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Abstract: Global warming, driven primarily by the substantial discharge of greenhouse gases such
as carbon dioxide, presents a progressively intensifying concern. To curtail these emissions, the
international community is persistently exerting efforts. Traditional economic paradigms have
contributed to resource exhaustion and severe pollution, as well as other issues. The green economy,
characterized by “eco-friendly”, “low carbon”, and “intensive development” principles, proposes
strategies to counter global warming. The current study considers 30 Chinese provinces and cities,
assessing coal, coke, and diesel consumption data from 2004 to 2020. Using the carbon emission factor
method to quantify carbon emissions, spatial autocorrelation of emissions across various regions
is evaluated by employing Moran’s I. The Geographically and Temporally Weighted Regression
(GTWR) of carbon emissions and green economy is formulated to scrutinize the contributing factors
to carbon emissions, focusing on spatial–temporal evolution and spatial heterogeneity. According
to the analysis results, the corresponding suggestions are put forward. This also facilitates analysis
of the green economy’s impact on China’s carbon peak and carbon neutrality targets. The findings
suggest the following: (1) Over the study period, China’s aggregate carbon emissions exhibited
an upward trend, although the growth rate notably decelerated after 2011, and significant spatial
clustering of carbon emissions was discerned across the regions. (2) Overall, both economic and social
development markedly augmented carbon emission intensity. (3) Spatially, the green economy’s effect
on carbon emissions demonstrated significant spatial differentiation. By constructing a GTWR model
of the green economy–carbon emission relationship, this study provides a trajectory for regional green
sustainability and offers empirical guidance for developing countries grappling with global warming.

Keywords: carbon emission; green economy; Moran’s I; Geographically and Temporally Weighted
Regression

1. Introduction

Global warming, with its negative impact on human existence, is one of the paramount
environmental quandaries confronting our world today [1]. China, owing to its vast pop-
ulace and substantial energy consumption, has ascended to the undesirable position of
the world’s largest carbon emitter [2]. This predicament stems largely from the country’s
extensive and expansive economic growth paradigm. In pursuit of a harmonious interplay
between economy, environment, humanity, and nature, the United Nations Environment
Programme, in 2011, formulated a novel economic framework—the green economy. This
model strives to bolster human welfare and social equity while considerably mitigating
environmental risks and ecological scarcities, essentially constituting a sustainable econ-
omy predicated on ecological and economic synergistic progression [3]. Exploring the
mechanistic impact of green economic growth on energy-related carbon emission intensity
offers potential pathways towards accomplishing China’s aspirational targets of carbon
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peaking and neutrality. Furthermore, it provides insightful references for developing
nations grappling with the global warming crisis.

Anthropogenic carbon dioxide emissions, primarily attributed to the combustion of
fossil fuels, constitute the largest source of greenhouse gases. In 2020, such emissions related
to energy production represented approximately 87% of total global carbon dioxide output.
Not only does this excessive production of carbon dioxide exacerbate climate change, but it
also impedes the progression towards sustainable economic development [4]. Presently,
nations worldwide are endeavoring to align their economic growth with sustainability
objectives [5]. Consequently, establishing a green economy that minimizes carbon dioxide
emissions has emerged as a focal point in academic discourse [6].

Under prevailing technological capabilities, energy requirements, and the stage of
economic development, China is confronted with formidable challenges in reducing future
carbon emissions. In response to these challenges, this study employs the carbon emission
coefficient method to quantify the carbon emissions from 30 Chinese provinces and cities
and utilizes Moran’s I to assess spatial autocorrelation across these regions. We establish a
green economy indicator system and construct a Geographically and Temporally Weighted
Regression (GTWR) to investigate the spatiotemporal trends and spatial heterogeneity
of the impact of green economy development on carbon emissions. Our analysis further
evaluates the role of green economy development in facilitating China’s carbon neutral-
ity ambitions. We advocate for China to adopt differentiated regional management of
carbon emissions and devise carbon reduction strategies that are attuned to its unique
circumstances. Particular attention should be paid to monitoring high-emission provinces
and regions. Increased investment in scientific research and technological innovation is
encouraged, with the goal of optimizing the industrial structure. Additionally, China ought
to augment its commitment to green economy development, establishing a comprehensive
legal framework that ensures the systematic and sustainable progression of this green
economy. The remainder of this article is structured as follows: The first section delineates
the research background and its significance; the second section reviews the extant litera-
ture on carbon emissions and the green economy, highlighting the unique contributions
of the current study; the third section introduces the data and methods utilized in this
study and elaborates on the construction of a green economy indicator system, using the
30 provinces and cities in China as the focal points of analysis; the fourth section employs
the carbon emission coefficient method to calculate carbon emissions of the target provinces
and cities, employing Moran’s I to measure spatial autocorrelation of carbon emissions. We
construct a GTWR model to examine the temporal trends and spatial heterogeneity of green
economy impacts on carbon emissions, analyzing the role of green economy development
in achieving China’s carbon peaking and neutrality goals. The fifth and sixth sections
present this study’s discussion and conclusions, respectively.

2. Literature Review

Determining the intensity of carbon dioxide emissions presents a substantial challenge.
Currently, three principal methods are utilized for quantifying carbon emissions: the carbon
emission factor method, the measured method, and the material balance method [7]. The
carbon emission factor method estimates carbon emissions based on the consumption of
various energy sources and their respective carbon emission coefficients. This method is
widely recognized for its simplicity and ease of data acquisition [8]. Given the variations
in energy consumption and energy quality across different countries, differing carbon
emission coefficient standards have been published by various institutions for distinct
energy types. Among these, the standards published by the IPCC are the most universally
adopted [9].

Existing research primarily attributes carbon emissions to salient factors such as eco-
nomic growth, energy intensity, population size, and the level of urbanization. Sharma [10]
identified per capita GDP and urbanization as pivotal determinants of global carbon emis-
sions. Murshed [11] posited that trade in Information and Communication Technology
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(ICT) reduces energy intensity, enhances energy efficiency, and thereby curtails carbon diox-
ide emissions. Yeh and Liao [12] argued that population expansion has escalated energy
consumption in production and daily life, exerting immense pressure on the ecological
environment. According to Shao [13], a balanced level of urbanization can ameliorate
environmental conditions and bolster energy efficiency. Unraveling the influencers of
carbon emissions is critical to addressing this concern. At present, four key research models
are utilized to analyze carbon emission influencers. The first is the Logarithmic Mean
Division Index (LMDI) decomposition model, lauded for its distinct analysis pathway, lack
of residual, and excellent zero-value processing capacity; hence, it is extensively employed
in carbon emission driver decomposition research across multiple fields [14]. The second
model is the STIRPAT model, appreciated for its scalability and stochasticity, which has
found broad application in energy carbon emission prediction and assessment research [15].
The third method is the Grey Relational Analysis (GRA), a tool used within grey system
theory to measure the similarity or heterogeneity among various factors [16]. The fourth
model, Vector Autoregression (VAR), treats all variables as endogenous and conducts
regression analysis on the lag value of these endogenous variables [17,18].

The economic growth process inevitably coincides with carbon emission release, and
the interrelationship between these two phenomena has consistently been a focal point
for scholarly research [19]. Wang et al. [20] demonstrated that the level of economic
development has a significantly positive impact on carbon emissions. Studies exploring the
link between economic growth and carbon emissions primarily employ two methodologies:
firstly, the analysis of the decoupling relationship between carbon emissions and eco-
nomic growth [21], and secondly, the testing of the environmental Kuznets curve of carbon
emissions [22,23]. The environmental Kuznets curve model, often utilized to explain the
relationship between economic growth and carbon emissions, suggests an inverted U shape.
This model indicates that the environment undergoes severe degradation during the initial
stages of economic development. However, once a certain economic development threshold
is surpassed, carbon emissions reach a growth inflection point and begin to decline. This
indicates that despite initial environmental degradation, the long-term prospects involve
improved environmental conditions, ultimately leading to the achievement of carbon
reduction targets [24].

The concept of the green economy was first introduced in the Green Economy Blue-
book in 1989 [25], endorsing the establishment of a ‘sustainable economy’ with regards to
societal perspectives and conditions. The United Nations Conference on Sustainable Devel-
opment in 2012 expanded this concept, advocating for inclusive growth and trans-forming
the notion of a green economy from output-driven to a low-carbon, environmentally
friendly, and equitable economic model [26]. Munitlak et al. [27] suggest that this con-
cept of inclusive green development represents an approach that harmonizes eco-nomic
development with environmental protection. Yu et al. [28] pointed out and emphasized
that the low-carbon transformation of economic development is conducive to achieving
coordinated development between economic development and carbon emissions. Jiang [29]
proposed that energy efficiency and structural changes have played a role in reducing per
capita carbon emissions. Gan, Kai, Wang and Voda [30] believe that the decoupling between
carbon emissions and the economic development of the tertiary sector of the economy is
conducive to promoting sustainable development. With the gradual attention paid to the
development mode of green economy, various authoritative institutions and professional
scholars are actively exploring the construction of a green economy evaluation system
to quantify the green economy. Currently, the construction of such a system is centered
around four key factors: (1) Economic development: recognizing that a green economy
is fundamentally rooted in economic growth, which serves as the primary impetus and
foundation for ecological transition [31]. (2) Social development: this represents the capac-
ity to fulfill human life needs and embodies the green economy’s pursuit of sustainable
growth [32]. (3) Ecological environment: The green economy exemplifies a socioeconomic
model that acknowledges the symbiotic relationship between the socioeconomic system
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and the ecological environment. Thus, ecological improvement constitutes a crucial as-
pect of the green economy [33]. (4) Government policies: Policy direction is an essential
guide for the specific progression of green economic development. The extent of regional
investment in the ecological environment serves as a valuable indicator of green economy
development [34].

At present, the resilience and sustainability of global economic development have
significantly increased. New energy industries characterized by intelligence and greenery
are gradually replacing old energy industries characterized by resource factor consumption
and becoming new engines supporting future economic growth. Can the green economy
development approach significantly reduce carbon emissions?

As indicated by the research overview, scholars have striven to examine the determi-
nants of carbon emissions from assorted viewpoints, albeit with three notable limitations.
Firstly, much of the existing research restricts its analysis of carbon emission influencers
to the traditional economy, including GDP and per capita income levels, while studies
exploring the influence of the green economy on carbon emission intensity remain sparse.
Secondly, many scholars, while constructing green economy indicators, have not incor-
porated the dimension of government policy, a factor that plays an irreplaceable role in
fostering green economy development. Lastly, given China’s vast territorial expanse, the
impacts of driving factors on energy carbon emissions present remarkable regional dispar-
ities. Nevertheless, a majority of the literature engages in discourse on the relationship
between the economy and carbon emissions through decoupling relationship analysis and
the Kuznets curve, which lacks sufficient consideration for the heterogeneity of economic
impacts on energy carbon emissions. To address these shortcomings, this article establishes
a green economy indicator system from four dimensions: economic development, social
development, ecological environment, and government policies. It then proposes a the-
oretical framework for the influence of green economy development on energy carbon
emissions, constructs a spatiotemporal and the GTWR model to analyze the temporal
trends and spatial heterogeneity of the impact of the green economy on carbon emissions,
and underscores the pivotal role of green economy development in achieving China’s
carbon neutrality goal.

3. Study Area and Methodology

This study adopts a time-series approach spanning from 2004 to 2020. It is founded
on data gathered from 30 provinces and cities in China. It creates a green economy
index system predicated on the research framework of economic development, social
development, ecological environment, and government policies. The Geographically and
Temporally Weighted Regression is utilized to examine the effects of the green economy
on carbon emissions from both temporal and spatial perspectives. The specific research
framework is shown in Figure 1. The research process includes five steps:
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Step 1: construction of the green economic development index system and the the-
oretical framework from four dimensions: economic development, social development,
ecological environment, and government policy;

Step 2: collection of pertinent data concerning green economic indicators and primary
energy consumption across 30 provinces and cities in China, ranging from 2004 to 2020;

Step 3: computation of the carbon emissions for each region during the study period
based on the IPCC factor, alongside the employment of Moran’s I to measure the spatial
autocorrelation of carbon emissions in each region, laying the theoretical groundwork for
model selection in the analysis of influential factors;

Step 4: development of the Geographically and Temporally Weighted Regression
model to analyze the spatiotemporal dynamic characteristics of the green economy’s
impact on carbon emissions, subsequently elucidating the varied effects of distinct driving
factors on carbon emissions in different regions via spatial heterogeneity;

Step 5: Comparative analysis of alterations in the impact of various dimension indi-
cators on carbon emissions pre and post the United Nations Environment Programme’s
definition of the green economy, alongside a discussion of whether the advancement of the
green economy is conducive to the realization of China’s carbon peak and carbon-neutral
development objectives. According to the analysis results, the corresponding suggestions
are put forward.

3.1. Study Area

China has 34 primary administrative regions, excluding the Tibet Autonomous Re-
gion, Hong Kong, Taiwan, and Macao due to data constraints. Consequently, this study
selects 30 provinces and cities, including Beijing, Tianjin, Hebei, Hubei, Hunan, Jilin, and
Guangdong, as the research objects. The specific research area is shown in Figure 2.
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3.2. Data Source

Consistent with principles of data comprehensiveness, accessibility, and reliability,
and considering the concrete circumstances of the various provinces and cities in China,
relevant data from 2004 to 2020 is collected in a time series format. Recognizing that the
emissions of carbon dioxide from energy consumption activities predominantly arise from
the combustion of fossil fuels, this study selects data on primary energy consumption in
China’s provinces, including coal, coke, diesel, and natural gas consumption, for carbon
emission calculations. A literature review and comparative analysis reveal that while schol-
ars choose different dimensions, all reflect the coordination and integration of economic,
social, and ecological environments. The balanced progression of the economy, society, and
ecological environment relies on the backing and guidance of government policies, particu-
larly in the domain of green development, where the government’s role is irreplaceable.
Hence, this study establishes a green economy system from four dimensions: economic
development, social development, ecological environment, and government policies. The
data are obtained from the ‘China Statistical Yearbook’ and provincial statistical yearbooks
ranging from 2005 to 2021. Missing values in individual indicators are addressed using
mean and regression imputation methods. The specific indicators for each reference are
detailed in Table 1:

Table 1. Green economy system.

Target
Layer (A)

Criterion
Layer (B)

Indicator
Identification Index Layer (C) Unit Indicator

Identification Reference

Green economy

Economic
development B1

Consumer price index (CPI) % C1 [35]
Per capita disposable income CNY C2 [32]

Industrial structure
upgrading coefficient C3 [33]

Social
development B2

Road area per citizen m2 C4 [36]
Urbanization rate % C5 [37]
Population size people C6 [38]

Ecological
environment

B3
Per capita park green area m2/people C7 [39]
Greenery coverage rate of

built-up area % C8 [40]

Sulfur dioxide emissions 104 tons C9 [41]

Government
policy B4

Science and
technology expenditure 108 CNY C10 [42]

Environmental protection
expenditure 108 CNY C11 [43]

Decontamination rate of
urban refuse % C12 [44]

3.3. Methodology

This study applies the emission factor method to quantify the energy carbon emis-
sions of 30 provinces and cities in China and analyzes the temporal trend and spatial
autocorrelation of each region. By employing the Geographically and Temporally Weighted
Regression, this study dissects the impact of the green economy on carbon emissions from
two facets—spatiotemporal trend and spatial heterogeneity, comparing whether the green
economy aids in accomplishing China’s development objectives of reaching peak carbon
and achieving carbon neutrality. The process of method application is depicted in Figure 3.
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3.3.1. Calculation Method of Total Carbon Emissions

The carbon emission factor methodology, colloquially known as the emission coeffi-
cient method, stands as the most widely utilized means of measuring carbon emissions. The
reference method, outlined in the IPCC Guidelines for National Greenhouse Gas Inventories, per-
mits direct estimation of carbon emissions via the multiplication of energy consumption and
carbon emission factors within the study area [45]. The specific formula is delineated below:

Cit =
n

∑
i=1

Enit · εi (1)

In Equation (1), C represents the carbon emissions (in 10,000 tons); ε represents the
carbon emission coefficient; En represents the main energy consumption in each region, cal-
culated in 10,000 tons of standard coal; i represents the type of energy; and t represents time.

3.3.2. Moran’s I

Moran’s I constitutes a correlation coefficient used for investigating spatial relation-
ships. It bifurcates into global Moran’s I and local Moran’s I. The global Moran’s I delivers
an integrative measure of spatial autocorrelation within the study area [46]. While it offers
insight into the aggregation degree of spatially similar attributes, it fails to precisely de-
fine the spatial location of the aggregation area. The local Moran’s I serves to rectify this
shortcoming, with its calculation formula presented below:

I =
(Xi − X)

s2

n

∑
j=1

Wij(Xj − X) (2)

Ii =

n(Xi − X)
n
∑

j=1
Wij(Xj − X)

∑
i
(Xi − X)

2 = Zi
′∑

i
WijZj

′ (3)

In Equation (3), Xi and Xj denote the attribute values of the space elements i; j represents
the spatial weight coefficient matrix; Wij represents the proximity of each spatial unit; and
Zi
′ and Zj

′ represent the observation values standardized by standard deviation.
When Ii > 0, the regional spatial unit exhibits strong positive spatial autocorrelation

and local spatial aggregation with adjacent space. Conversely, when Ii < 0, the regional
spatial unit manifests strong negative spatial autocorrelation with adjacent space, indicative
of local spatial dispersion.
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3.3.3. Geographically and Temporally Weighted Regression

GTWR is a proficient spatial analysis technique that identifies spatio-temporal non-
stationary attributes. It employs the spatio-temporal weight matrix to evaluate the space
and time impacts on phenomena, subsequently calculating the regression coefficients for
each explanatory variable. The GTWR model considers the non-stationarity of time, pro-
viding a reflection of the evolving relationships between variables in space–time scenarios,
thereby rendering the regression results more congruous with reality [47]. Given the het-
erogeneity of explanatory variables across spatial locations, the GTWR can be formulated
as follows:

yi = β0(ui, vi, ti) +
p

∑
k=1

βk(ui, vi, ti)xik + εi (4)

In Equation (4), (yi, xi1, xi2, · · · xid) represent the n sets of observations of the depen-
dent variable y and the independent variables (x1, x2, · · · xp) at the observation point
(ui, vi, ti). (k = 1, 2, 3, · · · p) represents the unknown parameter at the ith observation point
(ui, vi, ti), and εi(i = 1, 2, 3, · · · , n) represents an independently and identically distributed
error term, which is generally assumed to be subject to an N(0, δ2) distribution.

4. Results
4.1. Calculation Results of Energy Carbon Emissions

This article employs the primary energy consumption data from various regions in
China and employs the carbon emission factor method to calculate the carbon emissions
from 2004 to 2020 for thirty provinces and cities in China from a temporal perspective.
As depicted in Figure 4, the overall fluctuation is relatively obvious, revealing substantial
differences in carbon emission intensity across the regions.
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Figure 4 indicates the following: 1© From 2004 to 2020, the carbon emissions of China’s
30 provinces and cities augmented progressively. Total carbon emissions ascended from
449,470.14 million tons in 2004 to 1,057,492.36 million tons in 2020, presenting an annual
growth rate of 5.1%. 2©With respect to the spatio-temporal evolutionary characteristics,
and using the ‘green economy’ as a pivot, energy carbon emissions manifested a swift
upward trajectory from 2004 to 2011, boasting a growth rate of 96.87%. However, the
growth rate decelerated to 6.23% during 2011–2016, before slightly recovering to 12.46%
during 2016–2020. 3© The carbon emissions from Northwesternnorthwestern regions,
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such as the Ningxia Hui Autonomous Region, Qinghai Province, and Xinjiang Uygur
Autonomous Region, exhibited a relatively subdued growth. In contrast, Northnorth
China and Centralcentral China provinces such as Shandong, Shanxi, Hebei, Henan, and
Inner Mongolia Autonomous Region displayed elevated carbon emissions. Notably, the
growth rate began to decline after 2011, with certain areas, including Henan Province and
Shandong Province, witnessing a decrease in carbon emissions.

In order to further analyze the spatial autocorrelation of carbon emissions in various
provinces and cities, this paper calculates the Moran’s I through Stata, and the results are
shown in Figure 5.
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1© The Global Moran’s I encapsulates the comprehensive alterations in China’s energy
carbon emission distribution over time. Calculated at 0.243, the Global Moran’s I of the
average carbon emissions in each region for the years 2001 through 2020 manifests signif-
icant spatial aggregation. With positive values at the 1% significance level, it is implied
that carbon emissions exhibit a generally positive spatial autocorrelation. 2© Analyzing
provinces at a regional level, such as Henan (HN), Shandong (SD), Jiangsu (JS), Hebei
(HB), and Shanxi (SX), which are situated in Northnorth and Centralcentral China, demon-
strates high-high value agglomerations, thus exhibiting pronounced diffusion impacts.
These provinces not only have elevated carbon emissions but also impact neighboring
provinces by amplifying their carbon emissions. Conversely, provinces such as Yunnan
(YN), Qinghai (QH), Guizhou (GZ), and Sichuan (SC), which are identified as low-low
value clusters, present low-carbon emissions and are enveloped by provinces with similar
low emission rates.

4.2. Analysis of Influencing Factors

In order to examine the degree of correlation among the explanatory variables in the
model, preliminary measures involved executing a correlation analysis and a multicollinear-
ity test of each explanatory variable, prior to the application of the GTWR model. Figure 6
illustrates the correlation matrix of the explanatory variables used in this study. Except
for a 0.82 correlation between C3 and C5, the correlation coefficients among the remaining
explanatory variables are less than 0.8. Furthermore, all variables exhibit Variance Inflation
Factor (VIF) values of less than 10, indicating the absence of severe multicollinearity.
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In order to explore the key influencing factors and heterogeneity of carbon emissions
amid green economic development, this study incorporates 12 indicators including the
consumer price index, industrial structure upgrading coefficient, urbanization rate, green
coverage rate of built-up areas, and local fiscal environmental protection expenditure.
These indicators, sourced from four dimensions, encompassing economic development,
social development, ecological environment, and governmental policies, are employed
to construct the GTWR model. The model aims to elucidate from the perspectives of
spatio-temporal change trends and spatial heterogeneity.

4.2.1. Spatio-Temporal Trend Analysis

Leveraging the green economic development index system, founded on four dimensions—
economic development, social development, ecological environment, and governmental
policies—this study employs the Geographically and Temporally Weighted Regression
(GTWR) model. The objective is to ascertain the impact of the green economy on carbon
emissions, and to scrutinize temporal fluctuations of varied contributing factors spanning
the years 2004 to 2020. The detailed outcomes are illustrated in Figure 7.

As interpreted from Figure 7: 1© Under 1© under the economic development di-
mension, the consumer price index (CPI) wields the most substantial impact on carbon
emissions, demonstrating a trend of initial decline followed by an ascent from 2004 to 2020.
The per capita disposable income exhibited minimal fluctuations between 2004 and 2006,
followed by a swift decrease during 2007–2020. The overall industrial structure upgrading
coefficient exhibits a trend of initial decline followed by an increase. 2© In the social devel-
opment dimension, three indices exhibit an upward trend in carbon emission intensity over
the research period, with population size being the most influential and experiencing the
highest growth rate. This aspect results in a significant positive effect on carbon emissions.
3©Within the ecological environment dimension, sulfur dioxide emissions significantly

impact carbon emissions. The green coverage rate of built-up areas showcases a trend
of initial growth followed by a decline, whereas the impact of the per capita park green
area exhibits a decreasing trend. 4© Pertaining to government policy, environmental pro-
tection expenditure exerts a pronounced impact on carbon emissions, demonstrating a
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declining trend annually. The harmless treatment rate of domestic waste presents feeble
fluctuations and consistently maintains a negative impact on carbon emissions. Lastly,
expenditure on science and technology depicts a trend of initial increase, followed by a
decrease, transitioning from positive to negative impact on carbon emissions in 2007.
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4.2.2. Spatial Heterogeneity Analysis

The aforementioned results solely represent the cross-sectional conditions across
different time periods. To extend the analysis to comprehend the regional differences
in the impact of various driving factors on carbon emissions, spatial heterogeneity is
evaluated. This is conducted via examination of the coefficient mean of each index across
the four dimensions. The results are demonstrated in Figure 8.



Sustainability 2023, 15, 10965 12 of 21
Sustainability 2023, 15, x FOR PEER REVIEW 13 of 22 
 

 
Figure 8. The spatial heterogeneity of the influencing factors as per each dimension: (a1) consumer
price index; (a2) per capita disposable income; (a3) industrial structure upgrading coefficient; (b1) per
capita urban road area; (b2) urbanization rate; (b3) population size; (c1) per capita park green area;
(c2) green coverage rate of built-up area; (c3) sulfur dioxide emissions; (d1) science and technol-
ogy expenditure; (d2) environmental protection expenditure; and (d3) domestic waste harmless
treatment rate.



Sustainability 2023, 15, 10965 13 of 21

As interpreted from Figure 8: 1©Within, 1© within the realm of economic develop-
ment, high-value areas of the CPI and per capita disposable income are predominantly
concentrated in Northnorth China. In contrast, high-value regions of the industrial struc-
ture upgrading coefficient are primarily focused in Northnorth China, Guangxi Zhuang
Autonomous Region, Guizhou Province, and Hunan Province. This suggests that economic
development indicators exert a significant positive impact on carbon emissions in these
regions. In contrast, the coefficients for the northwest and southwest regions are notably
lower, implying that economic development positively influences emission reduction in
these two regions. 2© In the social development dimension, high-value areas of the per
capita urban road area are centralized in Northnorth China, with low-value regions focused
in Southwestsouthwest China. East China and Northnorth China, respectively, harbor
the high-value and low-value areas of urbanization rate and population size. Aside from
Qinghai Province, the population size has a positive effect on carbon emissions in all other
regions. 3© The ecological environment dimension exhibits considerable spatial heterogene-
ity. High-value regions of the per capita park green area are scattered, predominantly in
Heilongjiang, Shandong, Jiangsu, Henan, and Yunnan, with low-value areas concentrated
in Northnorth China. North China has the primary concentration of high-value regions for
green coverage rate of built-up areas and Sulfur dioxide emissions, while the low-value
areas are concentrated in Easteast China and Southwestsouthwest China, respectively.
4© Under government policy, high-value areas of science and technology expenditure and

domestic waste harmless treatment rate are primarily located in northwest and southwest
regions, with low-value regions mostly concentrated in the north and east. Few regions,
specifically Gansu Province, Ningxia Hui Autonomous Region, Shaanxi Province, and
Liaoning Province, display high values of environmental protection expenditure. This
indicates that, during the study period, only a select few regions demonstrated a significant
impact of environmental protection expenditure on carbon emissions.

4.3. Analysis of the Impact of Green Economic Development on Carbon Emissions

Utilizing the coefficients derived from the GTWR, this section examines the impact of
various driving factors on energy carbon emissions at different stages and from diverse
dimensions. It does this by marking the moment when the United Nations Environment
Programme defined the green economy as a pivotal point. The intention is to explore the
extent to which green economic development fosters the achievement of China’s carbon
peak and neutrality goals. The specific findings are presented in Figures 9–11.

According to the empirical results of these crucial factors impacting energy car-
bon emissions across various stages within the context of green economic advancement
(Figure 9), a comparison with the pre-green economic development stage (2004–2011) re-
veals that the impact of the CPI and per capita disposable income on carbon emissions
within the economic development dimension has remained constant post-green economic
development (2012–2020). Meanwhile, the industrial structure upgrading coefficient has
transitioned from having a negative to a positive impact on carbon dioxide emission re-
duction. The social development dimension has witnessed an increase in carbon emission
intensity. The most notable change in the ecological environment dimension is the per
capita park green area, which now exerts a significant positive effect on emission reduction.
Regarding government policy post-green economic development, all three indicators have
manifested a substantial positive impact on carbon dioxide emission reduction. This result
indicates that the effective measures of government policies have a significant effect on
carbon reduction. In the future, China should increase its investment in science, technology,
and environmental protection, and further implement the “Opinions on Financial Support
for Carbon Peak and Carbon Neutrality Work”.
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Figure 10. Heterogeneity estimation of the influencing factors of energy carbon emissions from 2004
to 2011, before the United Nations defined the green economy. It includes (a) the regional regression
coefficient map from 2004 to 2011; (b) the distribution of regression coefficients across various regions
from 2004 to 2011; and (c) the mean values of regression coefficients in the eastern, central, and
western regions from 2004 to 2011.
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Figure 11. Heterogeneity estimation of factors influencing energy carbon emissions from 2012 to
2020, following the United Nations’ definition of the green economy. It includes (a) the mean regional
regression coefficient map from 2012 to 2020; (b) the distribution of regional regression coefficients
from 2012 to 2020; and (c) the mean regression coefficient map across eastern, central, and western
regions from 2012 to 2020.

In relation to the heterogeneity estimation results for factors influencing energy carbon
emissions prior to green economy development (2004–2011) (Figure 10), it is discernible
that the coefficients marking the impact of various indicators on carbon emissions during
this phase demonstrate notable regional disparities across the eastern, central, and western
areas. Specifically, the following can be inferred: 1©Within economic development, per
capita disposable income displays no significant influence on energy carbon emissions
in the eastern, central, and western regions. While the coefficient of industrial structure
advancement impacts neither the central nor the western areas, it does manifest a positive
effect in the eastern region with a coefficient of 0.376. The consumer price index exerts a pos-
itive effect on carbon emission intensity in the eastern and central regions, with coefficients
of 0.197 and 0.571, respectively, while it imposes a restraining effect in the western region
with a coefficient of −0.037. 2© In terms of social development, the urbanization rate has
no significant impact on carbon emissions in the central and western regions, yet it exerts
a positive impact in the eastern region, indicated by a coefficient of 0.184. A surge in per
capita urban road area and population size significantly escalates carbon emissions across
the eastern, central, and western regions. 3© The per capita park green space area within
the ecological environment does not notably affect carbon emission intensity in the western
region but presents a potent positive impact in the eastern region and a strong inhibitory
effect in the central region. The green space coverage rate in built-up areas imposes a mild
inhibitory effect in the eastern and western regions, while stimulating the central region.
The volume of sulfur dioxide emissions considerably intensifies carbon emission intensity
across the eastern, central, and western regions. 4© Science and technology expenditures,
within government policies, significantly curtail carbon emissions in the eastern and central
regions. Yet, for the relatively underdeveloped western regions, with an action coefficient
of 1.283, it exhibits a profound stimulating effect. As reported by Li and Zong [48], an
inverted U-shaped correlation exists between environmental protection expenditures and
carbon emissions. Given that China currently resides on the left side of the inflection point,



Sustainability 2023, 15, 10965 16 of 21

environmental protection expenditure exerts a significant positive effect across the eastern,
central, and western regions. The harmless treatment rate of household waste represses
carbon emission intensity in the eastern and central regions, but slightly augments it in the
western regions.

Upon reviewing the heterogeneity estimation results for principal factors influencing
energy carbon emissions following the development of the green economy (2012–2020)
(Figure 11), a close examination of various indicators’ coefficients during this period reveals
that all four dimensions incite an increase in carbon emissions in the eastern region. In
contrast, government policies broadly suppress carbon emissions in the central region.
The coefficients for several indicators affecting carbon emissions in the western region
are comparatively low. Specifically, the following conclusions can be drawn: 1© The
consumer price index within economic development exhibits no significant influence on
carbon emissions in the western region, while it elicits a robust positive effect in the eastern
and central regions, denoted by coefficients of 0.289 and 0.408, respectively. The per
capita disposable income shows no significant impact across all regions. The upgrade
coefficient of industrial structure exerts a negative effect in the eastern and western regions,
indicative of its inhibitory influence on carbon emission intensity, yet stimulates the central
region with a coefficient of 0.177. 2© The effect coefficients of per capita urban road area
on carbon emissions in the eastern, central, and western regions are 0.314, 0.612, and
0.142, respectively, all of which yield a significant promoting effect. The urbanization
rate presents a strong positive impact in the eastern and western regions but remains
inconsequential in the central region. Similarly, population size has a significant positive
effect across all regions. 3©Within the ecological environment, the per capita park green
space area shows no significant impact on carbon emissions in the eastern and western
regions, but exerts a potent inhibitory effect in the central region. The built-up areas’ green
coverage rate does not notably influence the eastern and western regions but significantly
enhances the central region. Sulfur dioxide positively affects the eastern, central, and
western regions, with action coefficients of 0.271, 0.369, and 0.167, respectively. This effect
is particularly significant in the eastern and central regions. 4©Most of China’s research
funding derives from independent investments by local enterprises, supplemented by
government actions. The distinct advantages of the eastern and central regions in terms
of enterprise activities and industrial structure, result in a substantial inhibitory effect of
scientific and technological expenditures on the carbon emission intensity of these regions,
while promoting the western region. Beyond pollution reduction, environmental protection
expenditure encompasses ancient woodland protection project expenditure, grain for green
expenditure, and sand desert control expenditure. As the technology and energy usage
inherent to these projects can lead to unavoidable pollution emissions, environmental
protection expenditure continues to exert a positive effect on the eastern, central, and
western regions. The harmless treatment rate of household waste remains inconsequential
to carbon emissions.

5. Discussion

This article calculates the carbon emissions of 30 Chinese provinces and cities, de-
rived from their primary energy consumption, and formulates a comprehensive, four-
dimensional framework for green economy development. Employing a GTWR model,
this study scrutinizes the influence of green economy advancement on carbon emissions.
In examining spatiotemporal evolutionary trends and spatial heterogeneity, the research
discerns whether the growth of the green economy can indeed diminish carbon emis-
sions. Consequently, this paper contributes to the achievement of developmental objectives,
including carbon peaking, energy conservation, and emission reduction.

Despite its strengths, this study acknowledges potential avenues for improvement:

1. Data: Constrained by the logistics of data collection, this research omits certain
provinces and special administrative regions in China (Tibet, Hong Kong Special
Administrative Region, Taiwan Province, and Macao Special Administrative Region).
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Furthermore, given the lack of consensus on the meaning of a green economy, the
indicator system employed for green economy development may lack exhaustive cov-
erage and require further enhancement. The augmentation of indicators in subsequent
investigations will therefore serve as a focal point of future research [49].

2. Data processing: Research methods: In assessing the factors influencing carbon emis-
sions across regions, this study employs the regression coefficient computed via
the GTWR model to ascertain the impact of each driving component. This model
proficiently quantifies the effects of spatial location and temporal instances, vividly
illuminating the interplay among various factors within the model. However, the cen-
troid determination of each region during the sample point selection could influence
the choice of spatial distance weighting parameters. Future investigations could incor-
porate complementary methodologies to facilitate a comprehensive analysis, aiming
to measure the influence of diverse factors on carbon emissions from a multidimen-
sional standpoint [50]. Moreover, the spatiotemporal geographic weighted regression
model employed in this study overlooks the cross-sectional correlation of panel data
and falls short of pinpointing the spatial effect of green economy development on
carbon emissions across different regions. Subsequent research will seek to expand
our understanding of the effects of green economy development on carbon emissions,
considering a wider range of perspectives aligned with the green economy concept.

3. Research perspective: There are many types of energy consumption in China, with
a complex composition. This paper used the main energy consumption, such as
coal consumption, coke consumption, and diesel consumption, while ignoring the
differences in energy consumption types among the 30 provinces and cities in China.
In future research, energy carbon emissions should be considered from multiple
perspectives [51].

4. Research methods: The GTWR model used in the empirical analysis of this paper is a
single model, and other parameter optimization methods will be added in subsequent
research to improve the accuracy of the model and combined with other models for
more comprehensive analyses [52].

6. Conclusions

The present study utilizes pertinent data collected from 30 provinces and cities in
China spanning the years of 2004 to 2020, aimed at probing the influence of green economy
development on energy carbon emissions from a multifaceted perspective. This article
constructs a theoretical mechanism for assessing the effects of green economy development
on energy carbon emissions, thus addressing the limitations of existing research on carbon
emissions reduction across various provinces and cities from multiple standpoints.

6.1. Main Conclusion

1. Overall, China’s carbon emissions have displayed an upward trajectory; however,
the rate of growth has noticeably decelerated since 2011. Carbon emissions in the
northwest are comparatively minimal with a marginal growth rate. Central and
Northernnorthern China exhibit high carbon emission intensity, yet the growth rate
from 2012 to 2020 is inferior to that from 2004 to 2011, with some regions even demon-
strating a declining trend in emissions. With the maturation of the green economy
development model, the surge in carbon emissions has decelerated. Throughout the
study period, significant spatial clustering of carbon emissions has been observed in
various regions, with most areas residing in high-value and low-value regions.

2. An analysis of the influencing factors on carbon emissions in 30 Chinese provinces
and cities from 2004 to 2020 reveals that the overall impact of economic development
indicators on carbon emissions presents a pattern of initial decrease followed by
increase. Although China’s economic growth is steadily transitioning from extensive
to intensive, striving for high-quality economic growth, the effectiveness of environ-
mental protection remains unproven, and economic development continues to rely



Sustainability 2023, 15, 10965 18 of 21

on the utilization of fossil fuels, thereby perpetuating carbon emissions growth. The
coefficient of social development has seen an annual increase. Human production and
lifestyle are irrevocably tied to energy consumption, particularly the consumption
of fossil fuels, which yield substantial carbon emissions. Given that rural residents
currently consume less energy than urban residents in their daily lives, transportation,
and other areas, an increase in urbanization rate incites a rise in energy consumption,
thereby augmenting energy carbon emissions. The green coverage rate in built-up
areas within the ecological environment follows a pattern of initial increase and
subsequent decrease, and the influence of per capita park green space area shows
a downward trend. The overall effect of government policies on carbon dioxide
emissions reduction exhibits a significant upward trend.

3. Spatial heterogeneity analysis conducted on the research subjects concludes that dis-
tinct driving factors exert varied degrees of impact across different regions. Overall,
economic development significantly contributes to emission reduction in the north-
west and southwest of China, while social development escalates carbon emissions in
all areas, particularly in Northernnorthern and Easterneastern China. The ecological
environment fosters carbon emissions in Northernnorthern and Easterneastern China.
Government policies, on the whole, play a critical role in carbon dioxide emissions
reduction, especially in Northernnorthern China. These findings illuminate some
fundamental realities of China’s rapid development process: the majority of provinces
and cities are preoccupied with bolstering their economic prowess and expediting
social development while placing less emphasis on environmental protection. Conse-
quently, economic and social development instigates an increase in carbon emissions
in such areas.

4. A comparative analysis before and after the definition of the green economy by the
United Nations Environment Programme reveals a significant change in the upgrading
coefficient of the industrial structure from an economic development perspective.
Compared to the primary and secondary sectors, the tertiary sector consumes less
energy per unit of output. Thus, the upgrading of the industrial structure curtails
energy consumption, thereby reducing carbon emissions. The coefficients of the
three indicators in social development have all seen an increase, and the per capita
urban road area in the ecological environment has transitioned from positive to
negative, significantly aiding carbon dioxide emissions reduction. Both the scientific
and technological expenditure of government policies and the harmless treatment
rate of household waste are negative and have increased in absolute terms, suggesting
an enhanced contribution to carbon dioxide emissions reduction.

6.2. Countermeasure Suggestions

1. Given the temporal lag in carbon emissions, the quality of early environmental gov-
ernance critically influences the execution of current low-carbon emission reduction
initiatives. Therefore, to achieve the objective of sustainable green and low-carbon
development, it is imperative to focus not only on national-level carbon emission
control and total emission management in each phase but also from a local perspective.
This involves intensive monitoring of provinces and regions with high emissions,
coupled with prompt elimination of peripheral pollution radiation.

2. Within the sphere of carbon dioxide emission reduction, on the one hand, the share of
the tertiary sector in the economy should be augmented through industrial structure
optimization and the advancement of high-tech industries. On the other hand, the
commitment to scientific and technological investment needs to be heightened, thereby
accelerating technological innovation, transforming the structure of energy utilization,
and expanding the proportion of clean and renewable energy use. As China is a
high energy-consuming nation, enhancing the conversion rate of primary energy
consumption can drastically decrease overall carbon emissions. An improvement in
energy utilization rate will have a profound positive impact on carbon emissions.
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3. All regions within China need to enact differentiated carbon emissions management,
tailored to local conditions. Various regions must implement divergent carbon emis-
sion management policies and develop carbon reduction strategies compatible with
their unique realities. For instance, the northwestern region requires an intensifica-
tion of governmental efforts, an increase in scientific and technological expenditure,
and further advancements in energy-saving and emission-reduction technologies.
Simultaneously, Northnorth China, while fostering economic growth, must reinforce
environmental protection measures and balance the interface between economy and
environment. This approach to differential management of carbon emissions can
create a conducive environment for regional emission reduction and facilitate au-
tonomous emission reduction in each jurisdiction.

4. The progression of the green economy can not only elevate the standards of environ-
mental protection technology and capabilities but also stimulate the development of
renewable energy, catalyze the transformation and upgrading of the energy industry,
and effectively mitigate carbon emissions. China should fortify its commitment to
the development of the green economy, enhance environmental law enforcement,
progressively construct a comprehensive and efficient legal framework for the green
economy, and provide systematic institutional guarantees for the development of the
green economy.
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