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Abstract: Urbanization is a dynamic process. At different stages of urbanization, polices of
managing carbon emissions should be adjusted. In this paper, two types of nighttime light data and
statistical data of 68 cities in China from 2002 to 2021 are used to establish an urban development
evaluation system comprising population, economy, construction, and society subsystems. Then,
cities were categorized into expanding, contracting, and stable types to understand the uncertainty
of urbanization’s impact on carbon emissions. The main conclusions are as follows: (1) Integrated
nighttime light data is used to extract built-up area boundaries, achieving an overall accuracy
ranging from 68.75% to 98.4%, with kappa coefficients ranging between 0.60 and 0.94. (2) Expanding
cities were concentrated in the eastern coastal regions, while contracting cities were mainly located
in inland cities with traditional industries. Urban agglomerations in the Beijing-Tianjin-Hebei
region, Yangtze River Delta region, and Chengdu-Chongqging metropolitan demonstrate
synchronized characteristic of urbanization development. (3)Economy and construction have a
greater impact on carbon emissions than population and society. For expanding cities, the focus of
carbon emission governance should prioritize rational land use planning. Conversely, for
contracting cities, emphasis should be placed on adjusting economic structures.

Keywords: spatial-temporal analysis of urbanization; nighttime light data; carbon emissions; city
classification

1. Introduction

The Urbanization is a socio-economic process. It is a global issue which is related to human
development. Nearly 4% of the global land has been urbanized, with over 50% of the population live
in urban areas. The UN stated in its 2019 report that 101 countries are expected to have more than 80
per cent of their population residing in urban areas by 2050.

It is crucial to study the relationship between carbon emissions and urbanization development
of China. On the one hand, the government needs to coordinate the relationship between
urbanization process and carbon emissions. Since the 1990s, the proportion of the national urban
population increased by 30.94%. Rapid urbanization is related to energy consumption and
environmental degradation, while also affecting human health by changing the lifestyle of residents
[1,2]. The report from the C40 Cities Climate Leadership Group states that urban areas generate more
than four-fifths of global greenhouse gas emissions. The total emissions from urban areas are
increasing at an annual rate of 1.8% [3], China has become one of the leading countries in global
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carbon emissions with the development of population and economic [4]. In China, especially in the
rapidly developing cities, the problem of carbon emissions is notably pronounced [5,6]. In response
to the global climate change crisis, China has announced a reduction of carbon intensity by over 60%
from 2005 levels by 2030 [7].

On the other hand, the mechanisms of the impact of urbanization on carbon emissions remain
unclear at the theoretical level. Currently, three predominant conclusions have been drawn regarding
the relationship between carbon emissions and urbanization: (1) The relationship between carbon
emissions and urbanization is positively correlated [8-10], and this correlation may be either
unidirectional or bidirectional [11,12]. (2) The relationship between carbon emissions and
urbanization is negatively correlated [13]. (3) The relationship between carbon emissions and
urbanization exhibits an inverted U-shaped curve [14], and this relationship changes with the
progress of urbanization [15]. Therefore, in order to study the relationship between carbon emissions
and urbanization, it is necessary to understand the concept of urbanization from multiple dimensions.

Urbanization is related to population migration, changes in land use, and changes in production
methods, therefore, its impact on carbon emissions is multifaceted [16,17]. The alteration in
population structure and the increase in population density in urban areas are direct influencing
factors for carbon emissions [18,19]. The rise in consumption levels in urban areas, coupled with an
increased demand for energy, contributes to an increase in carbon emissions [20,21]. In the latter
phases of industrialization, the refinement of industrial structures and technological advancements
serves as instrumental factors in managing the escalation of carbon emissions [21,22]. The
transformation of economic structure has enabled the service industry to drive carbon emissions
more than other industries [23]. Additionally, the expansion of urban construction land can influence
carbon emissions by altering aspects such as urban transportation and green spaces [24-26]. Most
studies often focus only on individual factors of urbanization on carbon emissions, thus neglecting
the role played by multiple aspects of urbanization [27,28].

Conventional data is subject to long update cycles and other limitations, making it difficult to
examine the spatiotemporal characteristics of urbanization over long time series. Compared with
traditional methods, remote sensing technology has timeliness and wide spatial coverage. As a
remote sensing data source that captures and records faint light radiation from the Earth’s surface at
night in real-time, nighttime light data (NTL) can reflect human activities accurately to some extent
[29]. NTL observations have proven to be effective in tracking light sources generated by human
activities. This capability aids in assessing the spatiotemporal changes in socio-economic activities
and urbanization processes [30,31]. Numerous studies have used NTL to reveal the external features
of cities, such as extracting city boundaries [32,33], detecting city centers and their spatial structures
[34]. At the same time, NTL have the advantages of large scale and long time series, and are widely
used to display the spatiotemporal dynamic changes of cities or urban agglomerations [35,36]. In
addition, due to the inconsistent energy statistics system in China, researchers use parameters
obtained from remote sensing inversion to model and obtain carbon emission estimation results at
the urban scale. In recent years, NTL has been proven to have high feasibility and effectiveness in
estimating carbon emissions [37-39].

Based on existing research, in order to deeply understand the relationship between the
urbanization process and carbon emissions, and provide suggestions for the government to deal with
the problem of carbon emission, this article presents a methodology for establishing an evaluation
system for urbanization development by integrating remote sensing data and statistical data, and
explores the key factors affecting carbon emissions under different urbanization development
models.

Section 2 provides an overview of the data sources, introduces the construction of the urban
development evaluation system, and methods of analyzing influencing factors of carbon emissions.
Section3 presents the evaluation results of 68 cities and analyzes the factors influencing carbon
emissions. Section4 discusses the results and summarizes the limitations of the study along with
suggestions for future work. Section5 presents the main conclusions of the experiment.
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2. Materials and Methods

This experiment is divided into four parts, including data preprocessing, establishment of
urbanization development evaluation system, urban classification, and analysis of factors affecting
carbon emissions. The flowchart is shown as the Figure 1.
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Figure 1. The flowchart illustrating four parts of research.

2.1. Study Area

In order to promote sustainable development and fulfill international environmental
responsibilities, China established three batches of urban low-carbon pilot projects including 81 cities
— from 2010 to 2020 to undertake low-carbon initiatives. As shown in Figure 2, these pilot cities have
different geographical locations, scales, and functions. The data in some cities is incomplete, so this
paper selects 68 of them as the focus of research (Appendix A, Table Al).
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Figure 2. China’s low-carbon pilot cities.

2.2. Data Sources

The carbon emission data at the city level used in this study is from the China Emission Accounts
and Datasets (CEADs). CEADs has compiled carbon accounting inventories covering China and
other developing countries, with the aim of establishing a cross-validated multi-scale carbon
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emissions accounting methodology, and creating a regionally and locally unified, detailed carbon
accounting data platform [40—42].

The urban statistical data and the energy data are sourced from the China Urban Statistical
Yearbook (2003-2022) and the China Energy Statistical Yearbook (2003-2022). The nighttime light data
is sourced from the Geophysical Data Center of National Oceanic and Atmospheric Administration
(NOAA).

The MODIS land cover type product MCD12Q1 is selected for the accuracy evaluation of built-
up area extraction. MCD12Q1 is a MODIS land cover type product that provides annual global
distribution of land cover types with a resolution of 500 meters.

The carbon emission data can be obtained from https://www.ceads.net.cn/ . The urban statistical
data can be obtained from http://www.stats.gov.cn/ . The nighttime light data can be obtained from
https://eogdata.mines.edu/products/vnl/ . MODIS land cover type product can be obtained from
https://ladsweb.modaps.eosdis.nasa.gov .

2.3. Urban Development Evaluation System

Different dimensions of urbanization have varying influences on the carbon of urban ecosystems
[43]. Currently, most scholars believe that urbanization development can be subdivided into
population, economic, social, land and ecological urbanization [44]. Some scholars have also
described the complexity of urbanization from the perspectives of population, building structure,
and greenness [45]. In order to analyze the process of urbanization from multiple dimensions, we
need to consider the different impacts of culture and nature on urbanization development based on
existing research.

This paper establishes an evaluation system for urbanization development composed of
population subsystem, economic subsystem, construction subsystem, and society subsystem. The
primary indicator of the evaluation system is the overall score of urban development. Population,
economy, urban construction, and society subsystems constitute the secondary indicators of the
evaluation system. Each subsystem contains 2-4 tertiary indicators. Figure 3 shows the composition
of the urbanization development evaluation system The following is an explanation of the selection
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Figure 3. The evaluation system for urbanization development.

For population subsystem, population size and employment numbers are selected as two
indicators. The change in urban population is an intuitive standard for measuring the development
of population systems. In addition, the number of employed people in cities is also related to the
development of the city.

For economic subsystem, this paper chooses GDP to represent the scale of economic, and the
proportion of the tertiary industry to describe the urban economic structure. In addition, the retail
sales of goods can reflect the purchasing power of urban residents and is an important manifestation
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of urban economic vitality. The government investment reflect the support from government for
urban development.

For construction subsystem, built-up area and perimeter are selected. Additionally, this paper
also calculate the fractal dimension and compactness. The built-up area concentrates most of the city’s
population, has relatively complete infrastructure and public services. The spatial structure of a city,
including its composition, shape, and compactness, is an external manifestation of urban
development [46]. Compactness index (CI) is usually used to reflect the shape characteristics of a
region. Fractal dimension (D) can reflect the tortuosity and complexity of the shape. Since the
accessibility of urban transportation can also reflect the development status of the city, road density
is also selected as an indicator when constructing the urban construction subsystem.

The calculation for fractal dimension and compactness index is as follows:

D=2In(P/4)/In4 (1)
Cl=2JrA/P @

P represents the perimeter of the built-up area, and A represents the area of the built-up area

For the society subsystem, this article chooses virescence area as the environmental evaluation
factor and nighttime light intensity as the human activity evaluation factor. This is because urban
development needs to be built on the basis of social sustainability, which requires human interaction
and sustainable development of the environment.

The multi-index evaluation method is used to establish an urban development evaluation
system, which combines various indicators by measuring the impact of each one on the city, thereby
forming an evaluation system.

Firstly, this paper employs normalization of evaluation indicators to eliminate the influence of
different units and dimensions among various indicators. The standardized data results lie within
the range of [0,1].

It is important to determine the weight of evaluation indicators. The most common methods for
determining the weights of indicators are subjective weighting and objective weighting. This paper
uses the information entropy method, which belongs to the objective weighting method, to determine
the weight of the evaluation indicators for the universality of the evaluation system.

After establishing the evaluation system, a 5-year cycle is adopted to calculate the rate of change
in urban scores. Based on this rate of change, cities are classified into three categories: contracting city
(C < —0.1), stable city (—0.1 < C < 0.1), expanding city (C > 0.1).

The process of establishing the urbanization development evaluation system is shown in Table

Table 1. The establishment of urban development evaluation system.

Method Step Formula Meaning
X, is the standardized data for

city i yeart.

Min-Max . L
. X,=(X-X, )/(X, -X, ) ¥ and X isthe minimum and
Normalization i oo

maximum values in the data of
68 cities in year t.

The proportion of city i

.1 . " Vi =% 2%
indicator j to all cities b Z/: ’

Information Entropy value of indicator ¢ =—(1/In r)xiy” «Iny, X, s the standardized data for
J if ii b
i=1

Ent j
n r}(:py J city i indicator j.
Method  1¢ormation utility value of y_is the weight of indicator j in
the entropy value of d;=l-¢, ;

. ; city i.
indicator j y
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e, is the entropy value of
w, =d, /’Z”: d, indicator j.
i 7 is the number of sample cities.
m is the number of indicators.
E, is the score of city i.

Weight of indicator j

Score for the development E - Z”: W xx,
of city i =
C, is the change rate of period t
in city i.
Urban E, and E, are the scores of
development C,=(, -E)E,

city i in the early and late stages

change rate of period t.

2.4. Using Nighttime Light Images to Extract Built-up Areas

In order to obtain the perimeter of the built-up area in a long time series to construct the
construction subsystem, this paper uses integrated nighttime light data to extract the boundaries of
urban built-up areas.

Currently, there are two types of night light data widely used.

DMSP/OLS data are provided by NOAA. There are 34 images from 1992 to 2013. The spatial
resolution of the image is about 1 km, and the gray level of the data is 0-63.

Because different sensors on the DMSP satellite have varying radiation performance and
detection capabilities, there are some limitations in the DMSP/OLS data. So the first step is
preprocessing the DMSP/OLS data, as shown in Figure 4.

Projection
transformation

Mutual |
correction |

S

Continuity
correction

P

Interannual
correction

Figure 4. Preprocessing of DMSP/OLS data.

Firstly, the imagery is extracted using Chinese vector data as a boundary. The extracted image
is then converted to the Albers projection and resampled to a resolution of 1 km.

As the data is sourced from multiple satellites, it's necessary to minimize differences among the
data through mutual calibration. Generally, Hegang City in Heilongjiang is used as the reference
area, and the F162006 image is used as the reference image. This is done to establish correspondences
between the other 33 images and the reference image. The mutually corrected images still have
discontinuity problems, so the images need to be further corrected for continuity. In a long time series
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of DMSP/OLS data, bright pixel values in the image from the previous year may become non-bright
values or exhibit different DN values at the same location in the image from the subsequent year. To
address this unusual fluctuation, it is necessary to conduct interannual correction on the pixels after
continuity correction.

Table 2. Calculation for mutual correction, continuity correction and interannual correction.

Step Formula Meaning
DN is the DN value of the
pixel to be corrected.
DN, is the DN value of

Mutual correction DN, =axDN*+bxDN +c the pixel after correction

a, b, c are the parameters
obtained from quadratic

regression

DN, is the DN value of

pixel i in the corrected
image of year n.

Continuity DN, = {0 ) DN(”W.) =0 and DNZ’M) =0 DN("M_) and DN(bN_) are the
correction " L(DNGy +DNq,) 2 Others DN value of pixel i in the
original image acquired by
different sensors in the
year n.
DN(nfl,i) 4 DN nyi)’ DN(n+l,i) are
the DN value of pixel i of
Interannual 0 DNy =0 the original data from the
correction DN =1 PV DNy > QandDNe,.. > DN same year’s image after
DN, Others

i) mutual correction and
continuity correction in the

n—1,nn+1 years

The National Polar-orbiting Partnership (NPP) satellite system, which became operational in
2011, was jointly developed by NASA, NOAA, and the U.S. Air Force. The Visible Infrared Imaging
Radiometer Suite (VIIRS) is an essential sensor carried on the NPP satellite. VIIRS data has higher
spatial resolution than DMSP/OLS data. The paper calculates the average values of data for the
periods of January to March and September to December for each year from 2013 to 2021, synthesizes
the annual data, and resamples the image to 1km for subsequent research.

NPP-VIIRS images contain a significant amount of faint light, and unlike DMSP/OLS data, there
is no saturation effect in NPP-VIIRS data, with significant fluctuations in DN values. In order to make
the NPP-VIIRS data and the DMSP/OLS data comparable, the noise and outliers of the NPP-VIIRS
data need to be eliminated. Current research mostly uses 0.3 as the threshold, and assigns pixels with
a DN value less than 0.3 uW/(cm?-sr) in the image to 0, effectively eliminating noise [47]. As for the
removal of outliers, it is usually assumed that the DN values for other cities will not exceed those of
Beijing, Shanghai, Guangzhou, and Shenzhen [48]. Therefore, the maximum pixel values for these
four cities in the corresponding years are recorded, and this maximum value is used as the threshold.
Pixels exceeding this threshold are assigned the threshold value.

To obtain a long-term sequence of nighttime light images, NPP/VIIRS data and DMSP/OLS data
need to be integrated. DMSP/OLS and NPP/VIIRS both released images for 2013. Therefore, a
function relationship between the DN values of the two types of images for 2013 is established. By
fitting the optimal curve, the paper explores the correlation between the two datasets, facilitating the
integration of NPP/VIIRS and DMSP/OLS data.
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Using the DN value range of 0-63 from DMSP/OLS data as a mask (excluding pixel values of 1
and 2), the pixel values at corresponding positions are extracted from NPP/VIIRS data. These values
undergo a logarithmic transformation, and the average is calculated. Different functions are then
applied for fitting. The results show that the power function provides the best fit.

Table 3. Fitting results of DMSP/OLS data and NPP/VIIRS data.

Fit method Formula Meaning R-squared(R?)

Exponential function y =981 0.8200

y is the DN value of

i i =22.524x+3.9871 .
Linear function y X DMSP/OLS images. 0.9830
x is the corresponding
Logarithmic function y =15.5771n x +33.829 DN value of NPP/VIIRS 0.7510
images
Power function y =28.078x""" 0.9836

This paper uses mutation detection method to extract built-up areas. Real urban areas should
maintain the integrity of their geometric shapes. The larger the light value, the greater the probability
of belonging to an urban area. As the segmentation threshold increases, the polygon patches
representing urban built-up areas gradually get smaller along the edges. When the segmentation
threshold reaches a point, the polygon patches no longer shrink along the edges. Instead, they break
and split from the inside into many smaller polygon patches, causing a sudden increase in the
perimeter of the polygon representing the urban built-up area. This point is considered the threshold
for extracting the urban built-up area [49]. The extracted urban built-up area is compared with the
MODIS land cover type product MCD12Q1. The confusion matrix and the Kappa coefficient are used
to evaluate the extraction effect. After obtaining the perimeter and area of the built-up area, the fractal
dimension and compactness index can be further calculated.

2.5. Influence Factor of CO:2

The process of urban carbon emissions is complex and influenced by various factors. As for
factors influencing carbon emissions, existing studies commonly select indicators such as
population size, economic development, urban infrastructure, residential energy demand, urban
transportation and so on [50,51].

Carbon emissions of pilot cities are taken as the dependent variable. The independent variables
are the evaluation scores of population, economy, construction, and society subsystems. The Extreme
Gradient Boosting(XGBoost) model is used in this experiment to investigate the impact of selected
factors on carbon emissions.

XGBoost is an ensemble learning algorithm based on decision trees. In the recent years, it has a
wide range of applications in the field of machine learning. It can quickly train and predict large-
scale data sets, and has strong robustness and universality.

It uses the following formula for regression trees. f(x) represents the regression tree function.
¥; is the model’s predicted value. K represents the number of decision trees. firepresents the kth
sub-model. X; is the ith input sample. F represents the space of regression trees. wg() represents
the score of leaf node q.

B=0X) =X (X)), SEF, F={f()=0,,}q:R">T. oER')
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Based on the predicted value of the above regression tree, the objective function of the model can be
obtained. n represents the total amount of data of the kth regression tree imported. K represents all
regression trees established. Y, I[(y;, J,)represents the loss function of the objective function.

n K
Oy =lel(yi,ﬁ,-)+;§2(ﬁ) )

Y K_10(f,) represents the regularization term of the objective function, its specific definition is as
follows. T represents the number of leaf nodes in the regression tree, (2 represents the score of the
leaf nodes of the regression tree. y, A represent the regularization penalty coefficients.

v =31 (X)) =y + (X)) 5)

k=1

The objective function is as follows:

OS?—ZI(y,, HO+f(X)+Q(f) (6)

In order to optimize the results and improve the prediction accuracy of the model, a second-order
Taylor expansion is performed on the objective function of t predictions to approximate the original
objective. After removing the constant terms, the formula is as follows. g; = 637([_1) I(y;, %) represents
the first gradient of the sample i predicted value, and g; = aé(t_l)l(yi,ﬁ) represents the second

gradient of the sample i predicted value.

0 =30 {3 e, (X) 13117 (1) () 0

i=1

Next, defining I; = {i|q(X; = j)} as the set of samples in each leaf node, the objective function can be
expressed as follows:

m_z (Zgllw +—(Zh MJ we |+yT ®)

iel; iel;

When the structure of the tree is fixed, the optimal value of the loss function during ¢ iterations can
be computed.
&i

Wi = A ©)

iel;

Bringing w; into the objective function to obtain the optimal value of the objective function under
the current tree structure.

>.8)
- _Z(Z L +)/1

+9T (10)

1

To enhance the interpretability of model predictions, this paper uses the Shapley Additive
Explanation (SHAP) algorithm to analyze and interpret the model. The SHAP algorithm is generally
used to calculate the impact of features on the predictive model results, measuring the contribution
of each feature to the model prediction by calculating SHAP values. It not only provides global
explanations for machine learning models but also offers local explanations by computing SHAP
values for each sample feature.

The model’s baseline score is ¥4 , the sample iis denoted as x;, the feature j of the sample i
is x;; , the contribution of the feature’s boundary is ms, the weight of the edge is w; and the model’s
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prediction for this sample is y; , then the SHAP value for the nth feature of the ith sample is given
by the following equation:

N
f @) =2 ms,w, 1)
k=1
At the same time, SHAP values must satisfy the following conditions:

N
yi :ybase+2f('xis) (12)
s=1

3. Results
3.1. Extraction of Built-up Areas

After extracting the boundaries of built-up areas, this paper selects ten cities including Chengdu
and Chonggqing as samples, and conduct accuracy assessment. The overall accuracy of urban area
extraction ranges from a maximum of 98.40% to a minimum of 72.46%. The Kappa coefficient ranges
from a maximum of 0.94 to a minimum of 0.61, with most Kappa coefficients above 0.7(Table 4).
Therefore, it can be concluded that the extraction results using integrated nighttime light images
meets the experimental requirements.

Table 4. Evaluation of the precision of urban area extraction results.

Number City Time Overall accuracy The Ifa.ppa
coefficient

2010 89.51% 0.81
@ Chengdu 2020 86.84% 0.82
2010 98.40% 0.75

oo
(b) Chongging 2020 97.38% 0.83
Q Beiiin 2010 89.16% 091
ng 2020 88.68% 0.94
2010 82.33% 0.89

hanghai
() Shangha 2020 72.46% 0.60
2010 91.86% 0.66

Hangzh
(© Angzhou 2020 93.57% 0.93
. T 2010 84.79% 0.72
(©) amm 2020 85.59% 0.87
2010 89.01% 0.94

h
®) Guangzhou 2020 75.82% 0.76
, 2010 77.11% 0.61
®) Xiamen 2020 69.75% 0.69
2010 78.64% 0.64

i h

@) Suzhou 2020 82.79% 0.89
2010 93.01% 0.85

G) Wuhan

2020 82.65% 0.73
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Figure 6. Extraction results of urban areas(2020).

3.2. Urban Classification

Firstly, this article uses Pearson correlation coefficients to measure the degree of correlation
between 13 indicators and carbon emissions, obtains a correlation coefficient matrix as Figure 7.
Overall, there is a high correlation between various indicators and carbon emissions. Therefore, when
using the urban development evaluation system constructed by these 13 indicators to analyze the
factors affecting carbon emissions, the results are reliable.
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Figure 7. The correlation coefficient between 13 indicators and carbon emissions.

According to the urban development evaluation system established, with a time interval of 5
years, the paper calculate the subsystem scores and overall development scores for 68 cities, and
categorize them. The following will provide a detailed analysis of the classification results.

Table 5 shows the number of cities of each type in four periods. In the first period (2002-2006),
the development of 20 cities was stable. And in the fourth stage (2018-2021), it increased to 38. The
number of expanding cities initially increases and then decreases, while it is opposite for contracting
cities. In general, the development of urbanization will experience a period of fluctuations, and
gradually reach a stable state.

From a geographical perspective, the development of cities located in the southeast region are
synchronous and exhibit a clustered distribution pattern. From the Figure 8, it can be seen that cities
with significant development fluctuations have a scattered distribution, such as super large cities like
Beijing and Chonggqing. Over the past 20 years, the development of heavy industrial cities, which are
located in the northeast and northwest regions, has been in a stable state.

Table 5. The number of cities with different development types.

2002-2006 2007-2011 2012-2016 2017-2021
Contracting City 31 6 6 15
Stable City 21 30 29 38

Expanding City 16 32 33 15
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Figure 8. Changes of urban development in four periods. (a)2002-2006;(b)2007-2011;(c)2012-2016;
(d)2017-2021.

In the meantime, we classified cities based on the scores of each subsystem and counted their
numbers(Table 6).

Table 6. The number of different types of cities divided by subsystem scores.

2002-2006 2007-2011 2012-2016 2017-2021
' Contr'actmg 13 » 4 35
Population City
subsystem Stable City 18 35 25 17
Expanding City 37 11 39 16
Contr'actmg 71 5 4 o7
Economy City
subsystem Stable City 31 23 34 23
Expanding City 16 43 30 18
' Contr'actmg 49 9 71 ”
Construction City
subsystem Stable City 14 20 25 35
Expanding City 4 39 22 26
. Contr'actmg 9 14 7 25
Society City
subsystem Stable City 15 27 5 15
Expanding City 44 27 56 28

e  From the Figure 9, it can be seen that the changes in the population subsystem have phased
characteristics. In the first period (2002-2006), more than half of the population subsystems
were expanding. In the second period (2007-2011) and the third period (2012-2016), the
development status of the population subsystem was mainly stable. In the fourth period (2017-
2021), the population subsystem experienced contraction in the most of cities. Cities with
expanding population subsystems have shown a trend of moving from inland to eastern
regions, with cities with contracting population subsystems becoming more concentrated.
From a geographical perspective, the development of the population subsystem also exhibits a
pronounced characteristic of clustering, which mainly occurs in the southeast region. For
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example, cities such as Fuzhou, Ganzhou, and Ji’an in Jiangxi Province share similar patterns
of population subsystem changes, while cities in adjacent areas such as Zhuzhou and
Chenzhou in Hunan Province, as well as Nanping and Sanming in Fujian Province, show
similar trends.
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Figure 9. Changes of population subsystem in four periods (a)2002-2006;(b)2007-2011;(c)2012-2016;
(d)2017-2021.

As shown in the Figure 10, from 2002 to 2006, the cities with expanding economic subsystem
were mainly located in the coastal areas and the border areas. From 2007 to 2011, the economic
subsystem of most cities experienced a concentrated expansion. After this period, cities with
contracting economic subsystems gradually concentrated northward, while expanding cities
gradually moved southward. Cities dominated by heavy industry, mainly in the inland and
northeastern regions, have a significant contraction in their economic subsystems.
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Figure 10. Changes of economy subsystem in four periods (a)2002-2006;(b)2007-2011;(c)2012-2016;
(d)2017-2021.


https://doi.org/10.20944/preprints202407.0292.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 July 2024

d0i:10.20944/preprints202407.0292.v1

15

In the first period (2002-2006), the construction subsystems of 49 cities experienced contraction,
while in the second period (2007-2011), the number of expanding construction subsystem is 39. In the
third period (2012-2016), the number of three types of cities gradually balanced. In regions with
developed economies and transportation, their construction subsystems develop earlier and will also
reach a balanced state earlier. Therefore, in the fourth period (2017-2021), the construction subsystems
of most cities are stable. In addition, as shown in the Figure 11, the changes in the construction
subsystem have clustering characteristics, especially in cities in the southeast region, where the
changes are basically synchronous in the four stages.
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Figure 11. Changes of construction subsystem in four periods (a)2002-2006;(b)2007-2011;(c)2012-2016;
(d)2017-2021.

As Figure 12 shows, from 2002 to 2016, the society subsystem of the city was mainly expanding,
with anumber of 44, 27, and 56 respectively. Since 2017, the number of contracting society subsystems
has begun to increase. It can be seen that in the first three periods, the expanding society subsystem
gradually spreads from south to north. In the last five years, the contracting society subsystem
gradually spreads to inland areas. The development of society subsystems in cities located in the
southeast region has been in a relatively settled state of expansion.
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Figure 12. Changes of society subsystem in four periods (a)2002-2006;(b)2007-2011;(c)2012-2016;

(d)2017-2021.
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3.3. Influence Factor of CO:

he correlation coefficients between carbon emissions and population, economy, construction,
and society subsystems are 0.7703, 0.8578, 0.8511, and 0.7532, indicating a strong correlation between

them (Table 7).
Table 7. Pearson correlation coefficient.
Population Economy Construction Society
Correlation 0.7703 0.8578 0.8511 0.7532
coefficient

Next, we use Bayesian methods to find the optimal parameters for XGBoost model (Table 8).
From the table, the R-squared value of the regression model is 0.8403 and the mean square error
(MSE) is 0.0023, indicating that the XGBoost model has good regression performance. Figure 13
shows the comparison between the predicted results of the model and the actual values.

Table 8. Results of Bayesian model.

Parameter Value Measurement Value
Max depth 4 R-squared 0.8403
Number of estimators 275 MSE 0.0023
Learning rate 0.02 Explained variance 0.8425
MAE 0.0296
064 —— True VALUE
—-= Predictive value
0.5 -
!
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[l [
01 ‘ﬁ
0.0 1

T T
0 20 40 &0 80 100 120 140

Figure 13. Comparison of predictive value and true value.

Figure 14 displays the explanation of XGBoost model results using the SHAP model.In the two
types of cities, the economic subsystem and the construction subsystem have the main contribution
to carbon emissions, while the contribution values of the population subsystem and the society
subsystem are small. For expanding cities, the contribution of the construction subsystem is greater
than that of the economic subsystem. This situation is opposite in contracting cities.
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Figure 14. The contribution value of subsystems to carbon emissions.

4. Discussion
4.1. Urbanization Development

International research on urban expansion is usually based on urbanization and has rich content.
The research theory on urban shrinkage was formed in the late 20th century and has been growing
since 2005. China’s urban development started relatively late, and the number of studies using urban
expansion and contraction theories only began to increase in the past decade.

China has a vast area and various types of cities. Although urban development started late, it
achieved tremendous success in a very short period of time. Evaluating the development of Chinese
cities has unique significance and important reference value for research in the field of cities all
around.

From 2002 to 2021, the development of most cities in China remained stable. In the early 21st
century, the country proposed economic transformation, and there was a significant contraction in
the development of resource-based cities located in inland areas, such as the Northeast Industrial
Zone. On the other hand, the Pearl River Delta and the Yangtze River Delta are developing rapidly
with their superior geographical location. In 2008, the Chinese government proposed a policy named
Four Trillion Plan to address the global financial crisis and promote stable economic growth.
Therefore, in the next five years, the economic subsystems of cities across the country will generally
expand, and the direction of population subsystem expansion will also shift towards the east and
south. In 2016, China started to establish the Chengdu-Chongqing metropolitan area. Since then,
cities in the southwest region have formed new development zones centered around Chengdu and
Chongging.

Cities with closer geographical locations will exhibit similarities in their development patterns.
This situation is particularly evident in the southeastern region of China. For example, Jiangxi
Province and Fujian Province are adjacent and have similar geographical conditions, with agriculture
and service industries as their main industries. Influenced by historical and cultural factors, the close
interaction between the two populations also drives the flow of technology and economy. Therefore,
in the past two decades, the urbanization development in this region has shown synchronous and
cluster characteristics.

There is an imbalance in the development of population, economy, construction, and society
subsystems for most cities. And there are tight connections among the four subsystems. The mobility
of population in urban areas is strong and closely related to the local economy. In the meantime, a
large number of people gather in cities, promoting economic development in urban areas and
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increasing social vitality. When population and economic development reach a certain level, it will
drive the construction of cities. The level of urban construction will also affect local population
mobility and economic development. In addition, there are interdependent relationships within each
subsystem. For example, the society subsystem is mainly measured by urban greening rate and
population activity. The former reflects the impact of natural environment on society, while the latter
reflects the impact of human activities on society. There is a mutually restrictive relationship between
human activities and the natural environment. Therefore, the expansion of society subsystems can be
explained as the exploration of coordinated development between humans and nature in urban
space.

In China, cities develop in a complex model, characterized by a mixed functional composition
[52,53]. From the perspective of the city, the subsystems mutually constrain each other, fostering
collective development. From the perspective of urban agglomerations, cities with similar
geographical locations or conditions will exhibit synchronicity in their development process. In
future research on urban development, we should not only pay attention to the operation of various
indicators within the city, but also to the expansion and contraction of urban agglomerations at the
macro scale.

4.2. Urbanization and Carbon Emissions

It can be seen that economic development and urban construction are the two major factors
influencing carbon emissions through the analysis of 68 cities in China.

The development of urbanization has promoted economic growth, which will change the
production structure and consumption patterns. In the early stages of urban development, the core
of economic development activities initiated by the government was the rapid growth of the total
economic output, which often came at the cost of sacrificing the ecological environment [54]. Since
the beginning of this century, China has vigorously advocated economic transformation and
accelerated the development of new energy economy. Green technology innovation can directly
reduce carbon emissions, such as using hydrogen and wind energy to replace traditional fossil fuels,
which not only improves energy utilization efficiency but also saves energy extraction costs.

The impact of land use on carbon emissions has always been a concern in academia. Current
studies have suggested that there are differences in carbon sink and source capacity among diverse
land use types, and the transition from one land use type to another will lead to changes in carbon
emissions [55,56]. The expansion of construction land will also consume more energy, such as
expanding transportation networks and building commercial areas. High energy consumption leads
to high carbon emissions. In recent years, the expansion rate of urban construction land in China has
slowed down, and the government is taking care of environmental issues within cities. The use of
low-energy building materials also contributes to low-carbon emissions reduction.

For expanding cities, economic factors have a greater impact on carbon emissions than
construction factors. For contracting cities, the impact of construction factors is greater than that of
economic factors. Therefore, for the former, we should accelerate economic transformation and
encourage the development of new energy economy more. For the latter, attention should be paid to
the rational planning of urban land. In addition, every urban planner and government needs to pay
attention to the relationship between the natural environment and urban residents, and promote their
coordinated development. Clearly, the main factors influencing carbon emissions vary depending on
the development status of cities. This study shows that an understanding of different aspects of a
city’s development is a prerequisite for proposing effective policies to reduce carbon emissions. Study
on the relationship between urbanization processes and carbon emissions can not only provide new
insights for urban planning but also offer reasonable insights for responding to global climate change.
In the future, continuously refining urban development indicators and exploring a closer connection
with urban carbon emissions will be our key research topics.
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4.3. Limitations and Future Research Directions

The time series chosen for this study is relatively long, and the administrative planning of some
sample cities has been adjusted over the past 20 years. In the future, this research method can be used
to select urban clusters or areas with uniform statistical research for urban development research.

In the construction of urban evaluation system. When selecting indicators in the experiment, on
one hand, the scientificalness of the indicators should be considered, and on the other hand, the
accessibility of the indicators should also be considered. This study introduced nighttime lighting
data, enriching the dimensions of indicator selection. In the future, more sources of remote sensing
data can be utilized to measure the development of cities from different perspectives.

5. Conclusion

This paper selected low-carbon cities in China as samples and established an urbanization
development evaluation system by integrating population, economy, construction, and social
information to classify cities. Next, quantify the carbon emissions of cities and explore the influence
of different factors on carbon emissions in diverse types of cities. The main findings can be
summarized as follows:

(1) Cities with significant development fluctuations are scattered, and these cities undertake
important economic and social functions, such as Beijing and Chongqing. Cities located in border
areas exhibit distinct cluster characteristics in their development.

For the population subsystem, most cities first experienced expansion and gradually reached
stability over a period of 20 years, followed by contraction. The development of the population
subsystem has obvious clustering, for example, the urban agglomeration located in the southeast
region has obvious synchronicity in its development.

For the economic subsystem, the period from 2007 to 2011 was the most vigorous period of urban
expansion in China. Subsequently, the development of economic subsystems gradually showed a
north-south differentiation, mainly reflected in the contraction of traditional industrial cities in the
north, while cities in the south continued to expand, such as the Chengdu-Chongqing metropolitan
area and the Yangtze River Delta urban agglomeration.

For the construction of subsystems, the overall development trend is to first shrink, then expand,
and finally reach stability. Most of the regions where subsystems were built and expanded earlier
were economically and more developed, and these regions also achieved stability earlier.

For society subsystems, most cities exhibit a phenomenon of alternating expansion and
contraction. From a geographical perspective, cities with expanding society subsystems are showing
a trend of spreading from south to north, while cities with shrinking society subsystems are
developing from coastal areas to inland areas.

(2) Economy and construction are the two major factors influencing carbon emissions. The
influence of population and society on carbon emissions is smaller than the impact of economy and
construction, but it is also necessary to allocate resources reasonably and achieve balanced
development between people and society. In expanding cities, the impact of construction on carbon
emissions is greater than the economy. Therefore, it is important to pay attention to the rational
planning of urban construction land to prevent disorderly expansion. In contracting cities, the impact
of the economy on carbon emissions is greater than that of construction. As a result, it is important
to adjust the economic structure and advocate for investment in new energy.
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Appendix A

Table Al. 68 sample cities selected for this paper.

Number City Number City Number City
1 Huai’an 24 Chengdu 47 Qinhuangdao
2 Hulun Buir 25 Beijing 48 Qingdao
3 Fuzhou 26 Changzhou 49 Ningbo
4 Chizhou 27 Baoding 50 Nanping
5 Chongging 28 Ankang 51 Lu’an
6 Changsha 29 Zunyi 52 Liuzhou
7 Yinchuan 30 Zhuzhou 53 Lhasa
8 Xining 31 Zhongshan 54 Jingdezhen
9 Wuhan 32 Zhenjiang 55 Jinhua
10 Urumgqi 33 Yuxi 56 Jinchang
11 Tianjin 34 Yantai 57 Jilin
12 Shijiazhuang 35 Yan’an 58 Jiaxing
13 Shenyang 36 Xiangtan 59 Ji’'an
14 Shanghai 37 Xiamen 60 Huangshan
15 Nanjing 38 Wuzhong 61 Huaibei
16 Nanchang 39 Wuhai 62 Guilin
17 Lanzhou 40 Wenzhou 63 Guangyuan
18 Kunming 41 Weifang 64 Ganzhou
19 Jinan 42 Suzhou 65 Dalian
20 Hefei 43 Shenzhen 66 Chenzhou
21 Hangzhou 44 Sanya 67 Chaoyang
22 Guiyang 45 Sanming 68 Jincheng
23 Guangzhou 46 Quzhou
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