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Abstract: Escalating urban issues in Beijing call for comprehensive exploration of urban construction
land expansion towards the goal of carbon neutrality. Firstly, urban construction land in Beijing
during the period 2005-2020 was accurately detected using Landsat images and impervious surface
data, and then its expansion characteristics were revealed. Finally, the driving mechanism of urban
construction land expansion was explored using geographically and temporally weighted regression
from the input-output perspective. The results showed that the expansion speed and intensity of
urban construction land in Beijing showed an overall tendency to slow down, and the center of urban
expansion shifted to the new urban development zone and ecological function conservation zone.
Urban construction land expansion in the central urban area was first scattered and then compact,
while that in the new urban development zone and ecological function conservation zone primarily
followed an outward pattern. The permanent population, per capita GDP, and per capita retail sales
of social consumer goods were the primary driving factors of urban construction land expansion in
Beijing, the impacts of which varied significantly among different districts of Beijing. All these results
can provide a solid foundation for improving land use policies towards the goal of carbon neutrality
in highly urbanized areas.

Keywords: construction land expansion; landscape pattern; influencing factors; input-output theory;
geographically and temporally weighted regression model; Beijing

1. Introduction

There has been urban construction land rapid expansion along with accelerated ur-
banization across the world, which has been one of the important contributors to carbon
emissions and climate change [1,2]. Land use change has been the core driving force of
carbon storage in terrestrial ecosystems, accounting for one-third of the anthropogenic
carbon emission [3,4]. In particular, urban construction land expansion has an increasing
impact on ecological carbon storage and carbon emission [5]. On the one hand, there is
considerable conversion of cropland, forest, and grassland with higher carbon storage
abilities into urban construction land with lower carbon storage abilities in the process
of urbanization, greatly reducing the carbon storage capacity of terrestrial ecosystems [1].
On the other hand, the increasing consumption of fossil fuel within urban construction
land also leads to a significant increase in carbon emission; for example, the urban areas
have accounted for approximately 3/4 of the total carbon emission of the world [6]. Most
previous studies have therefore suggested there is generally a strong positive correlation
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between urban construction land expansion and carbon emission, and the newly added
construction land is an important source of increased carbon emission [7]. However, some
other studies have suggested there was an inverted U-shaped trend of the impact of urban
construction land expansion on urban carbon emission, which may be due to the spatial
heterogeneity to carbon emission efficiency in the urbanization of different dimensions [5,8].
This provides some novel approaches for achieving a balance between rapid urbanization
and carbon emission reduction, e.g., regulation of land use change and improvement in
carbon emission efficiency [2]. In fact, there are both various influencing factors of urban
construction land expansion and heterogeneous impacts of urban construction land on
carbon emission across different geographical zones and urban area sizes [5]. It is of great
practical significance to accurately reveal the characteristics and driving mechanism of
urban construction land expansion, which can provide important theoretical support for
low-carbon urbanization and carbon neutrality [4].

Urban construction land expansion as the most direct spatial manifestation of urban-
ization has been a central topic in urban studies worldwide, and is generally explored
with 3S technology [9,10]. For example, some scholars have revealed the spatiotemporal
patterns of urban expansion of megacities such as Beijing using remotely sensed land use
data and GIS tools [9-12], while other studies have revealed the characteristics of urban
land expansion, e.g., the growth rate of urban land, conversion from arable land to of urban
land, and expansion process of construction areas in major urban agglomerations based
on GIS technology multi-period remote sensing data [13-15]. For example, some previous
studies based on remote sensing data such as nighttime light data suggested there has been
extensive expansion of urban areas in Beijing in the past decades, with an annual urban
expansion rate of 3.46% during the period 1978-2015 [10,15].

There are inevitably some limitations in the traditional retrieval of urban construction
land based on remote sensing data, and the increasingly mature 3S technology and abun-
dant multi-source data lay a firm foundation for further improving the retrieval accuracy
of urban construction land. For example, there may be considerable differences in the
resolution of long time-series remote sensing images from different satellite sensors, and
earlier remote sensing images with the same resolution generally exhibited high error rates.
In particular, the accuracy of the traditional retrieval of urban construction land is easily
affected by the quality of remote sensing images with different cloud amounts in different
months, and it costs a lot of human and material resources to carry out the correction of
cloud layers, radiation, spectra, and so on. It may be feasible to improve the retrieval
accuracy of urban construction land and reduce the cost by supplementing the retrieval
results based on traditional methods with multi-source impervious surface data, which can
effectively reduce the influence of mixed pixels. In fact, some studies have explored urban
expansion using impervious surface data [16-18]. However, there are various impervious
surfaces, which may lead to some errors in the retrieval of urban construction land. For
example, infrastructure in the periphery of cities may be classified as urban construction
land, while parkland within cities may be excluded if the retrieval of urban construction
land is solely based on the impervious surface data. There is therefore an urgent need to
further improve the retrieval of urban construction land by integrating the impervious
surface data with more accurate methods based on 3S technology.

Urban construction land expansion is influenced by various driving factors [19], which
have been generally explored with statistical analysis such as regression analysis in and
previous studies [20,21]. Specifically, socio-economic factors such as gross domestic product
(GDP), income of urban residents, and urban transportation generally have considerable
influence on urban construction land expansion [20,21]. For example, there was temporal
coevolution of the urban area with the urban population in Beijing, indicating the rising
efficiency of urban land use [20]. But these driving factors of urban construction land
expansion were generally selected according to previous experience rather than a solid
theoretical foundation in most of the previous studies [20,21]. By contrast, the input—output
theory suggested that the urbanization process can be regarded as the result of rising
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urban output brought on by the social input, which provides a reliable theoretical foun-
dation for improving the rationality of selecting the driving factors of urban construction
land expansion [22,23]. It is therefore necessary to carry out more in-depth research on
urban construction land expansion on the basis of the input-output theory. Furthermore,
previous studies have primarily explored the driving factors of urban construction land
expansion via regression analysis such as conventional ordinary least squares regression
(OLS) and geographically weighted regression (GWR), which generally fail to capture
the non-stationary variation in urban construction land over time or space [24-27]. By
contrast, the geographically and temporally weighted regression (GTWR) model, which
was further developed based on the GWR model, can effectively reveal the spatiotemporal
relationship between independent variables and dependent variables [28]. It is therefore
better to explore the driving factors of long-term and non-stationary urban construction
land expansion with the GTWR model [28,29].

Beijing, as the capital of China, has experienced substantial urban sprawl in the
past decades, where the urbanization rate has been as high as 87.5% in 2021 [23,30,31].
The rapid urban construction land expansion has led to a series of ecological and social
problems such as serious environmental pollution, increasing energy consumption, and
considerable loss of agricultural land [10]. The concept of reducing construction land while
promoting development has been proposed in the new round of national spatial planning
of Beijing to cope with the excessive expansion of urban construction land. Previous studies
have generally depicted the physical process of urbanization in Beijing with aggregate
area change extent or rate from non-urban land to urban uses from the macroscopic and
static perspective, providing limited information regarding the internal spatial patterns
or driving factors of urban construction land expansion [10]. It is therefore necessary
to carry out more in-depth analysis of the characteristics and driving mechanisms of
urban construction land expansion in Beijing based on more accurate data and up-to-date
technology, which can provide valuable reference information for formulating regional
land use policies and achieving carbon neutrality for Beijing and other cities [31]. This
study has therefore aimed to (1) detect the urban construction land of Beijing and reveal its
expansion characteristics more accurately based on up-to-date remote sensing images and
(2) reveal the driving mechanism of urban construction land expansion more accurately
based on the input-output theory and the GTWR model. The results of this study can
provide a basis for formulating land use policies in Beijing and offer valuable guidance for
the optimal utilization of construction land in other areas with high urbanization levels
against the background of carbon neutrality.

2. Materials and Methods
2.1. Study Area

Beijing is in the northern part of the North China Plain (115.7-117.4° E, 39.4-41.6° N),
with a total area of approximately 16,410 km?. Beijing is adjacent to Yanshan Mountain,
where the elevation generally ranges between 1000 and 1500 m in the mountainous ar-
eas and 20 and 60 m in the plain areas, with the elevation declining significantly from
northwest to southeast [31]. Beijing includes 16 districts, such as the Dongcheng, Xicheng,
and Chaoyang districts and the Beijing Economic-Technological Development Area (BDA)
(Figure 1). Beijing is generally divided into four areas, i.e., the capital function core zone,
urban function expansion zone, new urban development zone, and ecological function con-
servation zone, according to the “Main Functional Zone Planning of Beijing”. Specifically,
the capital function core zone includes the Dongcheng and Xicheng districts, and the urban
function expansion zone includes the Haidian, Chaoyang, Fengtai, and Shijingshan dis-
tricts. The new urban development zone includes the Changping, Shunyi, Tongzhou, BDA,
Daxing, and Fangshan districts, and the ecological function conservation zone includes
the Mentougou, Yanqing, Huairou, Miyun, and Pinggu districts. The total permanent
population of Beijing increased from 15.38 million in 2005 to 21.954 million in 2016, and
thereafter gradually decreased to 21.89 million in 2020. But there has been rapid economic
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development in Beijing in the past decades, where the regional GDP reached USD 633.40 bil-
lion and the per capita regional GDP reached USD 28,514 in 2021. Meanwhile, there was
significant urban construction land expansion in Beijing, but with a declining trend in the
land use carbon emissions in recent years [31]. For example, the carbon emissions of Beijing
reached approximately 2.6 million tons in 2021, and the carbon dioxide emissions per unit
GDP decreased by about 4% in comparison to 2020, leading to continuous improvement in
the ecological environmental quality.
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Figure 1. Overview of the study area.

2.2. Data Preparation

This study collected data from the period 2005-2020, which is the implementation
period of the “Beijing Urban Master Plan (2004—-2020)”. This study used remote sensing
images with a spatial resolution of 30 m in four periods during the period 2005-2020, which
were obtained from the USGS Earth Explorer website (https://earthexplorer.usgs.gov/,
accessed on 18 March 2022) (Table 1). This study primarily selected the Landsat images
from the first half of May to the middle of June and from the first half of September to
the first half of October, considering the growth patterns of vegetation and the planting
practices of crops in the study area. Furthermore, the impervious surface data were
extracted from China’s 30 m Land Cover Dataset from 1990 to 2020 on the Zenodo data
sharing platform (https://zenodo.org/, accessed on 20 May 2022). In addition, Beijing’s
digital elevation model data and administrative division data were obtained from the
Resource and Environment Science and Data Center of the Institute of Geographic Sciences
and Natural Resources Research, Chinese Academy of Sciences (https://www.resdc.cn/,
accessed on 21 May 2022). Finally, the socio-economic data were extracted from the Beijing
Statistical Yearbook and the Beijing Regional Statistical Yearbook.
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Table 1. Information on remote sensing images used in this study.

Date Satellite Sensor Strip Number/Row Number
2005 Landsat 5 ™ 123/32,123/33

2010 Landsat 5 ™ 123/32,123/33

2015 Landsat 8 OLI 123/32,123/33,124/32
2020 Landsat 8 OLI 123/32,123/33, 124/32

This study detected the urban construction land in the remote sensing images using
ENVI 5.3 software (Figure 2). Firstly, data pre-processing of Landsat images was carried
out, including radiometric calibration, atmospheric correction, clipping, and mosaicking.
Then, the interpretation keys were established, with the land cover classified into six types,
i.e., cropland, forest, grassland, construction land, water body, and unused land, and the
supervised classification was used to detect the construction land throughout the study
area. Finally, this study further processed the detected urban construction land to reduce
the error according to the process shown in Figure 2.
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Figure 2. Technical flowchart of the construction land interpretation.

This study focused on the urban core and peripheral areas defined by the “Beijing
Urban Master Plan (2004-2020)”. The urban core areas include the downtown area and
the surrounding ten edge groups, including Beiyuan, Jiuxiangiao, Dongba, Dingfuzhuang,
Fatou, Nanyuan, Fengtai, Shijingshan, Xiyuan, and Qinghe as well as Huilongguan and
Beiyuan, which are approximately equivalent to the Haidian, Chaoyang, Dongcheng,
Xicheng, Fengtai, and Shijingshan districts. At the same time, peripheral areas cover the
remaining part of Beijing. This study firstly eliminated the impervious surface data in
the peripheral areas, and then intersected the retrieved urban construction land data and
the impervious surface data in the urban core areas, eliminating the fragmented patches
and obtaining the confirmed urban construction land. Furthermore, the parkland data
within the urban core area were extracted from the detected urban construction land, which
was used to complete the missing data due to the data intersection. Additionally, the
impervious surface in areas outside the areas of data intersection within the core area
should be impervious in theory but may be misclassified into other land use types. This
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study has therefore included these areas as the missing construction land to form the final
urban construction land data. Finally, the retrieval accuracy was evaluated using the Kappa
coefficient based on the field survey data.

2.3. Exploration of Urban Construction Land Expansion Characteristics

This study explored the quantitative characteristics of urban construction land expan-
sion using the expansion speed and intensity. The expansion speed of urban construction
land refers to the average annual expansion area of construction land during a certain
period. The urban construction land expansion intensity refers to the ratio of newly added
construction land area during a certain period to the urban construction area of the base
period and the time duration of a certain period. It quantifies the rate of change in the
urban construction land area [32]. The specific equations are as follows:

Ay — Ay
— 1
51 T @™
_ -4 0

where S represents the expansion speed of urban construction land, S, represents the
expansion intensity of urban construction land, A; is the initial urban construction land
area over the initial period, A is the urban construction land area over the ending period,
and T is the time duration of a certain period. The dynamic degree was classified into
four categories using the natural break classification method: low intensity, relatively low
intensity, relatively high intensity, and high intensity.

This study characterized the morphological characteristics of urban construction
land using the area-weighted mean fractal dimension (AWMPEFD), by splitting the urban
construction land into independent patches according to the principle of boundary non-
contact [33]. Meanwhile, this study characterized the complexity of urban construction
land expansion using the area-weighted mean shape index (AWMSI). Both indices were
calculated using Fragstats 4.2 as follows:

_ U 211’1(0.25;?1') a;
AWMPED = 1:21 [hwl (A)] 3)

AWMSI = ¥ {(0‘\2/271') (i{)} @)

i=1
where A represents the total area of urban construction land and 4;, and p; represent the
area and perimeter of the ith construction land patch, respectively.

2.4. Exploration of the Driving Mechanism of Urban Construction Expansion

This study explored the driving mechanism of urban construction land expansion
with the GTWR model since the urban construction land varied both geographically and
temporally. The GTWR model can simultaneously reveal the non-stationary relationship
between urban construction land expansion and its driving factors in space over time by
incorporating the temporal effects into the GWR model as follows [29]:

yi = Po(xi, yi, ti) + ) Pe(xi, i £) Xir + e ®)

where x; and y; represent the spatial coordinates (longitude and latitude) of the ith sample
point and ¢; represents the time dimension coordinate of the ith sample point; Py is the
regression constant of the sample point (x;, y;, t;); Xj; represents the value of the kth indepen-
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dent variable at the ith sample point; e; represents the residual value; and Px(x;, y;, t;) is the
kth regression parameter of the ith sample point, which was estimated as follows:

N -1
P(X,‘,yl‘, ti) = [XTW(XI‘,}/Z', ti)X] XTW(xi,yl-, tl')Y (6)

where P (xj,yi,t;) is the estimated value of Py(x;, y;, t;); X is the matrix of independent
variables and X7 is the transpose matrix of X; Y is the sample matrix; and W(x;, y;, t;) is
the spatiotemporal weight matrix, which was obtained with the finite Gaussian function,
namely the bi-square spatial weight function [8,34]. The optimal bandwidth of the GTWR
model was determined with the widely used Akaike information criterion in this study.

The previous studies have generally used the expansion speed or intensity of construc-
tion land expansion as the dependent variable [35], and this study accordingly used them
as the candidate dependent variables and thereafter selected the one with the higher coeffi-
cient of determination (R?). Moreover, urban development can be regarded as the process of
increase in the benefit of industrial aggregates under the constraints of land conditions and
the guidance of government policies according to the input-output theory and the theory
of urbanization [36]. It is therefore of high scientific importance and operability to select the
indicators of driving factors of urban construction land expansion from the input-output
perspective, which can effectively reduce the problem of empiricism and make the research
results more robust [37]. Specifically, the input factors of urban development include the
land, labor, and capital, which jointly influence the output of urban areas according to the
extended Cobb-Douglas production function [38,39]. The approaches of increasing the
output from the perspective of urban construction land primarily include the increase in
the land area and improvement in the utilization efficiency of urban construction land, both
of which are closely related to the input and output of economic activities [40]. This study
has therefore selected the driving factors of urban construction land expansion from the
input-output perspective (Table 2).

Table 2. Selection of influencing factors of urban construction land expansion.

Index Layer Variable Index Factor Index Explanation
o1 X1 Per capita general public budget expenditure Government support level
Capital input o g . . . .
Xz Per capita fixed asset investment Overall investment intensity
Labor input X3 Permanent population Human resource foundation
Xy Per capita GDP Level of economic development
Economic output X5 Per capita industrial output value Level of industrial capacity
X6 Per capita general public budget revenue Government revenue and expenditure capacity
Xy Per capita d1spose}ble income of Standard of living for residents
. urban residents
Social output . .
Per capita consumption level of .
Xg . Consumer demand for residents
urban residents
Xo Per capita social consumer goods retail sales Level of social consumption
Terrain constraints Xy, X11 Relief degree of land surface, slope Geological and geomorphic foundation

More specifically, the input index layer included the capital input (per capita general
public budget expenditure, per capita fixed asset investment) and labor input (permanent
population). Meanwhile, the output index layer included the capital output (per capita
GDP, per capita industrial output value, and per capita general public budget revenue) and
social output (per capita retail sales of consumer goods, per capita disposable income of
urban residents, and per capita consumption expenditure of urban residents). At the same
time, the topography was used as the limiting index layer, including the land surface’s relief
degree and slope (Table 2). In particular, the Economic-Technological Development Area is
inconsistent with traditional administrative districts, where the management hierarchy and
data acquisition were also inconsistent with other districts and counties. Therefore, this
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study explored the driving mechanism of urban construction land expansion based on the
administrative district to guarantee scientific validity and calculation convenience. Addi-
tionally, this study further filtered these driving factors according to their variance inflation
factor (VIF) to ensure the accuracy of the model output, with VIF <5 as the threshold.

3. Results
3.1. Quantitative Characteristics of Urban Construction Land Expansion in Beijing

The results of this study showed that the overall accuracy of the urban construction
land detection was above 95% in all years, indicating the retrieval method used in this
study performed better than that in most of the previous studies. For example, the accuracy
of the ChinaCover2010 product reached approximately 91% in the first class and 82% in the
second class. The overall accuracy of the GlobeLand30 V2010 and GlobeLand30 V2020 data
reached 83.50% and 85.72%, with Kappa coefficients of 0.78 and 0.82, respectively, while the
accuracy of the land use data provided by the Resource and Environment Science and Data
Center (https://www.resdc.cn/, accessed on 22 October 2022), which are the most widely
used in China, was above 85% for cropland and construction land and approximately 75%
for other land use types. These previous studies generally detected urban construction
land solely based on remote sensing images, leading to relatively limited retrieval accuracy.
By contrast, the Kappa coefficient in this study reached 0.95 in most years, which met the
need of exploration of urban construction land expansion, indicating it is feasible to reduce
the retrieval workload and improve the retrieval accuracy of the urban construction land
by integrating the remote sensing images and impervious surface data.

The results suggested the total area of urban construction land in the study area in
2005, 2010, 2015, and 2020 reached 2746.58 km?, 3130.35 km?, 3429.5 km?, and 3646.15 km?,
respectively (Figure 3). Moreover, the results showed obvious spatial heterogeneity of the
urban construction land expansion in the study area. Specifically, the construction land was
concentrated in the central urban area in 2005, and there was remarkable construction land
expansion in the Yanqing District and the surrounding areas of the central urban area during
the period 2005-2010. However, the urban construction land expansion slowed down
during the period 2010-2015, mainly in the Miyun and Yangqing districts. Furthermore,
the urban construction land expansion further slowed down during the period 2015-2020,
mainly in the southern and southeastern areas around the central urban area and some
parts of the Yanqing and Pinggu districts.

The expansion speed of urban construction land varied remarkably among different
parts of the study area, and the urban construction land increased most rapidly during the
period 2005-2020 in the central urban area, followed by the new urban development zone,
e.g., Daxing, the BDA, Shunyi and Changping districts (Table 3). The urban construction
land kept expanding rapidly in the central urban area, which contains the major urban core
area with a larger spatial scope and more population. Meanwhile, the urban construction
land expansion in the new urban development zone was accelerated in Daxing, Shunyi,
Changping, and the BDA but was relatively slow in the Tongzhou and Fangshan districts.
By contrast, the urban construction land expansion was relatively rapid in Huairou and
Miyun and slowed in Mentougou and Yanqing in the ecological function conservation zone.
Overall, the urban construction land expansion in the study area slowed down during
the period 2005-2020, especially in the central urban area, where the expansion speed
continued to slow down significantly.
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Figure 3. Spatial pattern of construction land expansion in Beijing during the period 2005-2020.

Table 3. Expansion speed of urban construction land in Beijing by districts and counties (unit: km?/a).

2005-2010 2010-2015 2015-2020 2005-2020
Central urban area 8.85 6.45 3.64 6.31
Changping District 3.56 1.89 1.41 2.29
Shunyi District 3.68 3.99 1.33 3.00
Tongzhou District 2.76 1.77 1.02 1.85
Daxing District 4.84 3.06 1.82 3.24
Fangshan District 2.55 1.86 0.90 1.77
Mentougou District 0.48 0.68 0.58 0.58
Miyun District 1.37 2.58 1.31 1.75
Pinggu District 1.63 0.94 0.81 1.13
Huairou District 2.70 2.07 1.42 2.06
Yanging District 1.09 0.70 0.94 0.91
Economic-Technological Development Area 3.66 5.16 1.03 3.28
Overall 37.17 31.15 16.21 28.17

The expansion speed of urban construction land in the study area varied significantly
in different periods. Specifically, the urban construction land expansion in the central
urban area was considerably more remarkable in the central urban area than in other parts
of the study area during the period 2005-2010. The urban construction land expanded
relatively rapidly in the Daxing and Shunyi districts, the BDA in the new urban devel-
opment zone, and Huairou District in the ecological function conservation zone during
the period 2005-2010 but much more slowly in the Miyun, Yanqging, and Pinggu districts
in the ecological function conservation zone. Consequently, the urban construction land
expansion slowed down to some degree. However, it was at a relatively high speed in
the central urban area during the period 2010-2015, while it significantly accelerated in
the BDA and Shunyi District. The urban construction land expansion slowed down in
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Daxing District, while it was still at a low rate in the Mentougou, Pinggu, and Yanqing
districts. The urban construction land expansion was at a relatively high speed in the
central urban area, Daxing District, Changping District, Shunyi District, Miyun District,
Tongzhou District, and the BDA during the period 2015-2020. However, other parts of the
study area experienced a relatively low expansion speed.

Considerable spatial heterogeneity was observed in the intensity of the urban con-
struction land expansion across different parts of Beijing (Table 4). During the period
2005-2020, the areas with high intensity of urban construction land expansion primarily
included the BDA and the Yanqing, Miyun, Pinggu, and Huairou districts in the ecological
function conservation zone. However, the urban construction land expansion intensity was
always low in the central urban area and relatively low in the new urban development
area districts and Mentougou District. Specifically, the urban construction land expansion
intensity was higher than 5% in the Yanqing, Huairou, and Pinggu districts and the BDA
during the period 2005-2010, while it was below 2% in Mentougou District. However,
the urban construction land expansion intensity was above 5% in Miyun and the BDA
and below 2% in Tongzhou, Changping, and Daxing during the period 2010-2015. The
urban construction land expansion intensity was the highest in the BDA during the period
2015-2020, followed by the Yanqing, Miyun, Pinggu, Huairou, and Mentougou districts,
while it reached only 0.71% in Shunyi District.

Table 4. Urban land expansion intensity in different parts of Beijing.

2005-2010 2010-2015 2015-2020 2005-2020
Central urban area 0.98% 0.68% 0.37% 0.70%
Changping District 4.30% 1.88% 1.28% 2.76%
Shunyi District 2.48% 2.39% 0.71% 2.02%
Tongzhou District 3.09% 1.71% 0.91% 2.07%
Daxing District 3.59% 1.92% 1.05% 2.40%
Fangshan District 3.38% 2.11% 0.92% 2.35%
Mentougou District 1.78% 2.32% 1.77% 2.15%
Miyun District 3.19% 5.17% 2.08% 4.07%
Pinggu District 5.62% 2.53% 1.93% 3.89%
Huairou District 5.26% 3.19% 1.89% 4.02%
Yanging District 6.34% 3.10% 3.60% 5.30%
Economic-Technological Development Area 5.02% 5.65% 0.88% 4.50%
Overall 2.22% 1.67% 0.80% 1.68%

The urban construction land expansion intensity was always the lowest in the central
urban area, without any change in the intensity level throughout the study period (Figure 4).
It was generally high in the new urban development area but decreased throughout the
study. The urban construction land expansion intensity was the highest in the ecological
function conservation area far from the central urban area but significantly declined during
the study period. Overall, the urban construction land expansion intensity in Beijing
gradually increased from the central urban area to the peripheral areas, indicating that
the pressure for expanding construction land in Beijing gradually shifted outward. It
continuously decreased in the central urban area and most districts in the study area.
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Figure 4. Spatial differentiation of expansion intensity during (a) 2005-2010, (b) 20102015, and
() 2015-2020.

There was slight differentiation in the AWMPED of different regions of Beijing, which
showed an overall increasing trend in most of the study areas (Table 5). Specifically, the
AWMPEFD of the central urban area and Daxing District exceeded 1.3 in 2005, while that of
other regions generally ranged between 1.21 and 1.27. The AWMPFD exceeded 1.3 in three
parts of the study area in 2010, i.e., the central urban area, Shunyi District, and Tongzhou
District; however, that of Daxing District decreased to 1.29. Meanwhile, the AWMPFD
of other districts showed slight variation. In 2015, the number of regions with AWMPFD
values over 1.3 reached four: the central urban area, Daxing, Tongzhou, and Shunyi districts.
Contrastingly, the number of regions with an AWMPEFD of over 1.3 reached five in 2020: the
central urban area, Shunyi, Tongzhou, Changping, and Daxing districts. In addition, the
variation in the AWMPFD differed remarkably among regions. For example, the AWMPFD
of the Changping, Huairou, Shunyi, and Yanqing districts increased continuously. The BDA
increased, decreased, and then increased, with an overall increasing trend. By contrast, the
AWMPED of the central urban area, Fangshan, Tongzhou, Daxing, and Mentougou districts
first increased and then decreased, as opposed to that of the Miyun and Pinggu districts.

Table 5. Area-weighted mean fractal dimension of different parts of Beijing during the period
2005-2020.

2005 2010 2015 2020
Central urban area 1.3391 1.3568 1.3644 1.3562
Changping District 1.2498 1.2886 1.2961 1.3095
Shunyi District 1.2606 1.2866 1.3126 1.3247
Tongzhou District 1.2679 1.3115 1.3120 1.3111
Daxing District 1.3160 1.3174 1.3000 1.3012
Fangshan District 1.2534 1.2610 1.2858 1.2766
Mentougou District 1.2602 1.2743 1.2818 1.2646
Miyun District 1.2355 1.2306 1.2264 1.2481
Pinggu District 1.2225 1.2115 1.1812 1.1888
Huairou District 1.2164 1.2298 1.2540 1.2765
Yangqing District 1.2367 1.2447 1.2513 1.2627
Economic-Technological Development Area 1.2484 1.2849 1.2602 1.2949

There was also a remarkable variation in the AWMSI across different parts of the study
area during the period 2005-2020 (Table 6). In general, the AWMSI was below 20 in most
regions of the study, exceeding 20 in only two or three regions during the study period, and
the AWMSI in the central urban area consistently surpassed that of other parts of the study
area. Specifically, the AWMSI in most regions ranged from 7.89 to 12.50 in 2005, exceeding
20 in only the central urban area and Daxing. The AWMSI slightly increased in most regions
of the study area during the period 2005-2010, ranging between 7.59 and 19.66; however, it
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significantly increased in the central urban area. The AWMSI significantly decreased only in
Pinggu and slightly increased in other regions during the period 2010-2015, including the
central urban area. Meanwhile, the AWMSI slightly increased in most regions of the study
area during the period 2015-2020 but showed a significant decrease in the central urban
area. In addition, regarding changing trends, the AWMSI increased and then decreased in
the central urban area and Mentougou and Tongzhou districts during the study period,
while it continuously increased in the Huairou, Shunyi, and Yanqging districts. By contrast,
the AWMSI exhibited fluctuations or slight increases in the Changping, Fangshan, and
Miyun districts and the BDA. However, in Pinggu District, the AWMSI initially decreased
and then increased, consistently maintaining very low values.

Table 6. Area-weighted mean shape index of different parts of Beijing during the period 2005-2020.

2005 2010 2015 2020

Central urban area 36.1726 43.2899 46.0059 42.0748
Changping District 12.3140 17.9924 17.9322 20.3908
Shunyi District 7.8907 17.1350 23.2845 25.2900
Tongzhou District 12.4957 19.6589 19.3462 19.0957
Daxing District 21.0822 21.5559 17.8593 18.0682
Fangshan District 9.9947 10.2127 12.9806 12.0844
Mentougou District 9.5604 10.9012 12.1469 10.5061
Miyun District 9.5639 10.0908 9.8479 11.8292

Pinggu District 7.8907 7.5955 5.4031 6.0641
Huairou District 8.3947 8.9400 12.7306 15.0203
Yanqing District 7.9808 8.8992 9.4502 10.6989
Economic-Technological Development Area 11.0033 15.7663 13.6771 17.9802

3.2. Driving Mechanisms of Expansion of Urban Construction Land in Beijing

Seven dependent variables were finally selected according to the VIF (Table 7) for
ensuring the accuracy of the model output. Specifically, the selected dependent variables
were the permanent resident population, per capita consumption expenditure of urban
residents, per capita public budget expenditure, per capita fixed asset investment, per
capita GDP, per capita industrial output value, and per capita total social consumer goods.

Table 7. VIF values of selected independent variables.

Per Capita General Per Capita Permanent Per Per Capita Per Capita Per Capita Social
Public Budget Fixed Asset Povulation Capita Industrial Consumption Level Consumer Goods
Expenditure Investment P GDP Output Value of Urban Residents Retail Sales
2.45 1.53 211 3.20 1.57 1.60 3.46

The results of the GTWR model suggested the R? value of the expansion speed was
higher than 0.95, while that of the expansion intensity was lower than 0.80 (Table 8).
Therefore, the expansion speed was more appropriate to be used as the dependent variable
of the GTWR model. However, the expansion intensity is often influenced by the initial
period of construction land area, and the adaptability of this indicator is relatively weak.
This study has therefore used the expansion speed of urban construction land as the
dependent variable of the GTWR model and further explored its relationship with an
independent variable in Beijing.
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Table 8. Related parameters of geographically and temporally weighted regression of urban con-
struction expansion.

Model Parameters Bandwidth Sigma AICc R? R? Adjusted Spatiotemporal
Distance Ratio
Expansion intensity 0.8186 0.2738 73.0300 0.7887 0.6619 0.2731
Expansion speed 0.2992 0.0453 16.6150 0.9505 0.9366 0.3731

The results of the GTWR model revealed the driving mechanisms behind urban
construction land expansion in Beijing as follows (Table 9): (1) the coefficient of per capita
general public budget expenditures is relatively stable over time, generally showing a
negative impact in the study area except for in the Miyun and Pinggu districts. Specifically,
the absolute values of this coefficient were relatively large in the central urban area and new
urban development zone. However, its absolute value remained relatively low and stable
over time in the ecological conservation zone. (2) The per capita fixed asset investment
coefficient significantly varied over time. There was a similarity between the central
urban area and new urban development zone, as both areas exhibited a synchronized
trend of initially increasing and then decreasing. The per capita fixed asset investment
positively affected the urban construction land expansion in the central urban area but
negatively affected the ecological conservation zone, except for Yanqing District. (3) The
coefficient of the permanent resident population was relatively stable over time but with
more remarkable regional differences. This coefficient was relatively low in the central
urban area and new urban development zone, which showed some similarity. Moreover, it
was high in the ecological conservation zone, indicating this area was susceptible to the
influence of the permanent resident population. (4) The coefficients of per capita GDP
were all positive and continuously increased during different periods. (5) The per capita
industrial output value coefficient was relatively stable over time, with significant spatial
differences. This coefficient was generally negative in the central urban area and new
urban development zone, whereas it was positive in the ecological conservation zone
throughout the study period. (6) The coefficient of per capita urban resident consumption
showed a transition from positive to negative in the study area. Specifically, this coefficient
was generally negative in the central and new urban development areas. However, it
transitioned from negative to positive in the ecological conservation zone in the Miyun
and Pinggu districts. (7) The coefficient of per capita retail sales of social consumer goods
showed a steady decline over the study period. This coefficient was relatively high in the
central urban area and new urban development zone and low in the ecological conservation
zone, and it remained relatively stable throughout the study period.

Table 9. Results of geographically and temporally weighted regression.

Xy X, Xs X, Xs Xs Xo
Central urban area —0.2627 0.0911 0.4581 0.4111 —0.0470 —0.1188 0.3784

Changping District ~0.1810 00507 0.5285 0.5618 00027  —0.1306  0.2340

Shunyi District —0.1465 00304 04790 03418  —00110  —0.0529 02786

Tongzhou District —02678  0.0707 0.4427 02524  —00707  —0.1494 04573

2005 Daxing District 03894 0.1460 0.3834 01706  —0.0725  —0.1438 05815
Fangshan District —04414 01048 0.4116 0.2665 00604  —00576 05264

2010 Mentougou District 02962 0.0869 0.5388 0.5802 00730  —01157 02878
Miyun District 00335  —02138  0.7636 0.3551 0.0966  —0.0751  0.0270

Pinggu District 00052  —0.1401  0.7294 0.3455 00710  —00636  0.0638

Huairou District 00442 01048  0.5869 0.3213 00822  —0.0906  0.1099

Yanqing District —0.1250 0.0272 0.5800 0.4986 0.0770 —0.1538 0.1586
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X1 Xa X3 Xy X5 Xs Xg
Central urban area 02283 0.0666 0.4654 04465  —00428  —0.1272 03669
Changping District 01692 0.0523 0.5383 06209  —00036  —0.1363 02164
Shunyi District —01257  —00409  0.4740 04419  —00143  —0.0271 02359
Tongzhou District —02255  0.0371 0.4568 03372 —00667  —0.1443 04183
Daxing District —03287  0.0990 0.4029 02239  —00575 —01612 05518
2010~ Fangshan District 03702 0.0624 0.4105 0.2417 00707  —00927 05476
2015 Mentougou District 02322 0.0500 0.5361 0.5529 00662  —01533 03234
Miyun District 00362  —02434 07369 0.4078 0.0936  —00436  0.0152
Pinggu District 00110  —0.1818  0.6773 0.4275 00707  —00028  0.0406
Huairou District —0.0496 00982  0.5679 0.3992 00704  —00937  0.0895
Yanging District 01320 0.0432 0.5872 0.5974 00594  —0.1669  0.1379
Central urban area 01967  0.0888 0.4788 05098  —00592  —0.1296 03274
Changping District ~0.1555  0.0826 0.5434 06752  —00279  —0.1392  0.1928
Shunyi District 0088  —0.0007  0.4608 05114  —00417  —0.0200 02261
Tongzhou District ~0.1856 00712 0.4645 04295  —00819  —01383 03717
Daxing District 02691  0.1164 0.4326 03273  —00788  —0.1825 04813
22%1250‘ Fangshan District 03072 0.0862 0.4731 0.4229 00194  —01196 04222
Mentougou District 02102 0.0844 0.5839 0.6991 00223  —01657  0.2267
Miyun District 00508  —0.1741  0.6566 0.4424 0.0603 0.0013 0.0276
Pinggu District 00346  —01124 05767 0.4982 0.0220 0.0072 0.0556
Huairou District 00358  —00510  0.5169 0.4572 00372  —00949  0.0899
Yanging District 01330  0.0764 0.5725 0.6647 00261  —0.1805  0.1306

The results obtained from the input-output perspective revealed the driving mecha-
nism of urban construction land expansion in Beijing more clearly. On the one hand, from
the input perspective, the permanent population was the main driving factor of the urban
construction land expansion, indicating the population growth had a stronger promoting
effect on urban expansion in Beijing. However, population growth may lead to decreased
per capita general public budget expenditure and per capita fixed asset investment. As
a result, the coefficient of per capita general public budget expenditure was generally
negative. On the other hand, the explanatory power of per capita fixed asset investment
was insufficient, and its coefficient was even negative in some districts. This suggested the
rapid population growth rather than the overall capital investment from the entire society
was the main driver of urban construction land expansion. On the other hand, from the
output perspective, per capita GDP was the main factor promoting the urban construction
land expansion, indicating the level of economic development strongly promoted urban
expansion in Beijing. Meanwhile, per capital retail sales of social consumer goods had
explanatory power for the urban construction land expansion only second to per capita
GDP, indicating the overall level of social consumption significantly impacted the urban
construction land expansion in the study area. But the explanatory power of per capita
industrial output value and urban residents’ per capita consumption expenditure was
insufficient for the urban construction land expansion, which may be related to the special
industrial structure of Beijing. In particular, the impact of permanent residents on the urban
construction land expansion was relatively less significant in the central urban area with
a higher economic development level than that in the ecological function conservation
zone, contrary to that of per capita social consumption and retail sales. By contrast, the
impact of per capita GDP, which showed an increasing trend, was relatively significant
in all districts, indicating that the land use in these urban areas has become more inten-
sive. Overall, urban construction land expansion in Beijing was mainly influenced by three
factors, i.e., population, per capita GDP, and per capita retail sales of social consumer goods.
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4. Discussion

The urban construction land expansion in the study area has overall slowed down,
with a significant decrease in the expansion speed and intensity in the central urban area,
which showed an inverted “U-shaped” curve according to previous studies [15]. However,
there was an increase in the expansion speed and intensity in the new urban development
zone and ecological function conservation zone, thus shifting the center of urban expansion
toward these zones. This is consistent with the spatial development strategy proposed by
the previous overall urban planning of Beijing, aiming to transfer the strategic development
of the old urban area and promote the construction of new urban areas. The expansion
intensity in the ecological function conservation zone was significantly higher than that in
the central urban area and new urban development zone, primarily due to the significantly
lower urbanization baseline in the former.

It is notable that the urban construction land expansion in the central urban area was
firstly dispersed and then compact, indicating a gradual shift from outward expansion to
inward enhancement. This is primarily consistent with the conclusions of previous studies,
i.e., the central urban area of Beijing has entered the later stage of urban construction
land expansion with a slower expansion speed but better quality [15]. Furthermore, the
AWMPED declined slightly in a few districts and generally increased in most districts, indi-
cating the urban construction land expansion was mainly in the new urban development
zone and ecological conservation zone, which resulted in more complex morphological
characteristics of the urban construction land in these zones. Additionally, the topography
in some districts limited the urban construction land expansion, leading to complex mor-
phological characteristics of the urban construction land. It is therefore necessary to pay
more attention to the rapid urban construction land expansion in these suburban districts,
which may lead to new urban sprawl and the destruction of ecological functions in the
ecological conservation zone. Moreover, there is generally a close exchange of various
elements between the central urban area and suburban districts in Beijing and other highly
urbanized regions, but the previous studies generally focused only on the central urban
zone, ignoring the role of regional coordinated development. This study more accurately
revealed the overall mechanism of the urban construction land expansion by including the
central urban zone, the new urban development zone, and the ecological conservation zone.

This study revealed urban construction land more accurately by overlaying the remote
sensing data with impervious surface data. However, not only urban construction land
expansion but also spatial aggregation of the population, industry, and infrastructure
occurred in the urbanization process. It is difficult to comprehensively characterize the
expansion of urban space with only the urban construction land expansion. Therefore,
it is necessary to consider more factors to better characterize the urbanization process in
the future. Moreover, previous studies mostly selected the indicators of driving factors of
urban construction land expansion according to the research experience of other scholars,
generally lacking a firm theoretical foundation. This study selected these indicators more
rationally from the input—-output perspective according to the input-output theory, which
can effectively reduce the problem of empiricism and make the research results more robust.
But this study still failed to take into account the impacts of institutional factors such as
policies and city planning, and the influence of transportation factors and planning policies
can only be indirectly reflected with some input factors. It is necessary to further improve
the framework for selecting the driving factors of urban construction land expansion
from the input-output perspective by considering more factors and including more direct
characterization indicators in future studies.

5. Conclusions

This study revealed the characteristics of urban construction land expansion in Beijing
during the period 2005-2020 based on the data retrieved using Landsat images and imper-
vious surface data and explored its driving mechanism with the (GTWR) model from the
input-output perspective. The major conclusions were as follows: (1) the expansion speed
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and intensity of urban construction land in Beijing showed an overall tendency to slow
down, particularly in the central urban area, and the center of urban expansion shifted
to the new urban development zone and ecological function conservation zone. (2) The
morphological indices in the central urban area exhibited an initial increase followed by a
decrease, indicating the urban construction land expansion in the central urban area was
first scattered and then compact. However, the morphological indices increased in most of
the new urban development zone and ecological function conservation zone, indicating
that the urban construction land expansion in these zones primarily followed an outward
pattern. (3) The urban construction land expansion in Beijing was driven by multiple
factors, with the permanent population, per capita GDP, and per capita retail sales of social
consumer goods being the primary driving factors. The impact of the permanent popula-
tion was significantly smaller in the central urban area and the new urban development
zone than in the ecological function conservation zone, which is contrary to that of per
capita retail sales of social consumer goods. By contrast, the impact of per capita GDP was
significant in all districts. These findings can make a significant contribution to improving
urbanization and land use planning towards the goal of carbon neutrality in Beijing and
other cities.
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