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With the development of industrialization and urbanization, cities have become the main carriers of economic activities.
However, the long-term development of cities has also caused damage to resources and the environment. Hence, objective and
scientific evaluation of urban low-carbon sustainable development capacity is very important. An index system of urban low-
carbon sustainable development capability is constructed in this paper, and a TOPSIS-BP neural network model is established to
evaluate the low-carbon sustainable development capability of Beijing, Shanghai, Shenzhen, and Guangzhou in China. At the
same time, the difference degree of low-carbon sustainable development level in these four cities is analyzed by standard deviation
and coefficient of variation, and the influencing factors of urban low-carbon sustainable development ability are extracted by grey
correlation analysis. .e results show that (1) the capability of low-carbon sustainable development in four cities is rising and the
difference of low-carbon sustainable development capability is decreasing; (2) the general view that the higher the general
investment in low-carbon sustainable development, the higher the level of low-carbon sustainable development in cities has not
been verified; (3) with the change of time series, the factors affecting the capability of low-carbon sustainable development in the
same city are different and the influence of the same factor on the capability of low-carbon sustainable development in different
cities is different.

1. Introduction

Green development emphasizes the coordination and mu-
tual benefit of economic development, resource utilization,
and ecological environment. Campbell [1] used a triangle
model to study the priority of urban development planning.
He believes that urban and rural development must take
sustainable development as a vision and coordinate the
conflicts between economic, environmental, and social in-
terests. At present, green development has become an im-
portant trend in social and economic development. As the
main carrier of economic activities, cities play an important
role in the process of promoting economic development.
According to the report of the National Bureau of Statistics,
from 2010 to 2019, China’s urbanization rate increased from
49.95% to 60.6%, an average annual increase of 1.065%. .e

rapid development of urbanization has brought a lot of
employment opportunities and promoted the rapid devel-
opment of real estate, infrastructure construction, and other
related industries. .is has greatly promoted the growth of
GDP. According to a survey conducted by the National
Bureau of Statistics, in 2019, China’s top 100 cities have 13%
of the country’s land and 50% of the population, creating
about 73% of GDP, accounting for about 62% of the
country’s commercial housing sales. However, the rapid
development of cities has also brought about a large amount
of energy consumption and energy and carbon dioxide
emissions, and the contradiction between economic devel-
opment and resources and the environment has become
more and more intense [2]. Discharge of industrial waste
and waste of water resources has brought severe challenges
to the sustainable development of urban economic
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environment. In 2019, the average PM2.5 concentration of
337 prefecture-level and above cities across the country was
36 micrograms/m3, and cities with up to standard ambient
air quality accounted for only 46.6% of all cities. Under the
new economic normal, how to achieve energy conservation
and emission reduction, enhance the sustainability of re-
source utilization, and reduce environmental pressure in
urban development has become an important challenge for
urban green development.

.erefore, there are more and more researches on urban
green sustainable development. In terms of research content,
part of the research focuses on the planning of urban green
spaces. Van Herzele andWiedemann [3] believed that urban
green space has largely affected the quality of urban life.
.erefore, they proposed a comprehensive index and used
GIS technology to study the use of urban green space [4];
Horwood [5] uses the green infrastructure (GI) method to
study the construction of urban green spaces and points out
that the way of economic development affects the con-
struction of urban green spaces. In addition, some studies
mainly focus on the urban ecological environment [5–7].
.orén [8] emphasized the importance of the environment
and established an indicator system to evaluate the sus-
tainability of the urban green structure. Brundtland et al. [9]
believe that the sustainable development of the urban en-
vironment needs to meet the economic and social welfare
conditions to improve the quality of the residents’ living
environment. Some scholars study the green development of
cities from the aspects of technological innovation and
technology [10, 11]. By designing an index system, evalu-
ating the degree of green development of a city has also
become an aspect of research [12]. In terms of research
methods, Zhao et al. [13] is based on analytic hierarchy
process (AHP) and uses data cluster analysis to study
China’s regional innovation and development capabilities; Li
and Lin [14] used the DEA model to analyze the green
growth rate of China’s manufacturing industry; Duan et al.
[15] based on the AHP-entropy method established an index
system to evaluate the development level of Dalian’s low-
carbon economy. .e main focus of the abovementioned
literature is the sustainable development of the urban
ecological environment. It pays less attention to the sus-
tainable development of the urban economy, and the re-
search method is relatively simple. In the case of more data,
the amount of calculation is large and error-prone. However,
in the new economic situation, the coordinated promotion
of high-quality economic development and ecological en-
vironmental protection is the key to improving urban green
development capabilities. In addition, the evaluation of
urban green development capabilities also requires more
complete evaluation methods to be able to more objectively
evaluate urban green development capabilities and analyze
the factors that affect the level of urban green development.

Beijing, Shanghai, Shenzhen, and Guangzhou are the
four most economically powerful cities in mainland China.
.ey are all national central cities and are also known as the
“first-tier cities” of China’s three major gateways. Among
them, Beijing is the political center of China. As of the end of
2019, Beijing’s urbanization rate reached 86.6%. “2016 China

Urban Sustainability Report: Measuring Ecological Invest-
ment and Human Development” pointed out that Beijing’s
Human Development Index ranked second among Chinese
cities. Shanghai is located in the Yangtze River Delta, in the
east of China, at the mouth of the Yangtze River. In 2014,
Shanghai’s GDP ranked first among Chinese cities and
second in Asia. In 2019, the “Top 100 Chinese Cities Green
Competitiveness Ranking” was released, and Shanghai
ranked 10th. Shenzhen is the window of China’s reform and
opening up. In the 2012 “World’s Most Economically
Competitive Cities” list by the Economist, Shenzhen ranked
second; in 2019, it ranked third in the China City Creative
Index. Guangzhou is an important central city and inter-
national trade center in China. Guangzhou has more than
8,700 national high-tech enterprises, ranking top three in the
country in total. .e four cities of Beijing, Shanghai,
Shenzhen, and Guangzhou are relatively at the leading level
in terms of comprehensive strength and competitiveness
among the cities in mainland China, with a strong economic
foundation and strong scientific research capabilities.
.erefore, compared with other cities in China, the four
cities of Beijing, Shanghai, Shenzhen, and Guangzhou have
relatively high urban green development capabilities and
levels. Assess the green development level of these four cities
and evaluate the factors affecting the urban green devel-
opment level. .e analysis can serve as a model and ref-
erence for the green development of other cities in China.

.is paper takes Beijing, Shanghai, Shenzhen, and
Guangzhou as the research objects and designs an index
system for evaluating the level of urban green development.
Based on the entropy TOPSIS-BP neural network model, the
green development levels of Beijing, Shanghai, Shenzhen,
and Guangzhou are evaluated. At the same time, this paper
uses the gray correlation analysis method to analyze the
factors that affect the level of urban green development and
provides references for the green development of other
cities.

2. Literature Review

2.1. Research on the Content of Urban Green Development.
.e green development and sustainable development of a
city are in the same line [16]; early research on urban green
development focused on environmental sustainability [17].
.erefore, some scholars have done a lot of research on
urban green space and ecological environment. For example,
Haq [18] conducted empirical research on different cities
and proposed to maintain urban green space to develop
sustainable cities that improve the environment; Budruk
et al. [19] investigates the use of green space in Indian cities
and analyzes the importance of urban green space to sus-
tainable urban green development; Wolch et al. [20] com-
pares the development of green cities in the United States
and China and supports sustainable urban green develop-
ment strategies to protect the urban ecology; Dou et al. [21]
emphasized the important role of urban ecological envi-
ronment in urban green development and believed that
implementing an ecological ecological city development
strategy is the most effective way to achieve sustainable
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urban development; Wu et al. [22] reviewed the research on
urbanization and urban ecology in China and believed that
the sustained and rapid development of Chinese cities re-
quires the establishment of a scientific urban ecosystem;
Niemelä et al. [23, 24] believe that the ecological service
system is essential to urban life, and the green and sus-
tainable development of cities requires reasonable planning
of land resources, increasing vegetation coverage, and
maintaining biodiversity.

With the development of the economy and society and
the in-depth understanding of the concept of sustainable
development, the research content of urban green devel-
opment is no longer limited to the sustainable ecological
environment and should be coordinated with environmental
protection in the process of economic development [25].
Rees [26] believes that the study of urban economics has
neglected the urban ecological environment and pointed out
that it is necessary to formulate sustainable development
strategies for the urban economy based on changes in the
ecological environment; Campbell [1] believes that re-
searchers should take sustainable urban development as the
main goal. At the same time, it is combined with technology
to solve the problem of incoordination between economic
development and ecological environment; Dempsey et al.
[27] believe that the green development of cities should not
only consider the ecological environment but also the
sustainable development of the urban economy; Rees et al.
[26, 27] took British urban development as the research
object, incorporated economic and social aspects into the
content of sustainable urban development, and discussed the
relationship between urban form and social sustainability.
With the rapid development of urbanization and rapid
changes in the ecological environment, it is increasingly
important to explore the synergistic relationship between
urban politics, economy, and ecological environment [28].
Urban green building development also plays an important
role in urban green development [29]. .e development of
urban green space systems can effectively respond to the
challenges of urbanization, such as protecting biodiversity
and adapting to climate change [30, 31]. .erefore, Barles
[32] reviews the process of urban development and believes
that while the city consumes energy and resources in the
development process; it must take into account the impact
on the ecological environment. .is is an unavoidable
problem for the green development and sustainable devel-
opment of cities.

.e green development of the city mainly emphasizes the
coordinated development of economy, ecology and society,
and optimization of resource utilization. It can be seen from
the abovementioned literature research that the research
direction and focus of different scholars are different. .ese
studies all involve the green development of cities, such as
the planning and management of urban green space, the
utilization of urban land resources, and the importance of
the sustainable development of the urban ecological envi-
ronment. However, the above literature mainly emphasizes
the importance of urban sustainable development from a
macroperspective, and there is little analysis of the factors
that realize urban green development. Because urban

development needs to take up a lot of natural resources and
other resources, it is also necessary to achieve coordinated
development with the economy, environment, and society
and maximize the benefits of urban development. .erefore,
there are still many problems to be solved on how to improve
the city’s green development ability and level.

2.2. Research on the Evaluation of Urban Green Development.
With the rapid development of urbanization, there are more
and more researches on urban green development. How to
evaluate the ability and level of urban green development has
also become the research focus of scholars. In terms of
evaluation content, Chen and Wang [33] used panel data of
285 Chinese cities to conduct quantitative analysis to
evaluate urban green spaces. .is allows decision-makers to
better weigh the relationship between economic develop-
ment and natural facilities. Jin et al. [11] use the two
influencing factors of macroeconomics and high-level in-
novation ability to evaluate the performance of urban green
development. Li et al. [34] designed and developed 52 in-
dicators based on Jining, Shandong, China. .ese indicators
are economic growth and economic efficiency, ecological
environment protection, and urban infrastructure con-
struction. And, they developed a comprehensive index
method of completely replacing polygons to evaluate the
sustainable development ability of the city. Zhang et al. [10]
used 103 cities in China as research objects, selected two
indicators of knowledge innovation and product innovation,
and used a spatial autoregressive model to verify the impact
of innovation on the level of urban green development.
Guan et al. [35] took Chongqing, China, as an example,
combined system dynamics (SD) and geographic informa-
tion system (GIS), and proposed a dynamic combination
method of SD-GIS. .e sustainable development level of
Chongqing through modeling is evaluated. In terms of
evaluation methods, .inh et al. [36] created an ARC/
INFO database of land use patterns. And through mod-
eling, a cluster analysis of 116 cities in Germany was carried
out to find ways to promote the sustainable development of
cities. .inh et al. [36, 37] used an improved entropy
method combining experts and entropy weights to propose
an indicator system for the evaluation of urban circular
economy development. And put forward suggestions to
promote the development of urban circular economy. Ding
et al. [38] constructed an indicator system from three
aspects: society, economy, and environment. .e TOPSIS-
entropy method is used to evaluate the sustainable de-
velopment level of 287 prefecture-level and above cities in
China, and the spatial distribution of the urban sustainable
development level is analyzed. Meng et al. [39] used panel
data of 31 provinces in China as the object to establish an
indicator system and used the catastrophe progression
method to measure the level of green economy develop-
ment in 31 provinces in China. Lin and Ying [40] used the
DEA model to evaluate the green development efficiency of
urban agglomerations in the Middle Delta and the Yangtze
River Delta and compared their green development effi-
ciency. Zheng et al. [41] measured the green development
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level of 78 cities in China from the perspective of urban
household carbon emissions.

From the above evaluation research on urban green
development, it can be found that most scholars use the
method of establishing an index system to evaluate the level
of urban green development. However, most of these in-
dicators focus on urban green space planning and ecological
environment, while there are few studies that take into
account economic development, ecological environment,
and social development. And, it is lack of attention to sci-
entific research and innovation. In improving the ability of
urban green development, the innovation of green tech-
nology plays an important role in sustainable economic
growth and alleviating environmental pressure. In addition,
most of the existing studies use AHP, entropy method, and
TOPSIS to determine indicator weights and calculate the
comprehensive level of urban green development. .ese
research methods are subjective. Kahn [42] believes that
selecting multiple indicators and adding weights through
objective methods can solve subjective problems to a certain
extent. .is article summarizes the research of existing
scholars and adds the indicator of green innovation tech-
nology. .is article adopts the TOPSIS-BP neural network
method to evaluate the green development review of the four
cities of Beijing, Shanghai, Shenzhen, and Guangzhou,
which is more objective. In addition, this paper also uses
methods such as grey correlation analysis to extract the
factors that affect the green development of cities, analyze
which are the important factors, and provide certain ref-
erences for the green development of other cities.

3. Research Design

3.1. Model Construction. .e entropy TOPSIS method can
eliminate subjective errors and relatively objectively measure
the weight of each evaluation index and the level of green
development of the city..e BP neural network can learn the
standards. After training, it can stably simulate the evalu-
ation of experts, determine the weight of each index, reduce
the influence of subjective factors in different situations, and
also get the green development level of each city. And, the BP
neural network can verify the results obtained by the entropy
TOPSIS method, so as to more truly reflect the level of urban
green development.

However, the entropy TOPSIS method and BP neural
network can measure the green development level of dif-
ferent cities. However, different cities have differences in
resource endowments, resource allocation, location condi-
tions, and external environment, which will cause differ-
ences in the level of green development and influencing
factors between cities. .erefore, it is necessary to use the
standard deviation and the coefficient of variation to
quantitatively measure the degree of difference and use the
grey correlation analysis to identify the factors that cause the
difference.

3.1.1. Entropy Weight TOPSIS Method. .e entropy method
is an objective weight determination method that can be

used to measure the weight of known data [43]. Rubinstein
[44] proposes an entropy weight evaluation method is to
determine the index weight, which is used to evaluate the
water quality of the .ree Gorges Reservoir. Zhao et al. [45]
also use the entropy method to determine the index weight
to assess environmental vulnerability; Sun et al. [46] use the
entropy TOPSIS evaluation model to evaluate the impact of
green technological innovation on the ecological economic
efficiency of strategic emerging industries. In order to truly
reflect the green development capabilities of China’s first-
tier cities, this article uses a relatively objective entropy
method to determine the weight of each indicator. .e
specific steps are as follows.

Firstly, the raw data has to be standardized. .e indi-
cators that measure the green development capabilities of
the first-tier cities in China have differences in dimensions
and orientations. In order to avoid the influence between
data, all indicators should be normalized according to the
orientation of the data. Since different indicators have dif-
ferent impacts on urban green development, the indicators
yij can be divided into positive indicators y+

ij and negative
indicators y−

ij. .e formulas are as follows:

Positive indicators:

y
+
ij �

xij − min x1j, x2j, . . . , xnj􏽮 􏽯

max x1j, x2j, . . . , xnj􏽮 􏽯 − min x1j, x2j, . . . , xnj􏽮 􏽯
.

(1)

Negative indicators:

y
−
ij �

max x1j, x2j, . . . , xnj􏽮 􏽯 − xij

max x1j, x2j, . . . , xnj􏽮 􏽯 − min x1j, x2j, . . . , xnj􏽮 􏽯
,

(2)

xij is the jth index of i area, min(xij) is the minimum
value of the sample data, and max(xij) is the maximum
value of the sample data.

Secondly, the entropy Hj is calculated. .e formula is

Hj � −k 􏽘 fij × lnfij, (3)

where k � (lnm)− 1 and fij is the the normalized value of
yij. Because the scope of yij is [0, 1), we normalized yij by
formula (4) to guarantee that lnfij is meaningful:

fij �
1 + yij

􏽐
m
i�1 1 + yij􏼐 􏼑

. (4)

Finally, calculate the weights:

Wj �
1 − Hj

n − 􏽐
m
j�1 Hj􏼐 􏼑

. (5)

.en, it is combined with the weighted Topsis method to
calculate the green development capacity of the first-tier
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cities in mainland China from 2009 to 2018. Weighted
Topsis is also known as the distance method of superior and
inferior solution. Since it can make full use of the original
data to reflect the superiority and inferiority of each eval-
uation plan, it is used to calculate the green development
capabilities of Beijing, Shanghai, Shenzhen, and Guangzhou.
Rashidi and Cullinane [47] applying the Topsis method to
sustainable supplier evaluation, it is found that TOPSIS is
superior to DEA in terms of computational complexity and
sensitivity to changes in the number of suppliers. Dos Santos
et al. [48] use TOPSIS to determine environmental standards
for evaluating and selecting green suppliers in the furniture
industry; In [49], combined with TOPSIS, the influence of
multiattribute decision-making on the efficiency of the re-
verse logistics industry of scrapped automobiles is analyzed
to improve the efficiency of resource utilization.

Specific steps are as follows:

Firstly, weigh the preprocessed data. Multiply the
preprocessed data with the corresponding index weight
to obtain a weighted normalized decision matrix:

A � aij � Zij × Wj􏼐 􏼑 (6)

Secondly, build positive ideal solution vectors sepa-
rately a+

j and negative ideal solution vector a−
j :

a
+
j � max a1j, a2j, a3j, . . . , amj􏼐 􏼑,

a
−
j � min a1j, a2j, a3j, . . . , amj􏼐 􏼑.

(7)

.irdly, calculate the optimal distance and the worst
distance. .e Euclidean calculation formula is used to
calculate the optimal distance from the evaluation
value vector to the positive ideal solution and the
worst distance to the negative ideal solution. .e
optimal and worst distance calculation formulas are,
respectively,

d
+
j �

������������

􏽘

n

j�1
aij − a

+
j􏼐 􏼑

2

􏽶
􏽴

,

d
−
j �

������������

􏽘

n

j�1
aij − a

−
j􏼐 􏼑

2

􏽶
􏽴

.

(8)

Finally, calculate the closeness of each evaluation ob-
ject. .e closeness indicates how close each evaluation
object is to the optimal distance. .e larger the value,
the closer the evaluation object is to the optimal level.

.e calculation formula is

Bi �
d

−
i

d
−
i + d

+
i

, 0≤Bi ≤ 1. (9)

3.1.2. Neural Network Model Construction. BP neural net-
work is a multilayer feedforward neural network trained
according to the error back propagation algorithm, which
can make important contributions to the development of
faster learning algorithms and research [50]. .e neuron is
the basic unit of the neural network. For the ith neuron, X1,
X2, . . ., Xj are the inputs of the neuron, and the input is often
the independent variable that has a key impact on the system
model, and W1, W2, . . . , Wj are the connections the weight
adjusts the proportion of each input. Structurally, the BP
network has an input layer, a hidden layer, and an output
layer; in essence, the BP algorithm uses the square of the
network error as the objective function and uses the gradient
descent method to calculate the minimum value of the
objective function. .erefore, using BP neural network to
predict and evaluate is more objective and scientific. Peng
and Lai [51] use neural network model to evaluate the ef-
fectiveness of tourism e-commerce service innovation. Li
and Wang [52] use the BP correction model to predict
India’s dependence on foreign oil. Zhang et al. [53] based on
the BP neural network established an evaluation model to
evaluate the smart growth plan of the city.

.e calculation process of the BP neural network model
is as follows:

(1) .e model is build with full connected layers:

αj � 􏽘
d

i�1
wij ∗xi, (10)

wij is the weight and xi is the input of each layer.
(2) .e activation function is

bj � f αj − cj􏼐 􏼑. (11)

(3) Calculate the error:

Ek �
1
2

􏽘

l

h�1
y

k′
h − y

k
h􏼒 􏼓

2
. (12)

(4) Update each weight with the chain rule:

wjh
′ � wjh − η∗

zE

zwjh

. (13)

(5) Repeat execution to minimize the cost function
value.

3.2. Analysis Method of Urban Green Development

3.2.1. Standard Deviation and Variation Coefficient. .is
paper used standard deviation and variation to analyze the
difference characteristics of urban green development ca-
pabilities. .e larger the standard deviation and the coef-
ficient of variation, the greater the difference in green
development capabilities between cities. Bobinaite et al. [54]
combined the standard deviation and the coefficient of
variation to analyze the price characteristics (volatility and
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peak value) of the Lithuanian and Polish day-a-day power
market in order to better understand the process of price
formation in the Polish and Lithuanian powermarket, so as to
provide a theoretical basis for the country to implement
national energy policies and measures. .e calculation for-
mulas for standard deviation and coefficient of variation are

δ2 �
1
n

􏽘

n

1
Xij −

1
n

􏽘

n

1
Xij

⎛⎝ ⎞⎠⎡⎢⎢⎣ ⎤⎥⎥⎦

1/2

, (14)

where δ2 indicates the standard deviation of the city’s green
development capability during the study period, (1/n) 􏽐

n
1 Xij is

the average level of green development capacity of n cities in the
ith year, and n is the number of cities, where Xij is the green
development capacity of the j city in the i year.

Record the mean value M � (1/n) 􏽐
n
1 Xij, which rep-

resents the average green development capacity of n cities in
the i year..e coefficient of variation (C·V) is the ratio of the
standard deviation to the mean. .e larger the value, the
larger the green development capacity gap between cities.

3.2.2. Grey Relational Analysis. .e development of the
system is often affected by many factors, and the influence of
each factor on the system is different. Grey relational analysis has
no requirements on the size and regularity of the sample and can
judge whether the connection is close according to the similarity
of the geometric shape of the sequence curve. .e closer the
curve is, the greater the correlation between the corresponding
sequences, and vice versa. Related scholars have also applied the
gray relational analysis method to practical research. .e grey
correlation analysis method is used to determine the factors that
have a strong correlation with carbon emissions, which provides
a theoretical basis for reducing carbon emissions [55]. Sun and
Tang [56] taking 12 cities in Hunan Province as the empirical
analysis object and using the gray correlation analysis method, it
is found that the correlation between scientific and technical
personnel and economic development is greater than the cor-
relation between scientific and technological expenditure and
economic development. .erefore, the grey correlation analysis
method is used to extract the factors that affect the city’s green
development ability.

Specific steps are as follows:

(1) Determine the comparison sequence and the refer-
ence sequence. Take the index to measure the green
development capacity of the first-tier cities in China
as the comparison sequence X1(k), taking the green
development capabilities of Beijing, Shanghai,
Shenzhen, and Guangzhou from 2009 to 2018 as a
reference sequence X0(k).

(2) Preprocess the comparison sequence and the refer-
ence sequence. .e formula is

Xi
′(k) �

Xij

(1/n) 􏽐
n
i Xij

,

X0′(k) �
X0(k)

(1/n) 􏽐
n
i X0(k)

.

(15)

Get a new comparison sequence Xi
′(k) with refer-

ence sequence X0′(k).
(3) Calculate the grey correlation coefficient. Find the

absolute difference between the preprocessed com-
parison sequence and the reference sequence Δ0i(k);
among them, Δ0i(k) � |Xi

′(k) − X0′(k)|. And, get the
maximum differenceM and the minimum difference
m. According to the formula,

δ0i(k) �
m + ρM

Δ0i(k) + ρm
. (16)

.e grey correlation coefficient is calculated, ρ is the
resolution coefficient, and 0.5 is better.

(4) Calculate the correlation coefficient of each indicator
to the overall system r(X0, Xi), where
(X0, Xi) � (􏽐

n
k�1 δ0i(k)/n). At this time, the corre-

lation degree between each element in the indicator
and the corresponding element in the parent se-
quence can be obtained. .e higher the correlation
degree, the stronger the influence on the green de-
velopment ability.

3.3. Indicator Determination

3.3.1. Construction of Indicator System. .e construction of
the index system needs to be systematic, objective, and
scientific. According to the concept and connotation of
urban green development, this paper constructs an index
system for comprehensive evaluation of urban green de-
velopment. Singh et al. [57] compile the indicators related to
sustainable development, from the three aspects of economy,
environment, and society and put forward the use of total
wastewater, solid waste, network communications, and
other indicators to evaluate the city’s sustainable develop-
ment level. 24 indicators were determined to evaluate the
level of sustainable development, including observation
indicators for soil, water, air, and other factors [58]. Oh et al.
[59] found that the sustainable development capacity of
cities is related to human activities, but the carrying capacity
of cities is limited. .erefore, maintaining sustainable urban
development requires coordination of input and output. For
example, while using land, water, and other resources for
production and development, increase the investment in
technology management to control the generation of waste
water and waste gas and improve the city’s carrying capacity.
Feng et al. [60] established an indicator system based on
resource consumption and economic and social develop-
ment and evaluated the green development transformation
of Chinese cities in two stages of input and output.

.e research in Table 1 constructs a green development
evaluation index system mainly from the perspective of
input and output..e input indicators include capital, labor,
and energy consumption, and the output indicators include
GDP, CO2 emissions, and SO2 emissions. .erefore, re-
ferring to the above research results, this article mainly starts
from the perspective of input and output to construct the
evaluation index of green development of Chinese cities.

6 Complexity



Among them, green input evaluation indicators include two
aspects: technology input and resource utilization; green
output includes two aspects: environmental impact and
economic impact.

.e green investment evaluation index system includes
technology investment and resource utilization. .e tech-
nical input includes R&D expenditure, fixed asset invest-
ment in the tertiary industry, number of research and
development institutions, research and experimental de-
velopment personnel, national science and technology
awards, and amount of patent authorization. .e green
development of a city is related to the economic structure,
and the increase in fixed investment in the tertiary industry
can reflect the improvement of the economic development
structure. At the same time, green and sustainable devel-
opment is inseparable from technological innovation. R&D
expenditures, the number of research and development
institutions, research and test development personnel, na-
tional science and technology awards, and number of patent
authorizations all reflect the city’s scientific research and
development in the development process. Support for
technological innovation. Resource utilization includes total
energy consumption, energy consumption per 10,000 yuan
of GDP, comprehensive utilization of industrial solid waste,
comprehensive utilization of industrial waste, and total
water consumption. .e total energy consumption, the
energy consumption of 10,000 yuan of regional GDP, and
the total water consumption can reflect the resource utili-
zation and utilization efficiency of the city in development.
.e comprehensive utilization of industrial solid waste and
the comprehensive utilization rate of industrial waste can
reflect the city’s ability in resource recycling.

.e green output evaluation index system includes
environmental and economic aspects. .e city will produce
economic benefits in the process of development, but it also
affects the ecological environment. In terms of environment,
the amount of industrial solid waste generated, the total
amount of waste water discharge, and the amount of in-
dustrial waste gas emissions will damage the ecological
environment, while increasing the amount of industrial solid
waste disposal and forest coverage will have a positive
impact on the ecological environment..e economic impact
includes total GDP, technology market turnover, the added
value of the tertiary industry, and the rate of decline in
energy consumption for 10,000 yuan of regional GDP. .e
total GDP can reflect the level of economic development as a
whole. .e technological market turnover, the added value
of the tertiary industry, and the rate of decline in energy
consumption per 10,000 yuan of regional GDP can reflect
the structure of economic growth and reflect the degree of
urban green economy development. Table 2 summarizes the
above evaluation indicators.

3.3.2. Data Sources. In order to ensure the authority and
availability of the data, the data in this article come from
“China City Statistical Yearbook (2010–2019)” and “China
Regional Economic Statistics Yearbook (2010–2019).” .e
data for Beijing are also from the “Beijing Statistical Year-
book (2010–2019),” the data for Shanghai are from the
“Shanghai Statistical Yearbook (2010–2019),” and the data
for Shenzhen are from the “Shenzhen Statistical Yearbook
(2010–2019),” Guangzhou City Data come from “Guangz-
hou Statistical Yearbook (2010–2019).” In addition, it also

Table 1: Research on evaluation index system of green development ability.

Number Author Research area Index

1 (Yuan et al.)
[61]

Shandong peninsula City
group, China Resource input, nonresource input, ideal output and nonideal output

2 (Feng and
Wang) [62] China Energy, labor, capital, GDP, and carbon dioxide emissions

3 (Qiu et al.) [63] Xuzhou City group, China Investment in fixed assets, number of employees in the whole society, total
energy consumption, GDP, and industrial sulfur dioxide emissions

4 (Zhu et al.) [64] 31 provinces and cities in
mainland China Capital stock, labor, energy consumption, GDP, and carbon dioxide emissions

5 (Guo et al.) [65] 34 cities in northeast China

Construct evaluation indicators from the perspective of input-output, which
mainly include indicators such as capital, labor, resource consumption,

technological progress, economic development, industrial wastewater, industrial
SO2, and industrial dust

6 (Ma et al.) [66] 285 prefecture-level cities in
China

From the perspective of input-output, the construction includes capital stock,
number of employees, total water supply, annual electricity consumption, GDP,
per capita disposable income, green coverage, public financial expenditure,
industrial wastewater discharge, PM2.5, SO2, the evaluation index system

including urban registered unemployment rate

7 (Feng et al.)
[67] 165 countries worldwide Energy consumption, labor, capital, GDP, SO2 emissions, CO2 emissions

8 (Pan et al.) [68] China Labor, energy consumption and capital stock, GDP, CO2 emissions

9 (Chen et al.)
[69] China Constructed green development evaluation indicators including labor, capital,

energy consumption, expected output, and bad output.

10 (Shao et al.)
[70] Shanghai, China Constructed input-output indicators including gross industrial output, capital,

labor, energy consumption, carbon emissions, etc.
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includes the statistical bulletins of economic and social
development of various regions.

4. Empirical Research

4.1. Results of TOPSIS-BPNeuralNetworkModel. According to
the entropy TOPSIS method introduced above, this paper uses
the panel data of Beijing, Shanghai, Shenzhen, and Guangzhou
from 2009 to 2018 to calculate the green development level of
Beijing, Shanghai, Shenzhen, and Guangzhou from 2009 to
2018. .e calculation results are shown in Table 3.

After using the TOPSIS method to obtain the green
development level of the four cities of Beijing, Shanghai,
Shenzhen, and Guangzhou, this paper uses BP neural net-
work to remodel and verify the results. Sun and Gao [71]
used the Adaboost-BP neural network model when evalu-
ating the potential energy-saving capabilities of China’s
power industry and believed that it was more accurate than
conventional methods. Li et al. [72] used principal com-
ponent analysis (PCA) and backpropagation (BP) neural
network models to process factors and indicators to evaluate
and analyze the development models of 35 smart cities in
China. .erefore, using the TOPSIS-BP neural network
model to evaluate and analyze the level of urban green
development is more accurate and objective.

.is paper has 40 samples of urban green development
data, of which 36 samples are used as training sample data,
and the other 4 sets of data are used as verification data.
Firstly, use PyCharm as a coding tool and pytorch as a deep
learning framework to build a BP neural network model.
Perform data cleaning on the collected 40 data, delete the data
with more null values, use the median method to insert some
of the null values, and standardize the data to eliminate the
differences between different characteristics. Second, build a
model. .is model uses 4 layers of neurons, of which the
hidden layer is 2. .e input neurons are 19, the number of

neurons is 30 and 10, and the output neuron is 1, and the
ReLU function is used as the activation function of the hidden
layer. Increase the discreteness of the data, the learning rate is
0.0001, and the number of training samples is 1000.

Accurate and objective training samples can ensure the
accuracy of output results to a greater extent. In order to
ensure an objective and accurate evaluation of the regional
green development capabilities, select the first 36 sample
data among the 40 data as the training set..e input vector is
X� [X_1,X_2, . . .,X_36]. According to the calculation result
of the TOPSIS method as the output result of the neural
network, the target output vector is Y� [Y_1, Y_2, . . .,
Y_36]. After outputting the results, use Python’s Matplotlib
to compare the expected results with the real results. Table 3
shows the comparison between the actual value and the
predicted value of the TOPSIS-BP neural network model.

Based on the measurement results of the TOPSIS-BP
neural network model, the degree of fit between the actual
value and the predicted value can be observed more intu-
itively from Figure 1.

Table 2: Index system.

System Indicator Variables

Green investment

Technology investment

R&D expenditure (100 million yuan)
Fixed assets investment in tertiary industry (100 million yuan)

Number of research and development institutions (a)
Research and experimental development staff (person)

National science and technology awards (items)
Number of patents granted (items)

Resource utilization

Total energy consumption (10,000 tons of standard coal)
Energy consumption per 10,000 yuan of regional GDP (ton of standard coal)

Comprehensive utilization of industrial solid waste (10,000 tons)
Comprehensive utilization rate of industrial waste (%)
Total water consumption (100 million cubic meters)

Green output

Environmental impact

Amount of industrial solid waste produced (10,000 tons)
Industrial solid waste disposal (10,000 tons)

Forest cover rate (%)
Total wastewater discharge (10,000 tons)
Industrial waste gas emissions (tons)

Economic impact

GDP (100 million yuan)
Technology market turnover (100 million yuan)

Added value of tertiary industry (100 million yuan)
Reduction rate of energy consumption per 10,000 yuan of GDP (%)

Table 3: Test results based on the topsis model.

Years
Test results

Beijing Shanghai Guangzhou Shenzhen
2009 0.192 0.398 0.319 0.307
2010 0.155 0.379 0.302 0.298
2011 0.193 0.335 0.218 0.379
2012 0.238 0.304 0.205 0.474
2013 0.697 0.332 0.228 0.384
2014 0.280 0.423 0.244 0.447
2015 0.293 0.441 0.262 0.439
2016 0.308 0.509 0.261 0.459
2017 0.313 0.514 0.605 0.544
2018 0.358 0.569 0.692 0.545
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Combining Table 4 and Figure 2, it can be seen that the
actual value of the test sample fits the predicted value very
well. .e data calculated by TOPSIS and BP neural network
models are consistent. Although there is a certain error, the
error is small and the maximum error is 0.00423. In ad-
dition, the data of the verification data are the actual value
(0.43888223, 0.45845163, 0.5440791, 0.5455292), the pre-
dicted value (0.438819, 0.458668, 0.543993, 0.545479), and
the error is small. It can be seen that when the BP neural
network is used for evaluation, the influence of subjective
factors is reduced to a certain extent, and it can effectively
evaluate and analyze complex problems. Moreover, the
trained BP neural network model can be retained, as long as
the indicator data is input, the green development level of
other cities can be tested.

4.2. Difference in Green Development Capabilities. Based on
the collected sample data, after standardizing the original
data, combined with the weighted Topsis-BP neural network
model, the green development capabilities of Beijing,
Shanghai, Guangzhou, and Shenzhen in 2009–2018 can be
calculated. At the same time, the standard deviation and
coefficient of variation are combined to measure the degree
of difference in green development capabilities between
different cities.

On the whole, the green development capabilities of
Beijing, Shanghai, Shenzhen, and Guangzhou are improving
in fluctuations, but different cities show different charac-
teristics. From the perspective of development level, com-
pared with Beijing and Guangzhou, Shanghai, and Shenzhen
have higher green development capabilities, with the highest
value appearing in 2018, reaching 0.569 and 0.545, respec-
tively. However, during the study period, Shanghai’s green
development ability experienced a process of decline first
and then rise. .e lowest value appeared in 2012, reaching
0.304. In fact, Shanghai is China’s financial, trade, and

technological innovation center, with high-tech industries
dominated by integrated circuits, software, and biomedicine,
and strong green development capabilities. Shenzhen is a
national logistics hub and an international technological
industry innovation center, and the total number of PCT
international patent applications has ranked first in the
country for 14 consecutive years, which shows that tech-
nological innovation has a significant effect on improving
the city’s green development capabilities.

.e green development capacity of Guangzhou has gone
through three obvious stages. Among them, from 2009 to
2012, the green development capacity declined year by year,
but the rate of decline was relatively slow. From 2013 to 2016,
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Figure 1: Fitting curve of the TOPSIS-BP neural network model.

Table 4: Comparison of actual value and predicted value of the
TOPSIS-BP neural network model.

Years Expected value Predicted value Relative error (%)
Beijing
2009 0.1918 0.1918 0.0074
2010 0.1548 0.1548 0.0258
2011 0.1931 0.1931 0.0199
2012 0.2381 0.2383 0.0498
2013 0.6968 0.6968 0.0003
2014 0.2803 0.2805 0.0739
2015 0.2927 0.2925 0.0480
2016 0.3077 0.3075 0.0416
2017 0.3127 0.3126 0.0427
2018 0.3584 0.3584 0.0009
Shanghai
2009 0.3977 0.3982 0.1151
2010 0.3789 0.3794 0.1469
2011 0.3352 0.3354 0.0616
2012 0.3042 0.3043 0.0549
2013 0.3317 0.3320 0.1143
2014 0.4226 0.4216 0.2325
2015 0.4409 0.4410 0.0220
2016 0.5086 0.5097 0.2247
2017 0.5137 0.5137 0.0076
2018 0.5694 0.5695 0.0161
Guangzhou
2009 0.3190 0.3191 0.0399
2010 0.2885 0.2885 0.0075
2011 0.2085 0.2087 0.0970
2012 0.2008 0.2025 0.8326
2013 0.2274 0.2263 0.4907
2014 0.2450 0.2453 0.1252
2015 0.2632 0.2590 1.6083
2016 0.2621 0.2655 1.3161
2017 0.6150 0.6151 0.0240
2018 0.6978 0.6977 0.0277
Shenzhen
2009 0.3068 0.3057 0.3457
2010 0.2981 0.2994 0.4331
2011 0.3793 0.3790 0.0806
2012 0.4743 0.4743 0.0099
2013 0.3843 0.3849 0.1608
2014 0.4474 0.4473 0.0106
2015 0.4388 0.4389 0.0144
2016 0.4587 0.4585 0.0472
2017 0.5440 0.5441 0.0158
2018 0.5455 0.5455 0.0092
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the green development capacity of Guangzhou was slowly
improved, only from 0.228 to 0.261. At this time, among the
four cities, Guangzhou’s green development capability is the
last. After 2016, Guangzhou’s green development capabilities
have rapidly improved, with an average annual growth rate
much higher than the other three cities, and in 2017-2018, the
green development capabilities of the four cities ranked first.
Beijing’s green development capacity is slowly improving,
reaching its peak in 2013, but its green development capacity
is relatively low. In 2009–2011 and 2017-2018, the green
development capacity was at the bottom of the first-tier cities.

It can be seen from Figure 3 that, on the whole, the urban
green investment levels of Beijing, Shanghai, Shenzhen, and
Guangzhou have risen in volatility, showing certain differ-
ences in different cities. During the study period, Beijing and
Shanghai maintained a relatively high level of green in-
vestment, ranking first among the four cities in 2009–2011
and 2012–2016. Among these four cities, Guangzhou’s green
investment level was at the bottom between 2009 and 2016,
and the improvement was extremely slow. .ere is a big gap
with other cities. However, since 2016, Guangzhou’s green
investment level. It has been rapidly improved, and the level
of green investment ranks first in the four cities. .e level of
green investment in Shenzhen has experienced a process of
rising first, falling, and then slowly rising, showing a trend of
volatility and rising overall. After 2017, the green investment
level of the four cities has entered a flat phase.

In general, from 2009 to 2018, the green output levels of
the four cities rose in fluctuations, and the green output
levels of different cities have their own evolutionary trends in
Figure 4..e level of green output in Beijing has always been
lower than that of other cities, being the last of the four cities.
But, in 2013, Beijing’s green output level reached 0.751,
ranking first among the four cities..e green output curve of
Shanghai and Guangzhou showed a “U” shape and expe-
rienced a process of first decline and then slowly increase,
and both reached the maximum in 2018. Shenzhen’s green
output level was higher than other cities from 2011 to 2016,
ranking first among the four cities, but after 2016, it showed
a certain degree of downward trend.

Both the standard deviation and the coefficient of var-
iation are indicators to measure the difference in green

development capabilities between cities. On the whole, the
standard deviation and the coefficient of variation showed a
similar evolutionary trend, and both experienced a process
of first becoming larger and then becoming smaller in
Figure 5. From 2009 to 2013, the standard deviation and the
coefficient of variation increased year by year, indicating that
the difference in urban green development capabilities is
gradually expanding. From 2014 to 2018, the standard de-
viation and coefficient of variation decreased year by year,
indicating that the difference in green development capa-
bilities between cities is gradually shrinking. In fact, since
2014, China’s economy has gradually entered the “new
normal,” from factor-driven and investment-driven to in-
novation-driven, not only the role of emerging industries,
service industries, and small and microenterprises, but also
the manufacturing of steel, cement, electrolytic aluminum,
etc. .e industry has gradually realized “de-capacity,” and
the problems of resource waste and environmental pollution
have been gradually solved, which has gradually reduced the
green development gap between cities.

4.3. Influencing Factors of the Urban Green Development
Level. Studying the influencing factors of the green devel-
opment capacity of Beijing, Shanghai, Shenzhen, and
Guangzhou is of great significance for how to improve the
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Figure 2: 2009–2018 Beijing, Shanghai, Shenzhen, and Guangzhou
urban green development capabilities.
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Figure 3: 2009–2018 Beijing, Shanghai, Shenzhen, and Guangzhou
urban green investment.
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Figure 4: 2009–2018 Beijing, Shanghai, Shenzhen, and Guangzhou
urban green output levels.
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green development capacity and realize the sustainable
development of the region. .erefore, using the grey cor-
relation analysis method, according to the size of the gray
correlation coefficient of each element, filter out the factors
that affect the green development ability. It can be found that
there are obvious temporal and spatial differences in the
factors affecting the green development capacity in
2009–2018.

Under the same time series, the factors affecting the
green development capabilities of Beijing, Shanghai,
Guangzhou, and Shenzhen show certain differences. From
Table 5, it can be found that, from 2009 to 2013, the factors
affecting the green development capacity of the four major
cities were quite different. Among them, the amount of
patent authorization and industrial waste gas emissions are
the primary factors affecting the improvement of the green
development capabilities of Beijing and Shenzhen. .e total
energy consumption is the primary factor that affects the
improvement of the green development capacity of Shanghai
and Guangzhou, and the last influential factors have dif-
ferent degrees of influence on the green development ca-
pacity of different cities. Forest coverage, fixed asset
investment in the tertiary industry, research and experi-
mental development personnel, and number of research and
development institutions are the last factors affecting the
green development capabilities of Beijing, Shanghai,
Guangzhou, and Shenzhen, respectively. At the same time,
the same influencing factor has different degrees of im-
portance to different cities. .e number of research and
development institutions has a second place in the influence
of Guangzhou, but the influence on Shenzhen is in the 20th
place. .e impact of industrial waste gas emissions on
Shenzhen ranks first, but the impact on Shanghai ranks 19th.

It can be seen from Table 6, compared with 2009–2013,
the factors affecting the green development capabilities of
the four major cities in 2014–2018 are still quite different.
Among them, research and experimental development
personnel are the primary factor affecting the improvement
of Beijing and Shanghai’s green development capabilities.
.e number of patent authorizations and the transaction
volume of technology contracts are the factors affecting the
improvement of the green development capabilities of
Guangzhou and Shenzhen. .e national science and

technology awards and the comprehensive utilization of
industrial solid waste are the last factors affecting the green
development capabilities of Beijing and Shanghai, respec-
tively. Industrial waste gas emissions are the last factors
affecting the green development capabilities of Guangzhou
and Shenzhen. At the same time, the same influencing factor
has different degrees of importance to different cities. Re-
search and experimental development personnel are the first
factor that affects the green development capabilities of
Beijing and Shanghai, but the impact on Guangzhou ranks
15th. .e influence of technology contract turnover on
Shenzhen ranks first, but the influence on Shanghai ranks
12th.

As the time series change, the factors that affect the green
development capability of the same city are also changing.
From 2009 to 2018, the primary factor affecting Beijing’s
green development capabilities changed from the number of
patents granted to the number of research and experimental
development personnel; the primary factor influencing
Shanghai’s green development capability has changed from
total energy consumption to the number of research and
experimental development personnel; the primary factor
affecting Guangzhou’s green development capabilities has
changed from total energy consumption to the number of
patents granted; the primary factor affecting Shenzhen’s
green development capabilities has changed from industrial
waste gas emissions to technical contract turnover.

In the two time periods of 2009–2013 and 2014–2018, the
number of patent grants, research and experimental de-
velopment personnel, technology contract turnover, tertiary
industry fixed asset investment, tertiary industry added
value, and total energy consumption have appeared more
than 3 times in the top 5 influencing factors in 4 cities. .is
shows that attaching importance to scientific and techno-
logical innovation, reducing unit energy consumption, and
improving resource utilization are particularly important for
improving green development capabilities.

5. Discussion

.is article builds on the evaluation index system for the
green development capability of four cities in Beijing,
Shanghai, Shenzhen, and Guangzhou, based on the panel
data published by each city in 2009–2018. .e article
combines entropy method, weighted topsis, and BP neural
network to measure the green development capacity, green
input level, and green output level of these four cities from
2009 to 2018. And, on this basis, the green development level
of the four cities and the green development differences
between the cities are analyzed, and then the grey correlation
analysis method is used to identify the factors that affect the
green development of the city.

.e research results show that, first, the urban green
development level of Beijing, Shanghai, Shenzhen, and
Guangzhou has improved significantly, but there are ob-
vious temporal and spatial differences. Among them, the
green development capacity of Shanghai and Shenzhen is
relatively higher than that of Beijing and Guangzhou. .e
green development capacity of Guangzhou has improved the
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Figure 5: 2009–2018 Beijing, Shanghai, Shenzhen, and Guangzhou
urban green development level difference index.
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fastest, from the last in 2012–2016 to the first after 2017.
Second, the green input level and green output level are
increasing in fluctuation, but there are obvious differences.
Among them, the green input level of Beijing is basically at
the forefront of the four cities, but the green output level is
basically at the bottom. .ird, the differences in green de-
velopment among Beijing, Shanghai, Shenzhen, and
Guangzhou have experienced a process of first expanding
and then shrinking. Among them, the entry of China’s
economy into a new normal has played an important role in
reducing the differences in green development between
cities. Fourth, under the same time series, the factors

affecting the green development capabilities of Beijing,
Shanghai, Guangzhou, and Shenzhen show certain differ-
ences. In addition, as the time series changes, the factors that
affect the green development capability of the same city are
also changing. Among them, the primary factors affecting
the green development capabilities of Beijing and Shanghai
have changed from the number of patent authorizations and
total energy consumption to the number of research and
experimental development personnel. .e primary factors
affecting the green development capabilities of Guangzhou
and Shenzhen have changed from total energy consumption
and industrial waste gas emissions to patent authorization

Table 5: 2009–2013 grey correlation coefficient of urban green development ability of Beijing, Shanghai, Shenzhen, and Guangzhou.

Variables Beijing Rank Shanghai Rank Guangzhou Rank Shenzhen Rank
R&D expenditure 0.780 6 0.633 17 0.501 19 0.675 9
Fixed assets investment in tertiary industry 0.801 3 0.617 20 0.557 11 0.699 7
Number of research and development institutions 0.747 12 0.686 11 0.830 2 0.579 20
Research and experimental development staff 0.769 9 0.689 10 0.454 20 0.715 5
National science and technology awards 0.674 17 0.901 2 0.518 18 0.629 15
Number of patents granted 0.806 1 0.751 6 0.530 14 0.715 4
Total energy consumption 0.726 15 0.903 1 0.911 1 0.736 3
Energy consumption per 10,000 yuan of regional GDP 0.701 16 0.684 12 0.544 12 0.659 12
Comprehensive utilization of industrial solid waste 0.769 10 0.871 3 0.785 3 0.615 18
Comprehensive utilization rate of industrial waste 0.777 8 0.837 4 0.685 5 0.663 11
Total water consumption 0.778 7 0.743 7 0.618 10 0.765 2
Amount of industrial solid waste produced 0.733 14 0.630 18 0.527 15 0.649 13
Industrial solid waste disposal 0.667 18 0.740 8 0.666 6 0.617 17
Forest cover rate 0.611 20 0.761 5 0.643 8 0.580 19
Total wastewater discharge 0.737 13 0.695 9 0.745 4 0.685 8
Industrial waste gas emissions 0.756 11 0.623 19 0.634 9 0.781 1
GDP 0.784 4 0.656 15 0.524 17 0.703 6
Technology market turnover 0.802 2 0.660 13 0.536 13 0.623 16
Added value of tertiary industry 0.782 5 0.655 16 0.525 16 0.671 10
Reduction rate of energy consumption per 10,000 yuan of GDP 0.658 19 0.657 14 0.645 7 0.649 14

Table 6: 2014–2018 China’s first-tier cities’ green development capacity grey correlation coefficient.

Variables Beijing Rank Shanghai Rank Guangzhou Rank Shenzhen Rank
R&D expenditure 0.899 7 0.841 10 0.851 4 0.693 5
Fixed assets investment in tertiary industry 0.913 4 0.851 9 0.784 9 0.698 3
Number of research and development institutions 0.870 11 0.922 3 0.818 8 0.684 9
Research and experimental development staff 0.929 1 0.982 1 0.655 15 0.680 13
National science and technology awards 0.598 20 0.609 16 0.784 10 0.655 15
Number of patents granted 0.919 3 0.776 11 0.874 1 0.719 2
Total energy consumption 0.724 13 0.494 19 0.578 19 0.621 19
Energy consumption per 10,000 yuan of regional GDP 0.921 2 0.967 2 0.781 11 0.681 12
Comprehensive utilization of industrial solid waste 0.622 18 0.462 20 0.745 12 0.623 17
Comprehensive utilization rate of industrial waste 0.676 17 0.577 17 0.655 16 0.622 18
Total water consumption 0.902 5 0.691 14 0.839 6 0.688 8
Amount of industrial solid waste produced 0.870 10 0.912 4 0.662 14 0.684 10
Industrial solid waste disposal 0.677 16 0.620 15 0.627 18 0.665 14
Forest cover rate 0.763 12 0.878 6 0.851 3 0.693 6
Total wastewater discharge 0.690 15 0.894 5 0.727 13 0.684 11
Industrial waste gas emissions 0.715 14 0.508 18 0.504 20 0.566 20
GDP 0.900 6 0.866 8 0.828 7 0.692 7
Technology market turnover 0.886 9 0.723 12 0.855 2 0.749 1
Added value of tertiary industry 0.895 8 0.867 7 0.847 5 0.694 4
Reduction rate of energy consumption per 10,000 yuan of GDP 0.620 19 0.697 13 0.644 17 0.643 16
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and technology contract turnover. It can be seen from these
changes that technological innovation and resource utili-
zation efficiency are becoming more and more important to
the level of urban green development and have become the
main influencing factors.

6. Conclusion

.e sustained and rapid development of the national
economy has driven the rapid development of cities.
However, in the process of urban development, problems
such as resource waste and environmental pollution will
inevitably arise. Urban green development is conducive to
improving the competitiveness of cities and coordinating the
relationship between economic development and environ-
mental society. .erefore, urban green development will
become a trend. .is paper establishes an index system to
evaluate the level of urban green development, uses the
TOPSIS-BP neural network model to model the green de-
velopment levels of Beijing, Shanghai, Shenzhen, and
Guangzhou, and use grey correlation to analyze the factors
that affect the level of urban green development. It is found
that, in the process of urban green development, green
technology innovation has played an important role.

.ere are several main contributions of this article, first
of all the theoretical significance: firstly, the current research
on urban green and sustainable development mainly focuses
on the planning of urban land resources and the protection
of the ecological environment from a macroperspective
[73–76]. .is article analyzes the specific factors that affect
the level of urban green development and to some extent
makes up for the lack of analysis of specific factors that affect
the level of urban green development in existing studies.
Secondly, the connotation of regional differences enriched
and expanded. As each city has different resource endow-
ments, resource allocation, location conditions, and external
environment, this will inevitably cause differences between
regions [77–79]. In fact, this article uses the gray relational
analysis method to find that, under the same time series, the
factors affecting the green development capabilities of
Beijing, Shanghai, Guangzhou, and Shenzhen show certain
differences. .is shows that there are differences in green
development capabilities among different regions and fur-
ther proves that regional differences exist objectively and
enriches the connotation of regional differences.

At the same time, this article also has certain practical
significance. Firstly, this article uses the topsis-bp neural
network model to evaluate and analyze the level of urban
green development, which is more accurate and objective.
BP neural network has good learning ability and can provide
certain theoretical and practical reference for evaluating the
green development level of other cities. In addition, the
article constructs an evaluation index system for urban green
development from the perspective of input and output. .is
index system takes into account the economic and envi-
ronmental impacts of technological input and resource
utilization, and can scientifically measure the level of green
development. First-tier cities such as Beijing, Shanghai,
Guangzhou, and Shenzhen can formulate relevant policies

based on this indicator system to improve their green de-
velopment capabilities. Finally, the research samples are
Beijing, Shanghai, Shenzhen, and Guangzhou, four devel-
oped cities in China. .ese four cities are in a leading po-
sition in mainland China in terms of economic strength and
scientific research strength. .is is also of important ref-
erence value for the formulation of green development
policies in other regions.

In response to the above research conclusions, in order
to promote the improvement of China’s urban green de-
velopment capabilities, this article makes the following
recommendations:

First, increase investment in science and technology and
green technology innovation. From the data analysis results
of the article, compared with energy consumption and “three
wastes” emissions, green technology innovation has in-
creasingly become an important factor in the process of
urban green development. In addition, technological in-
novation can effectively improve production efficiency and
reduce energy consumption, which is of great significance to
the development of green cities. Cai and Shang [80] believe
that advances in science and technology are conducive to
enhancing the carrying capacity of urban ecosystems,
thereby improving the level of green development of cities.
Li and Luo [81] believe that science and technology have
become an important factor affecting sustainable develop-
ment. Fang et al. [82] found that sufficient technical support
plays a key role in improving the sustainable development of
cities, improving the ecological environment, and devel-
oping green cities.

Second, establish and improve laws and policies related
to urban green development and establish a sense of green
development. Production and living activities have an im-
portant influence on the development of the city.
Strengthening the supervision of production activities can
reduce to a certain extent the behaviors of enterprises and
production units that undermine the green development of
cities. .e improvement of the public’s awareness of green
development can to a certain extent enhance residents’
willingness to live a green lifestyle and can also increase the
public’s participation in government greenmanagement and
strengthen the supervision of economic activities. Hawkins
andWang [83] found on the basis of a national survey of the
United States that government initiatives and increased
public willingness to participate are essential to the urban
ecological environment and sustainable development.

Finally, improve resource utilization and develop a green
economy. To realize the green development of the city, it is
necessary to coordinate the development of the city with the
resources and the environment. .at is to say, how to sci-
entifically use limited resources, improve the utilization rate
of resources, and develop a green economy is of vital im-
portance to the green development of the city. Wang et al.
[84] studied the green development of 9 cities in the Pearl
River Delta and proposed that urban green development
should improve the energy utilization structure and build a
low-carbon recycling industry system.

.is paper mainly uses the TOPSIS-BP neural network
model to evaluate the green development level of four cities
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in Beijing, Shanghai, Shenzhen, and Guangzhou and ana-
lyzes the factors that affect the city’s green development level
through grey correlation analysis methods. .is article has
certain rationality and objectivity in the research content
and research methods. But, this article still has some
shortcomings: first of all, the development of some cities has
regional characteristics, and the green development of cities
is also unique. .e sample areas selected in this article may
bring greater reference significance to economically devel-
oped areas and lack a certain degree of universal adaptation.
Secondly, due to the high authenticity required for data
collection, the indicators selected in this article are all
quantitative indicators to ensure the authenticity and ac-
curacy of the data. However, adding some qualitative in-
dicators will help measure the level of urban green
development more comprehensively. Future research will
also focus on the impact of qualitative indicators on the level
of urban green development, expand the scope of research,
and increase the universality of research.
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