be included as key indicators in exploring the environmental effects of urban expansion.
In summary, the results of the presented case study, based on a data set of China, indicate that speed
and acceleration are useful in analysing the driving forces of urban expansion and its environmental
effects, and may generate more interest in related research.

Keywords: built-up area expansion; spatiotemporal dynamics; acceleration; city categorisation;
driving forces; environmental effects

1. Introduction

As a consequence of the processes of urbanisation and socioeconomic development, urban area
has expanded significantly worldwide. In the last few decades, dramatic increases in built-up areas
have been experienced globally [1,2], with a total built-up area of 797,076 km? in 2018, 1.5 times that in
1990 [3]. As urbanisation continues, the demand for land is expected to increase [4]. It is forecasted that
urban land cover will increase by 1.2 million km? by 2030, nearly tripling the global urban land area circa
2000 [5]. Such expansion is becoming increasingly unsustainable, with urban areas expanding much

Remote Sens. 2020, 12, 3929; d0i:10.3390/rs12233929 www.mdpi.com/journal/remotesensing


http://www.mdpi.com/journal/remotesensing
http://www.mdpi.com
http://dx.doi.org/10.3390/rs12233929
http://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/2072-4292/12/23/3929?type=check_update&version=2

Remote Sens. 2020, 12, 3929 2 of 23

faster than the population [6], especially in India, China, North America, and Europe [7]. Analyses
have suggested that, due to the decrease in urban population densities, an estimated 125,000 km? of
land was converted to urban land-uses that could have otherwise remained in cultivation or as natural
vegetation [7]. Though occupying only a small proportion of the global land cover, the expansion
of built-up area significantly affects Earth system processes and, thus, has tremendous ecological
and environmental consequences, such as arable land loss [7-9], biodiversity loss [10,11], local and
regional climate change [12-14], and higher air pollution concentrations [15,16]. The scarcity of land
makes better governing a necessity, promoting sustainable planning [17]; for which, studies focusing
on understanding the spatiotemporal characteristics of built-up area expansion at different levels
is essential.

In China, the expansion of built-up areas has its own characteristics, due to the joint effects of
the government and the market. Since the reform and opening up in 1978, the pace of urbanisation
in China has increased significantly. In 2015, China became the country with the most built-up area
in the world [3]. Due to differences in market attractiveness and policy emphasis, there has been a
significant heterogeneity in the expansion of built-up areas over time and across regions. Temporally,
the expansion speed increased in the 2000s [18-20], while the change in the 2010s remains controversial,
owing to the study areas and data sources [21,22]. Spatially, expansion has mainly been observed
in coastal China, with Beijing-Tianjin—-Hebei (BTH), the Yangtze River Delta (YRD), and the Pearl
River Delta (PRD) experiencing the largest expansion agglomeration [19,23,24]. Cities with larger size
tend to expand at higher speed [25]. However, owing to the difficulty in obtaining urban expansion
information over multiple years on a large spatial scale, studies with a national coverage and a long
time period—in particular, covering the whole time span since China’s marketisation—is rare.

Statistic data and remote sensing data are the main data sources in studies of built-up area
expansion, while the latter has fine spatial information and can help analysing the change in urban
built-up areas objectively from multitemporal images. Landsat data is widely used, with impervious
area identified based on surface reflectance. However, with a 30 m spatial resolution, it has difficulty in
covering a large spatial scale. While night-time light (NTL) data is mainly at medium-low resolution and
frequently used in analysing urban expansion at large scales. Of which, Defense Meteorological Satellite
Program and Operational Linescan System (DMSP-OLS) covers the longest time span (from 1992 to the
present), is of interest by researchers. With DMSP-OLS data, the built-up area expansion based on night
light intensity can be summarised. The national rapid growth and great disparities among regions
are consistent with studies using Landsat data and statistic data [26-30]. Hot points are also prone
to concentrate around BTH, YRD, PRD, and provincial capitals, which are the highpoints of urban
growth as well [28]. DMSP-OLS data can also help identify the general formation of the strategic urban
pattern characterised by two horizontal axes and three vertical lines [29]. Generally, night-time light
data directly reflects socioeconomic development and human activities and can help in identifying the
expansion dynamics at the national scale.

To characterise the pattern of built-up area, numerous landscape indices have been developed,
such as landscape shape index (LSI) [2], largest patch index [25], and fractal dimension index [24].
Researchers have used these indices to quantify the geometric and spatial properties of categorical
map patterns but have seldom used them to obtain information about the dynamic change processes
of landscape patterns. Indices for quantifying urban dynamics at two or more time points are essential.
Researchers have used indices to capture information on temporal changes of built-up areas, including
dynamic degree [19], (annual) expansion areas [20,25,31], and (annual) expansion rates [20,25,32],
which have most frequently been used to observe temporal changes in built-up areas, thus representing
the speed of expansion. However, the spatiotemporal pattern of changes in speed has never been
mapped, which can be interpreted as the change in driving forces of built-up area expansion [20].
This paper develops a new index, acceleration, to measure the change in expansion speed, to represent
the change in driving forces. Speed and acceleration, together, can give us insight to better understand
spatiotemporal land-use dynamics in fast-growing regions. It is expected that speed and acceleration



Remote Sens. 2020, 12, 3929 3 0of 23

can be used to identify the characteristics of temporal changes of a certain landscape (in this study,
we selected built-up area) using multitemporal remote sensing data.

In this paper, using the multitemporal built-up area data with Landsat imagery and night-time
light (NTL) data as data sources, we mapped and quantified the dynamics of built-up area expansion
in China over the past four decades using expansion speed and acceleration as indicators, as well as
investigating the driving forces and environmental effects of built-up area expansion, based on the
mapping results. We have four objectives: (1) to develop a data set of expansion speed and acceleration
at fine resolution over 40 years; (2) to find new information from the mapping of the two indicators,
including the spatiotemporal characteristics of built-up area expansion and its differences between
regions and urban sizes, and expansion types from the perspective of temporal changing dynamic;
(3) to examine the driving factors and their spatiotemporal changes; (4) to explore the relationships
between different expansion indicators and environmental changes.

2. Materials and Methods

2.1. Data Sources

Built-up area data from 1978 to 2017 were obtained from the data set produced by Gong et al.
at Tsinghua University [33]. These data provide timely, accurate, and frequent information, including
the first annual human settlement map from 1985 to 2017 with a circa 1978 map produced at the
beginning of the economic reform in China. Landsat imagery is the main source in this project, with an
ancillary data set of night-time light (NTL) data. The spatial resolution in 1978 was 60 m, while the
spatial resolution during 1985-2017 was 30 m. The overall accuracies of this data have reached more
than 90% [33]. With this data set, we can observe spatiotemporal changes over the 40 years. In addition,
the long timespan of this data set makes it possible to calculate the expansion speed and acceleration
in different periods during its long timespan. In the meantime, the global artificial impervious area
(GAIA) project (to which it belongs) has also produced a global data set of built-up areas between
1985 and 2018 [34], such that the method developed in this paper is also suitable to further explore
worldwide expansion dynamics and generate more results across different spatial scales. The data
were downloaded from http://data.ess.tsinghua.edu.cn.

Socioeconomic statistical data were used to analyse the social and economic drivers of urban
expansion, which were collected from provincial and prefectural statistical yearbooks (1978-2017).
Environmental data from the China Environmental Statistical Yearbook (1998-2017) were used to
examine the relationship between built-up area expansion and environmental changes. The data are
described in Table 1.

Table 1. Data in this study.

Factors Level Acquisition Date Source

. . GAIA project
Built-up area data National 1978, 1985-2017 http://data.ess.tsinghua.edu.cn
Socioeconomic
statistics data

GDP Provincial and prefectural

GDP2 Prefectural 1978, 1990, 2000, 2010, 2017 statistical yearbooks

FAI

Population

Environmental data

Area and number of China Environmental Statistical

National 1998-2017 Yearbook; China Statistical
natural reserves Yearbook
Wastenrator discharoe 1990-2017 (absent in 1996, carboo
& 1998, and 1999)
Total volume of 1990-2017

industrial gas emission
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2.2. Methods

The workflow (Figure 1) involves four parts (or steps). The first step is computing and mapping
the speed and acceleration of built-up area expansion. The second step incorporates some new
perspectives, in order to characterise built-up area expansion based on the mapping results, including
analysis of the spatial correlation of expansion and its spatiotemporal differences by region and urban
size, as well as identifying the expansion type based on the speed and acceleration. The third step
includes estimation of the impacts of core socioeconomic drivers and their spatial and temporal
heterogeneity. The fourth step involves exploring the relationship between environmental factors and
built-up area expansion indicators.

Epervious surfaces area dataset (1978,1985-2017)3‘

Part 1: Computing and mapping the speed and

acceleration of built-up area expansion

1
! 1
| Area Speed g=  Acceleration !
! 1

Part 2: New perspectives on built-up area expansion

I

i Spatiotemporal dynamics of built-up area expansion
! * Spatial autocorrelation tested by Moran |

' * Spatial heterogeneity by region and urban size
|
|
I

Expansion type identification

Part 3: Socioeconomic drivers of Part 4: Relationship between
built-up area expansion and its environmental factors and built-up
spatiotemporal heterogeneity area expansion indicators

Figure 1. The workflow of the mapping and analysis process.

2.2.1. Mapping Built-Up Area Expansion

The mapping is integrated using 5 X 5 km grids and involves five steps (Figure 2): (1) creating
a fishnet and segmenting the image with grids; (2) within each grid, converting the raster to points,
where each point represents a piece of land built in a specific year; (3) counting the number of built-up
points in 1978, 1990, 2000, 2010, and 2017, and calculating the relevant area; (4) computing the speed
and acceleration in different periods; (5) integrating the calculation results of individual grids to obtain
the overall mapping results of the speed and acceleration. Spatially, the results contain the expansion
characteristics at a 5 km resolution; temporally, the changes in different periods can also be detected.
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Figure 2. Mapping of speed and acceleration based on data processing.

The formulae for speed and acceleration in step 4 are as follows:

area;; — ared;,

Speed;, = ; ,

@

Acceleration;r = M, 2)
where area;; and area;y are the built-up areas of grid i in the final and initial year of period t, respectively;
Speed;r and Speed; are expansion speeds of grid 7 in the final and initial year of period T, respectively.

When counting on a city-by-city basis, we averaged each of these indicators and counted the
built-up area expansion per square kilometre of land; thus, the modified indices can be used to compare
expansion amongst different regions and urban sizes.

2.2.2. Analysis of the Spatial Autocorrelation and Strata of Built-Up Area

We utilised a global Moran’s I test to measure spatial autocorrelation of expansion speed and
acceleration. Positive and significant values of the global Moran’s I indicate the presence of positive
spatial autocorrelation of built-up area expansion, where high values and low values of expansion
are spatially clustered. In contrast, negative and significant values of the global Moran’s I suggest
the spatial distribution of high values and low values of expansion speed and acceleration are more
spatially dispersed. If the global Moran’s I is not statistically significant, the spatial distribution is
considered random. The formula for Moran’s I is as follows:

n 1 Ly wij(x = %)(x; - %)

== n x = !
Yig Zj:l Wij i (xi— x)z

®)

where 7 is the number of spatial units indexed by i and j, and wj; is a matrix of spatial weights with
zeros on the diagonal.

In terms of heterogeneity, we analysed the urban expansion characteristics in different regions and
for different urban sizes. According to the differences in socioeconomic development, the mainland of
China was zoned into four economic zones: eastern, central, western, and northeast regions. We also
considered the differences in urban expansion between cities with various urban sizes. According to a
document recently released by China’s State Council (2014), cities can be classified into five categories
and seven levels, based on the resident population scale in urban areas, which are small cities A,
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small cities B, medium cities, large cities A, large cities B, super cities, and megacities [35]. To simplify
the city classification, we classified small cities A and small cities B as small cities; large cities A
and large cities B as large cities; super cities and megacities as megacities. This classification was
based on the urban population data in 2017 (Table 2). The administrative levels of cites in our
study were prefecture-level or above, including direct-controlled municipalities, subprovincial cities,
and prefecture-level cities. Based on the above classifications, differences in built-up area expansion
between different regions and urban sizes were calculated and compared.

Table 2. Description of populations in different cities.

No Min (10 Avg (10 Max (10 No Min (10 Avg (10 Max (10
: Million) Million) Million) ’ Million) Million) Million)

Eastern 103 0.05 343.75 211 Small 60 0.05 21.43 49.94

region cities

Central 86 375 0836  sylgy Medium 50.6 76.21 98.20

region cities

Western 1y 2.39 139.85 1971 ~ Large 215 100.8 22506  498.03

region cities

Ir\i;g;ea“ 36 3920 15231  593.62  Megacities 30 5434 859.13 2121

2.2.3. Characterising Expansion Types Based on Speed and Acceleration

We proposed a new way to categorise cities, in order to highlight a subset of cities from the
perspective of land expansion. Categorising cities by their expansion speed and acceleration helps
to identify both the cities that are expected to continually expand at a high growth speed and cities
lacking sustained driving forces. The use of these two indicators allowed us to assign cities into four
categories: thriving, stabilising, emerging, and struggling (Figure 3). We defined the four categories of
cities as follows:

Stabilising Cities
High expansion speed
Low expansion acceleration

Thriving Cities
High expansion speed
High expansion acceleration

Expansion speed

median|

Struggling Cities
Low expansion speed
Low expansion acceleration

Emerging Cities
Low expansion speed
High expansion acceleration

0 Expansion acceleration

Figure 3. Categorisation of cities by built-up area expansion speed and acceleration.

Thriving cities have high expansion speed and high acceleration. They are likely to experience
sustained built-up area expansion with increased infusion of development resources, such as capital
and policy. Stabilising cities have high expansion speed and low acceleration. These cities have entered
a post-rapid expansion period, in which their driving forces tend to decrease. Emerging cities have low
expansion speed and high acceleration. They are expected to face an increase thereafter. Struggling
cities have low speed and low acceleration. They are usually under-developed cities, without any
favour of policy or capital.
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2.2.4. Estimation of the Driving Factors

To estimate the impact of selected socioeconomic factors in different periods and spatial strata,
a linear OLS model and a panel data model were used. Economic development, population growth,
and fixed asset investment were considered to have effects on built-up area expansion, with industrial
structure as a mediator of the effect of economic development on built-up area expansion (Figure 4).
Fixed asset investment in real estate, infrastructure, and manufacturing buildings can directly result
in built-up area expansion and indirectly in the facilitation of economic development. Economic
development can boost demand, thus expanding the scale of production and attracting more projects,
leading to built-up area expansion. It also provides more employment, thus increasing the total
population and having a long-term influence on built-up area expansion [36]. The industrial structure
is assumed to influence the effect of economic development on built-up area expansion, owing to the
different land demand of secondary and tertiary industry development [36]. To test the relationships,
four indicators—namely, change in GDP, change in population, total amount of fixed asset investment
(using average fixed asset investment at the start and end of the year as an indicator), and proportion
of secondary industry production in GDP change—were employed.

Increase in fixed asset

investment
Industrial
structure
Built-up area i Economic
expansion development

Population growth

Figure 4. The conceptual framework of built-up area expansion in China.

Linear OLS regression was used to estimate the different effects of socioeconomic factors in
different periods, formulated as follows:

BUC; = a + p1GDP; + poGDP2; X GDP; + B3POP; + B4FAI; + ¢;, 4)

where BUC; is the dependent variable, the annual change in built-up area for each city; GDP;, POP;, FAI;,
and GDP2; are the changes in GDP and population, averaged fixed asset investment, and proportion
of secondary industry production in GDP change for each city, respectively; ¢; is the error term.

The ordinary least squares method was used to determine the line of best fit for a set of data,
with general form:

m

minf(x) = Y L3(x) = Y L2lys fxiwi)] = ) lyi f (i, w0 5)
i=1 i=1

i=1 i

To investigate the spatial heterogeneity of the mechanisms, in terms of regional distribution
and urban size, we set eight subgroups (in terms of region and urban size). As the data were
multidimensional data of an observation measured repeatedly over time (i.e., with variation along city
and time dimensions), the panel data model was used. The basic form of the panel data model is:

BUC; = (a+)yi + ﬁ]GDPit + ﬁzGDPZit X GDP;; + ﬁaPOPit + ﬁ4FAIit + &it, 6)
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where BUCj; is the dependent variable, the annual change in built-up area in each period for each
city; GDPj, POPj;, FAI;, and GDP2;; are the changes in GDP and population, averaged fixed asset
investment, and proportion of secondary industry production in GDP change in each period for each
city, respectively; u; and ¢ are error terms. ¢;; represents the unobservable factors that vary with the
cross-section and time, while ; represents the unit-specific error term. This term differs between units
but, for any particular unit, its value is constant. A least squares dummy variable (LSDV) model was
used to estimate the parameters. In a fixed effect model, the heterogeneity across cities is captured in
the constant term while, in the random effect model, heterogeneity also appears across years.

We used an F test to test the differences across cities, with the hypothesis that the constant terms
were all equal. The F ratio used for this test was

2 2
(RLSDV - RPooled)/ (n-1)

(1 - R%SDV)/ (nT=n~k)’

Fin-1,nT-n-k) = (7)

where LSDV indicates the dummy variable model and the subscript Pooled indicates the pooled or
restricted model with only a single overall constant term. The significance of the F test implies that
differences exist among cities; therefore, the pooled model was rejected.

The modified Hausman test was employed to differentiate between the fixed effects model and
random effects model in the panel data, with formula as follows:

-1

RMSE? 5
Var(Buithin) — Var(Bors) | (Buwithin — Bors) ~ X (K=1), (8)

RE
W= (.Bwlthm ﬁGLS) RMSE%E
where RMSE%E and RMSE%{E are the root mean square errors in the fixed effect model and random
effect model, respectively. If the null hypothesis is rejected, the fixed effects model is appropriate.
Fixed effects models take into account the differences between cities, while a random effects model
takes into consideration these individual variations, as well as time-dependent variations. The model
eliminates biases from variables that are unobserved and change over time.

To validate the regression model, we trained the panel data model to test its stability. As our panel
dataset has four periods, in the case of total samples, we created our training model by leaving four
out each time (when balanced), which is the same city in different periods. Additionally, because what
we are interested in is whether a model can fit for all cities rather than its prediction ability in time
series, we used a leave-one-out cross-validation (LOOCV) in each period. In LOOCYV, each learning set
was created by taking all samples except one, the test set being the sample left out. Thus, for n samples,
we obtained n different training sets and n different test sets. The resulting output listed the RMSE and
MAE, along with a pseudo R-squared type measure. The results imply the accuracy and performance
of the regression result in a new data set.

2.2.5. Relationship between Environmental Factors and Built-Up Area Expansion Indicators

A Spearman’s correlation test was used to determine the relationship between built-up area
expansion and environmental change, which is a nonparametric measure of rank correlation that
assesses how well the relationship between built-up area and values of environmental factors in each
year can be described using a monotonic function. The formula is as follows:

6% d>

w1y v

p=1-

where d; is the difference in the ordering of the two variables and 7 is the number of observations.
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3. Results

3.1. Mapping Results of the Speed and Acceleration of Built-Up Area Expansion

The mapping results show that the areas of high expansion speed and acceleration have enlarged
dramatically (Figure 5). The coastal region and some large cities in central China are areas with rapid
expansion speed. Large urban agglomerations, such as Beijing-Tianjin-Hebei (BTH) and the Yangtze
River Delta (YRD), have experienced accelerating expansion in the last 40 years. Acceleration in the
North China Plain and northeast region increased significantly between periods 3 and 4. Detailed
information at the city level can also be provided in the mapping results. Taking Shanghai as an
example, the rapidly expanding area has changed from the central region in the 1990s to the outlying
new towns in the 2010s, with its acceleration having a toroidal structure.
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Figure 5. Mapping results of expansion speed and acceleration at the national and city level.
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3.2. Temporal Variation of Built-Up Area Expansion at the National Scale

According to the calculation based on the mapping results, the built-up area expanded significantly,
from 19,434 km? in 1978 to 245,362 km? in 2017 (Figure 6). The 40 years were divided into four periods,
based on which the speed and acceleration of expansion were observed. The results show that the highest
annual growth occurred between 2010 and 2017, with an expansion speed of 13,808 km?/yr—3.38 times
more than in the previous time period—followed by 2000-2010 (5391 km?/yr), 1990-2000 (3495 km?/yr),
and 1978-1990 (3384 kmz/yr). The accelerations were 10.1, 187.6, and 937.4 krnZ/yrz, respectively,
indicating a considerable increase in overall driving forces, especially after 2010.

CEEES
= speed Q -
600 - "1 © acceleration t
e E
£l E
= S B
3 B -
; 400 B s
§ period 1 period2  period 3 period 4 - o
2 o
22 e
» & “
[19,434km?) v
T period 1 period 2 period 3 period 4
} 0 1990 t T | 1 ;T:‘
the Reform and Fiscal joining Financial Major Function-oriented
Opening up Policy Decentralisation WTO Crisis ~ Zones (MFOZs) in China
Special Economic Western Northeast Area Rise of Central
Zones Development Plan  Revitalisation Plan China Plan

Figure 6. Built-up area expansion in China between 1978 and 2017.

In terms of spatial distribution, the values of Moran’s I were positive, and the spatial dependence
was highly significant over the four decades, indicating the spatial clustering of expansion speed and
acceleration (Table 3). The Moran’s I values for expansion speed were 0.566, 0.667, 0.603, and 0.617 in
the four respective periods, with the highest spatial dependence in the 1990s. There was a gradual
increase in spatial clustering for expansion acceleration, with Moran’s I values of 0.293, 0.454, and 0.543,
respectively, indicating an increase in spatial clustering of socioeconomic resources driving built-up
area expansion.

Table 3. Moran’s I index of expansion speed and acceleration in different periods.

Speed Acceleration
Period1 Period2 Period3 Period4 Period1-2 Period2-3 Period 34
Moran’s I 0.566 0.667 0.603 0.617 0.293 0.454 0.543
p-value 0.001 0.001 0.001 0.001 0.001 0.001 0.001

3.3. Comparison among Regions and Urban Sizes

Comparison of urban expansion amongst various regions and urban sizes enables more insights
into urban expansion (Figure 7a, Table 4). Between 1978 and 2017, built-up areas in all regions increased
(Figure 7b). The eastern region exhibited the highest proportion of built-up area, followed by the
central region, the northeast region, and the western region, respectively. The average expansion
speeds were 3098, 1375, 89, 786 mz/yr per square kilometre of land in the eastern, central, western,
and northeast regions, respectively. The expansion speed in the eastern region increased continually
for 40 years, while the speed in central and northeast regions remained almost unchanged until 2010.
In terms of acceleration, the eastern region had the highest acceleration in all periods. During the first
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two periods, only the eastern region had a positive acceleration, reflecting the development priority
under limited resources. The acceleration of the eastern region from the 1990s to the 2000s was still
much higher than the other regions (118 m?/yr? vs. 33.1, 4.3, and 17.5 m?/yr? per square kilometre of
land). The last two periods saw significant increases in acceleration in all regions.
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Figure 7. Sample city identification and built-up area expansion: (a) sample city identification
of different regions and urban sizes; (b) differences in built-up area expansion by region, based on
comparison of built-up area, speed, and acceleration; (c) differences in built-up area expansion according
to urban size, based on comparison of built-up area, speed, and acceleration.
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Table 4. Comparisons of the area, speed, and acceleration by regions and urban sizes.

12 of 23

Area (km?) Speed (m? x (yr x km?)~1) Acceleration (m? x (yr? x km?)~1)
P1 P2 P3 P4
1978 1990 2000 2010 2017 (1978-1990)  (1990-2000)  (2000-2010)  (2010-2017) P1-P2 P2-P3 P3-P4
Regions
EZ;ZT 10,1773  30,016.6 51,372.6 84,5735 134,082.4 16533 2135.6 3320.1 7072.7 43.8 118.4 4415
Central
egion 41457 16,1590 24,0303 352100 59,130.8 1001.1 787.1 1118.0 3417.3 ~195 33.1 270.5
Vj:gsi;“ 4218 10947 15082  2349.6  3982.1 56.1 414 84.1 2332 ~13 43 17.5
Nf;;(fi“ 25519 81211 12,0193 17,6635 33,996.6 464.1 389.8 564.4 23333 6.8 175 208.1
Urban sizes
Small
s 173.6 3417 4875 677.8 1157.0 14.0 14.6 19.0 68.5 0.1 0.4 5.8
Mceifigm 528.2 16935 23875 34559  5893.9 97.1 69.4 106.8 348.3 25 3.7 28.4
Ef‘;f:’ 30042 10,4240 16,0466 24399.0 412048 610.8 562.3 835.2 2400.8 44 273 184.2
Megacities 14,0133 37,3115 657535 114,781.9 179,060.5 19415 2844.2 4902.8 9182.7 82.1 205.9 503.5
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Figure 7c displays the characteristics of urban expansion for differently sized urban cities. The variation
is quite large in all three indicators, with megacities ranking first, followed by large cities, medium cities,
and small cities. The average expansion speeds were 4126, 953, 134, and 25 m?/yr per square kilometre
of land for mega, large, medium, and small cities, respectively. Acceleration prior to 2010 was mainly
observed in megacities, indicating the concentration of development resources in major growth poles.

To further analyse the differences in urban expansion based on urban size within different
regions, we summarise the regional and urban size differences in Appendix A. The results show
that different-sized cities in the eastern region have experienced sustained urban expansion after the
reform and opening up, while expansion in other regions was mainly concentrated in megacities,
with megacities and large cities accelerating after 2000.

3.4. Type of Built-Up Area Expansion

The number of thriving cities increased by approximately 50% since 2000 (Figure 8). As a result
of rational investment, the changes in speed and acceleration were consistent, with no emerging city
being identified as particularly noteworthy. The spatial and temporal pattern changed over the 40 years.
The thriving cities between 1978 and 1990 were mainly concentrated in coastal China and the North China
Plain, with the highest speed and acceleration observed in the Pearl River Delta (PRD; see Figure 9). In the
1990s, the number of thriving cities in these regions increased; the highest expansion speed occurring in the
PRD, and the fastest acceleration occurring in the Yangtze River Delta (YRD) and Beijing-Tianjin—Hebei
(BTH). In the 2000s, many cities in the central and northeast regions, and some of the major cities in the
western regions, were also categorised as thriving. After 2010, acceleration failed to continue in some
megacities in the PRD; thus, these cities became stable following 20 years of thriving development.
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Figure 8. Categorisation results of expansion type in different periods based on speed and acceleration:
(a) expansion type categorisation in 1978-1990; (b) expansion type categorisation in 1990-2000;
(c) expansion type categorisation in 2000-2010; (d) expansion type categorisation in 2010-2017.



Remote Sens. 2020, 12, 3929 14 of 23

80°00"F 100°00°F 120°0'0°F 140°0'0"F S0°0'0"E 100°0°0°F 120°010"F 140°0°0"F
(a) 1978-1990 A (b) 1990-2000 &
J : )
g - .
s °s '3 z
¥ =
&
LJ
z $ ]
z
. [ ] 2
Legend - ’ Legend = \
@ Thrving cities ° ° 5 24 ; [~ s @ Thiving cities g
5 @ Sstavilizing cities é . i’"}‘,.,«?ﬁ/." * @ Stabilizing cities . (N.‘k{\"‘a»l/ f ‘
g Emerging cities °® “ 9 » Emerging cities i 5 ' 3” : g z
& Struggling cities o Struggling cities S i 4
- ] Economic zones - < [ JEconomic zones b ]
Provinces Provinces v
L J
<
(e) 2000-2010 o\ ) (d) 2010-2017 oy
{
{ [
.
z e . A A .‘
£ . Yo J e e **
£ . ’ . -
3 s T\.o: ' \W\e% o €
- b D) g
s ol
. .r% ° - S o
g /T3 | g [ix |
%“ O 20 ] .. 4 o '.
. e o .
2 . Tb v .
»§ L Sy e .¢ | ‘(;. .‘ g€
= T oo ol F ceses 2
G ety &
. o s% ‘Xo s o5 &
Legend [ 4 ; ..?? ‘,Q Legend : s ?? L
@ Thriving cities P (4 K 7 @ Thriving cities ° @ = g
| @ stabilzing cities . —("'};J,.,», ’ @ Stabilizing cities . ,,7/ / 3
= Emerging cities ® "’ o Emerging cities - ™ &
£ Struggling cities { o 0' Struggling cties 1 "i ’ =4
| I Feonomic zanes 2 [_]Feonomic zanes -8 2
Provinces </ Provinces -7
PY N N | P . 1
YP00E 100°0°0"E HO00"E 120°0'0"E 130°0'0"E 90°0'0"F 1H00°0'0"F HO00"E 120°0'0"E 130°0°0"F

Figure 9. Distribution of thriving, stabilising, emerging, and struggling cities in different periods:
(a) distribution of different types of cities in 1978-1990; (b) distribution of different types of cities in
1990-2000; (c) distribution of different types of cities in 2000-2010; (d) distribution of different types of
cities in 2010-2017.

In addition, in mature urban agglomerations, the neighbouring cities, such as Zhongshan,
Foshan, Wuxi, and Suzhou expanded concurrently. Cities in other agglomerations were distributed
independently in the axes, indicating the stage of development in the growth pole.

3.5. Socioeconomic Drivers behind Built-Up Expansion

After mapping and comparing the spatiotemporal changes in driving forces indicated by
acceleration, we further explored the specific drivers, in terms of the period (Models 1-4), region
(Models 5-8), and urban size (Models 9-12). The results of F test are significant all the time, indicating
the difference among cities, so that pooled model is rejected. The modified Hausman test indicated that
the fixed effects model performed better, with the exception of Models 5 and 12. Thus, Models 6-11
were based on the fixed effects model, while Models 5 and 12 were based on the random effect model.

The results of the total samples with a panel data model showed that changes in fixed asset
investment were positively correlated with built-up area expansion (Model 0 in Table 5). However,
the effects of different factors vary in different periods (Model 1-4 in Table 6). In the early period of the
reform and opening up, built-up area expansion was mainly related to population growth. In the 2000s,
the increase in GDP and fixed asset investment were significantly related to built-up area expansion,
where the proportion of secondary industry production strengthened the effect of GDP. After 2010,
fixed asset investment had a significantly positive effect, while the proportion of secondary industry
production diminished the effect of GDP.
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Table 5. Results of panel data models.

Regions Urban Sizes
National Eastern Central Western Northeast Small Medium Large Megacities
Region Region Region Region Cities Cities Cities &
Model 0 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model11  Model 12
GDP 0.015 -0.014 -0.087 —0.052 ** 0.093 -0.272 -0.079 0.066 * 0.044 **
GDP2*GDP  -0.005 0.105 *** 0.055 0.077 * —0.290 ** 0.241 0.000 —0.147 ** 0.009
POP 0.073 0.253 ** -0.161 —-0.037 —0.389 —3.277 *** -0.096 0.113 0.095
FAL 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 0.000 ***  0.000 ***  0.000 ***
Constant 120.415 179.009 ***  137.950 *** 42,559 ***  120.404 ***  49.815*** 45201 *** 113522 28(1'3,? 82
Sigma_p 151.621 160.290 131.032 48.541 97.480 34.299 53.905 147.723 209.169
Sigma_e 119.443 138.013 112.645 48.291 111.380 24.336 42.205 114.121 188.464
Rho 0.632 0.274 0.575 0.503 0.434 0.665 0.620 0.626 0.552
F-test 196.75 *** 522,15 *** 42.08 *** 66.03 *** 41.34 *** 7.17 *** 1212 ***  128.44 ***  159.82 ***
R? 0.29 0.547 0.230 0.493 0.627 0.066 0.093 0.335 0.433
Modified
Hausman  43.81 *** 4.95 47.44 *** 26.22 *** 16.26 *** 17.18 *** 10.11 ** 41.37 *** 1.54
test
Obs. 1129 334 307 368 120 57 179 214 115

Significant results are displayed in bold. *** p < 0.01. ** p < 0.05. *p < 0.1.

Table 6. Results of linear OLS models.

Periods
1978-1990 1990-2000 2000-2010 2010-2014
Model 1 Model 2 Model 3 Model 4
GDP 1.085 0.141 0.055 *** 0.027
GDP2*GDP 0.254 0.203 0.073 ** —0.117 **
POP 1.265 *** 0.111 0.151 -0.070
FAI 0.000 —0.000 0.000 ** 0.000 ***
Constant 40.299 ** 50.565 *** 22.909 ** 94,723 ***
Adjusted R? 0.221 0.394 0.677 0.433
Obs. 235 291 318 285

Significant results are displayed in bold. *** p < 0.01. ** p < 0.05. *p < 0.1.

The drivers varied, in terms of region and urban size. In the eastern region, population growth,
fixed asset investment, and secondary industry production were positively related to built-up area
expansion. The central region had a significant relationship with fixed asset investment. In the western
region, GDP and fixed asset investment were significantly related to built-up area expansion, where the
negative effect of GDP was mitigated with higher secondary industry production. In the northeast
region, fixed asset investment was positively related, and the secondary industry production played a
negative role in mediating the effect of GDP.

Cities of different sizes experienced different expansion paths. In small cities, population played a
negative role. In medium cities, fixed asset investment was a positive driver. In megacities and large
cities, GDP and fixed asset investment were positively related to built-up area expansion; whereas,
in large cities, the proportion of secondary industry production diminished the effect of GDP.

The validation result indicates that the modelling is relatively stable with the panel data at national
scale, with outliers in certain cities (Figure 10). Despite the relatively small adjusted R-square, we can
say that the model is reliable and applicable. The RMSE, MAE, and pseudo R-squared in each period
are listed in Table 7. They can serve as a comparison for future research.
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Figure 10. Adjusted R-square in different training datasets.

Table 7. Results of cross-validation.

Model 1 Model 2 Model 3 Model 4
RMSE 168.29 116.33 140.80 278.00
MAE 106.71 79.06 82.85 180.98
Pseudo-R2 0.16 0.34 0.59 0.35

3.6. The Environmental Effects of Built-Up Area Expansion

The built-up area continued to rise between 1990 and 2017. At the same time, wastewater discharge
increased from 3.54 billion tons in 1990 to 7.35 billion tons in 2015, with an average annual increase of
3.0%. The average area of natural reserves showed a decreasing trend, especially after 2001, from 8.37
to 5.35 km? in 2017, with an average annual decrease of 2.8%. Industrial waste gas emissions revealed
a rising trend, with the greatest increase occurring between 2000 and 2010.

The change in wastewater discharge, industrial waste gas emissions, and average area of natural
reserves was consistent with that of built-up area expansion (Figure 11a). The Spearman’s correlation
coefficient passed the significance test and the coefficients between built-up areas and industrial waste
gas emission, wastewater discharge, and average area of natural reserves were 0.997, 0.997, and —0.989,
respectively. In terms of speed, the growth speed of environmental factors was lower than that of
built-up area after 2010 (Figure 11b), showing an opposite acceleration direction. Taking industrial
waste gas emissions as an example, different characteristics were shown in three periods. In the 1990s,
its growth trend was similar to that of built-up areas. In the 2000s, there was a significant increase
in its growth rate, becoming much higher than that of built-up areas, mainly due to industry-driven
expansion [20]. Along with the industrial structural transformation and the introduction of clean
production policies, its growth rate slowed after 2011.
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Figure 11. Relationship between built-up area expansion and environmental factors: (a) dynamics of
built-up area expansion and environmental factors; (b) comparison between speed of built-up area
expansion and environmental factors.

4. Discussion

4.1. Mapping Results of the Speed and Acceleration of Built-Up Area Expansion

With the multitemporal impervious area data set from Gong et al. [33], the spatiotemporal
dynamics of built-up areas were assessed at a 5 X 5 km resolution. It provides us with the expansion of
built-up area at 34 time points (1978, 1985-2017). Thus, it is possible to detect the temporal change
thoroughly. Corresponding with this characteristic of the data source, we chose speed and acceleration
as indices to detect the spatiotemporal change in built-up area. We produced a new data set, mapping
the expansion speed and acceleration over the four decades with fine spatial resolution. It can
indicate the temporal changes since marketisation in China and the spatial pattern of built-up areas in
different periods. Using the acceleration indicator, the spatiotemporal dynamics of driving forces were
discerned. The driving forces of built-up area expansion were found to be highly concentrated in the
main agglomerations in coastal China. More and more cities have been expanding with increasing
force over the last 40 years, as related to the abundant development resources and policies targeting
balanced development.

Detailed information at the city scale can also be recognised in the mapping results. This provides
information on the change in urban structure, system, and expansion direction, by displaying areas
with intensified speed and acceleration. Using the data set we have produced, further research on
different spatial scales can be carried out.

4.2. New Perspectives from the Mapping Results

4.2.1. Built-Up Area Expansion Dynamics on the National Scale and in Subgroups

The temporal change of speed and acceleration results showed that the driving forces of built-up
area expansion grew dramatically, especially in the early part of the 21st century, which was affected
by economic development and national policies. The socioeconomic development in the 20th century
in China was not sufficiently abundant to promote the rapid expansion of built-up areas. Due to
the deepening of marketisation and globalisation since China’s entrance to the WTO, China has
seen a marked increase in the acceleration of its expansion, especially in the eastern region [20,23].
The significant increase in acceleration from 2005 to 2014 is mainly related to the large-scale construction
activities in response to the economic downturn, as well as more industrial land being released to
attract projects [37]. Beyond a spatial carrier of human activity, the expansion in the 2010s acted more
like a tool to facilitate economic growth [38].

From the regional perspective, prior to 2000, positive acceleration was only observed in the
eastern region. In this period, the open cities were mainly distributed along the coastline, attracting
development resources. Around 2000, regional development policies, including Western Development
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(1999), Rise of Central China (2006), and Northeast Area Revitalisation (2003), had an impact on
expansion acceleration. Thus, the built-up area expansion shifted from single-region clustering to
synergistic development at a national scale, with the fastest expansion still in occurring the eastern
region, while great expansion also appeared in the central and northeast regions.

In terms of urban size, we found that the speed and acceleration of built-up area expansion were
positively related to urban size. This result is in agreement with previous studies that found urban
size to positively relate to land urbanisation speed [25,39,40]. We further found that larger cities were
more likely to attract more development resources and to have greater driving forces for built-up area
expansion, reflecting the siphon effect [41].

4.2.2. Relationship between Speed and Acceleration

The linear relationship between speed and acceleration has gradually strengthened over the past
decades. The Pearson correlation coefficient reached 0.877 in the 2010s. This indicates the clustering of
built-up areas and its driving forces (i.e., development resources). The higher the expansion speed,
the faster the resources are gathered. Further investigation revealed that the two indicators were not
always in a linear relationship but, rather, in an inverted U-shape relationship (Figure 12). Cities with
higher initial driving forces are more likely to attract resources in the next phase, until reaching a
certain threshold, beyond which the increase in management, transportation, and environmental costs
will be huge [36]. Our statistics show that this peak appears when the annual growth area is about 1%
of the total land.

0.002-

Speed (km?/yr?)

—0.001- ' . . ' '
0.000 0.005 0.010 0.015 0.020

Acceleration (km?/yr)
Figure 12. Relationship between speed and acceleration.

4.3. Temporal Change in Driving Factors and Its Spatial Heterogeneity

The OLS results suggest that the main driver changed from population to economic development
and fixed asset investment. In the early stages of the market economy, population growth served
as the main driver; that is, built-up area was the spatial carrier for human living, while its effect
on population growth within built-up area expansion did not persist all the time [42]. In the 2000s,
the economy experienced rapid development after China joined the WTO. The built-up area involved
in this process was one of the main factors of production. Investment is a key driver of economic
growth, especially after the financial crises in the 2000s and in the 2010s, when exports could not
support economic growth. Investment in real estate and infrastructure were encouraged to boost
economic growth, thus facilitating the expansion of built-up areas. The industrial structure played
different roles in the first two decades of the 21st century. In the 2000s, growth in secondary industries
drove built-up area expansion while, in the 2010s, with the transformation of industrial structure,
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industrial land development slowed down in relatively developed regions [43—45], such that cities
with a higher proportion of secondary industries had lower expansion speed.

The drivers varied with regions and urban sizes. Fixed asset investment was significantly related
to built-up area expansion in all regions, suggesting the important role of investment. Surprisingly, GDP
growth was negatively related to built-up area expansion in the western region, suggesting a different
development path. The Western Development Program relies primarily on ‘primitive’ economic
sectors [46], thus relying less on built-up area expansion. In the Northeast region, with industrial
decline, the central cities have mainly focused on developing tertiary industries, while regions with a
higher rate of change in secondary industries have experienced a lower rate of expansion.

In terms of urban size, investment did not play a role in the built-up area expansion in small cities,
where little fiscal expenditure can be used to construct infrastructure and the market environment
does not appeal to companies. The relationship between change in GDP and built-up area expansion is
significant in the cases of large cities and megacities while, in smaller cities, too much intervention
from the government drives the expansion of built-up areas, leading to a sprawling pattern departing
from market rules [47]. This also accounts for the negative effect of population growth in small cities.

The drivers in different regions and urban sizes may also change across periods [48]. Huang et al.
found that the driving factor of built-up area expansion in western China has shifted from economic
growth in 2000 to industrial structure in 2015 [49]. Chen et al. found that the driving forces in northeast
China also varied between 1990 and 2015 [50]. The variation of driving forces in different areas deserve
further exploration.

4.4. Application of Built-Up Area Expansion Indicators to Environment Change

Our results show that built-up area expansion is consistent with environmental change, which has
been proven by many researchers, suggesting that built-up area expansion has an effect on loss of
biodiversity [5,51], inferior air quality [52,53], local and regional climate change [54,55], hydrological
cycle alteration [56], and soil quality deterioration [57].

Apart from the general negative relationship, we also found that the growth speed of environmental
factors was not always consistent with that of the built-up area. The environmental change slowed
down in the 2010s, while the built-up area expansion accelerated. We can interpret, from this enlarging
gap, that the relative importance of built-up area expansion for environmental change has decreased.
Moreover, the difference in acceleration reflects the effects of other drivers. Here, these mainly comprise
the effects of enhanced environmental protection policies. Industrial structure transformation may also
play a role. We can preliminarily summarise that the comparison of speed between environmental
change and built-up area expansion can provide more information on the extent to which environmental
change is influenced by built-up area expansion, while the comparison of acceleration reflects the
different changing patterns of driving forces (which come mainly from the government).

In this paper, we did not further investigate the spatial heterogeneity. Existing studies have noted
that the relationship between built-up area expansion and environmental outcomes varies with different
urban sizes [53], as well as different regions [58]. Therefore, the environmental effects of built-up area
expansion speed and acceleration with respect to different spatial strata need to be further explored.

Apart from environmental effects and their related health impacts, further application of these
indicators can be explored in future studies, including the dynamic alignment of built-up area with
economic development and population growth, in order to test the efficiency and sustainability of
built-up area expansion from a longitudinal perspective. Cities in different expansion categories may
have different performance in the relationship. The exploration of dynamically changing relationships
may be helpful in revealing mechanisms, for which more empirical research is needed.

5. Conclusions

Remote sensing data with long-term series and large geographic coverage make it possible to
observe urban expansion from a spatial and temporal perspective. In this study, we used the concept
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of acceleration to represent the change in driving forces and developed a new data set providing the
speed and acceleration of expansion between 1978 and 2017 in China. Based on the mapping results,
we investigated the dynamics, driving forces, and environmental effects of built-up area expansion.

We found that (1) there has been considerable growth in the built-up area in China over 40 years,
with the eastern region and the megacities experiencing the highest growth speed. Thriving cities, with high
expansion speed and acceleration, and which are mainly in the eastern region, were observed. (2) Driving
forces tend to increase in rapidly expanding cities and, in analysing the relationship between expansion speed
and acceleration, an inverted U-shape relationship was uncovered. (3) The overall driving forces increased
dramatically over the four analysed decades. The main drivers changed from population to economic
development and fixed asset investment. The driving forces and drivers varied amongst regional distribution
and urban size. (4) The environmental factors changed consistently within built-up areas. The difference in
speed reflects changes in driving effect, while the difference in acceleration reflects the roles of other drivers.

In this study, we developed a method for mapping the speed and acceleration of urban built-up
areas. The combination of these two indicators was shown to be useful for identifying expansion
dynamics and changes in driving forces, with potential for further application in the study of
environmental effects. They are suitable for longitudinal data and we hope that they will be used to
generate more interest in related subjects or on different scales.
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Figure A1. Differences in urban expansion by urban size within different regions.
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