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Abstract

Provincial-level carbon reduction policies in China are pivotal to achieving the national goals of 
carbon peaking and carbon neutrality. Understanding the spatiotemporal characteristics and influencing 
factors of provincial carbon emissions is essential for formulating and implementing effective emission 
reduction strategies. This study employs multi-source remote sensing data and selects Liaoning 
Province, a region with representative carbon emissions, as the research area. Grid-scale emission 
characteristics are analyzed using the center-of-gravity shift model, standard deviation ellipse model, 
hotspot/coldspot analysis, and global spatial autocorrelation. The Multi-Scale Geographically Weighted 
Regression model is applied to examine the influencing factors. The results show: (1) carbon emissions 
increased continuously during the study period, although the growth rate declined significantly after 
2010. The spatial distribution displayed a migration trend from the northeast toward the southwest. 
(2) The effects of various influencing factors on carbon emissions varied. Electricity consumption
exhibited a strong positive correlation. The energy consumption structure showed a positive correlation
in most years. Annual Gross Primary Productivity showed a significant negative correlation, and
urbanization rate presented both positive and negative effects across different regions. These findings
deepen the understanding of the spatiotemporal distribution characteristics and driving mechanisms
and provide a valuable reference for developing emission reduction policies in high-emission regions of
China.

Keywords: carbon dioxide emissions, spatiotemporal heterogeneity, driving factors, multi-source remote 
sensing data, carbon emission reduction strategies
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Introduction

Since the 1990s, rapid global industrialization and 
urbanization have resulted in a substantial increase 
in greenhouse gas emissions, giving rise to a series of 
environmental challenges, among which global climate 
change has attracted extensive international concern. 
During the same period, China’s extensive production 
and energy-intensive development model have led to 
a sharp surge in carbon dioxide emissions, exerting 
considerable pressure on the ecological environment. 
Liaoning Province is a traditional industrial base 
in China, characterized by an industrial structure 
dominated by heavy industries. It is also one of the 
country’s pilot provinces for carbon peaking, playing an 
important role in exploring sustainable pathways toward 
low-carbon transformation. Therefore, this study selects 
Liaoning Province as the research area to examine the 
spatiotemporal distribution characteristics of carbon 
dioxide emissions and their driving factors, intending 
to provide scientific support for developing rational 
and effective carbon emission reduction strategies that 
contribute to achieving China’s goals of carbon peaking 
and carbon neutrality.

Existing research on the spatiotemporal evolution 
of carbon emissions suggests that nighttime light 
data provides a highly accurate basis for spatial 
modeling of carbon dioxide emissions. For example, 
studies integrating nighttime light data with statistical 
carbon emission inventories have adopted exploratory 
spatiotemporal data analysis frameworks to investigate 
the spatiotemporal patterns of China’s carbon footprint 
[1]. Similarly, previous research has identified a strong 
correlation between DMSP-OLS nighttime light data 
and carbon emissions, allowing for the spatial allocation 
of energy-related carbon emissions based on this 
relationship [2]. Another study estimated carbon dioxide 
emissions for 2,735 counties in China using both DMSP-
OLS and NPP-VIIRS nighttime light data, achieving 
robust model fitting performance following validation 
[3]. Nevertheless, the exclusive use of nighttime light 
data for spatial allocation remains insufficient for 
accurately capturing the spatial distribution of carbon 
emissions. It is therefore necessary to incorporate 
key driving factors that reflect the spatiotemporal 
heterogeneity of emissions. Identifying these drivers 
forms the theoretical foundation for designing effective 
carbon emission reduction policies. Numerous studies 
have examined the effects of energy structure, energy 
intensity, GDP, and population size on energy-related 
carbon emissions, with GDP consistently emerging as 
the most influential factor [4]. Other studies employing 
the STIRPAT model have analyzed the impacts of per 
capita GDP, total population, fossil fuel consumption, 
and GDP from commodity trade, revealing that GDP 
from commodity trade exerts the strongest influence 
on carbon emissions [5]. In addition, the LMDI 
model has been applied to investigate provincial-
level determinants of carbon emissions, concluding 

that production efficiency serves as the primary factor 
constraining emission growth [6]. However, the multi-
scale heterogeneity of these influencing factors remains 
insufficiently explored, indicating the need for further 
empirical investigation.

Therefore, this study centers on the spatiotemporal 
characteristics and driving factors of carbon dioxide 
emissions in Liaoning Province. Specifically, it simulates 
high-resolution spatial carbon emissions to examine their 
spatiotemporal evolution and to identify the key factors 
influencing these variations, with particular attention  
to the spatial heterogeneity of the driving mechanisms. 
The findings aim to provide a valuable reference for 
carbon emission reduction strategies in regions with 
similar socioeconomic and industrial structures. 

The potential innovative points of this study are as 
follows: (1) Innovations in the research perspective. 
Taking into account the limitations of nighttime 
light data, this study integrates nighttime light data, 
population data, and land use data to downscale the 
provincial carbon emission data from the CEADs 
database to a 1 km × 1 km grid across three regions, 
thus achieving the spatial allocation of carbon emission 
data. By using the Mosaic to New Grid tool, we 
generated grid-scale carbon emission data for Liaoning 
Province, which not only improves the spatial accuracy 
of carbon emission data but also provides an innovative 
perspective for exploring the relationship between the 
temporal and spatial characteristics of carbon emissions 
and land types. (2) Innovations in the application of 
research methodology to the study area. Among the 
numerous studies that select Liaoning Province as the 
study area, few have investigated the temporal and 
spatial characteristics of carbon emissions and their 
influencing factors. This study examines the temporal 
and spatial characteristics of grid-scale carbon emissions 
in Liaoning Province and, innovatively, considers the 
impacts of the spatial location and spatial relationships 
among influencing factors on carbon emissions in the 
region. We adopted the Multi-Scale Geographically 
Weighted Regression (MGWR) model to examine 
the relationship between carbon emissions and their 
determinants in Liaoning Province. By integrating 
spatial statistics with regression methods, this study 
conducts modeling on explanatory variables under 
different spatial bandwidths, which better explains the 
spatial characteristics of carbon emissions in Liaoning 
Province and reduces the deviation between regression 
results and actual results (Fig. 1).

Study Area and Data

Study Area

This study selects Liaoning Province, China, as the 
research area. Situated in the southern part of Northeast 
China, the province extends from 38°43′N to 43°26′N 
and from 118°53′E to 125°46′E, covering an area of 
approximately 148,000 km2, which represents about 
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1.5% of China’s total land area. Liaoning consists 
of 14 prefecture-level cities. The province is rich in 
mineral resources, including iron ore and petroleum, 
which have laid the foundation for its heavy industry-
dominated industrial structure and established it as 
one of China’s traditional industrial bases. According 
to provincial carbon emission data released by Carbon 
Emission Accounts and Datasets (CEADs), Liaoning 
Province emitted 545.674 Mt of carbon dioxide in 2021, 
accounting for 5.27% of the national total.

Data Sources and Preprocessing

Physical Geography Data

The natural geographic data used in this study 
include land use data, Annual Gross Primary 
Productivity (AGPP) of Terrestrial Ecosystems, and 
Digital Elevation Model (DEM) data. The land use data 
were obtained from the Resource and Environment 
Science and Data Center of the Chinese Academy of 
Sciences, with a spatial resolution of 1 km × 1 km. 
Based on the relationship between different land use 
types and carbon dioxide emissions, ArcGIS was 
employed for data reclassification and preprocessing. 
Urban land and urban residential land were classified 
as Type 1, representing carbon emissions from urban 
residential consumption, construction, wholesale and 
retail trade, accommodation and food services, as well 
as transportation and postal sectors. Industrial land 
was classified as Type 2, representing industrial carbon 
dioxide emissions. Rural settlements, cropland, forest 
land, grassland, water bodies, and unused land were 
categorized as Type 3, representing rural residential 
emissions and those arising from agriculture, forestry, 
animal husbandry, fisheries, and water conservancy 

activities. This three-type land use classification system 
reflects the differentiated impacts of various land 
types on carbon dioxide emissions. The Annual Gross 
Primary Productivity (AGPP) of Terrestrial Ecosystems 
was obtained from China’s Terrestrial Ecosystem AGPP 
dataset, and AGPP data for the study area were extracted 
and standardized. Digital Elevation Model (DEM) data 
were sourced from the Geographic Data Cloud and 
processed through mosaicking, cropping, and other 
standard processing procedures. Nighttime light data 
were acquired from the Harvard Dataverse platform, 
with a spatial resolution of 500 m × 500 m. These data 
were processed to exclude global water bodies, then 
projected, rasterized, and resampled. Finally, nighttime 
light data corresponding to urban and industrial areas 
were extracted and converted from raster to point 
format.

Socioeconomic Data

The population spatial distribution data were 
extracted and resampled. Carbon dioxide emissions 
data were obtained from CEADs. Emissions were 
calculated according to different land use types after 
reclassification. Actual GDP grid data and electricity 
consumption grid data had a spatial resolution of 
1 km × 1 km. These datasets were subjected to 
raster projection, zonal statistics, and normalization 
processing. Energy consumption data were derived from 
the Liaoning Provincial Statistical Yearbook, while data 
on the urbanization rate were obtained from the China 
Statistical Yearbook. Both energy consumption and 
urbanization rate were rasterized using a density-based 
zoning method (Table 1).

Fig. 1. Research framework.
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Materials and Methods

Grid-Scale Carbon Dioxide Emissions Simulation

Among carbon dioxide emission accounting results 
at the Chinese administrative scale, the CEADs 
database stands out for its comprehensive coverage of 
emission sources and accounting scope, emission factors 
consistent with China’s actual emission characteristics, 
continuous accounting time series, and widespread 
recognition [7-9]. This study adopts the CEADs 
database (2000-2020) carbon emission statistics as the 
overall carbon emissions for Liaoning Province. Based 
on these administrative-scale emissions, spatiotemporal 
downscaling simulations are conducted at the grid scale 
according to land use types, yielding a high-resolution  
1 km × 1 km carbon emission profile.

NPP-VIIRS nighttime light data, population data, 
and land use data were used to perform spatiotemporal 
downscaling simulations of carbon emissions. First, 
spatial distribution simulations were conducted based 
on the relationship between energy consumption and 
carbon dioxide emissions represented by nighttime 
light data [10]. Second, because nighttime light data are 
insufficient to represent carbon dioxide emissions from 
rural settlements, cropland, forest land, grassland, water 
bodies, and unused land, population density data were 
employed to correct the simulated grid-scale emissions. 
Third, according to the relationship between land use 
types and carbon dioxide emissions, three categories 
were defined: urban land and urban residential land were 
classified as Category 1, industrial land as Category 2, 
and rural settlements, cropland, forest land, grassland, 
water bodies, and unused land as Category 3. Based 
on this classification, a 1 km × 1 km grid-scale spatial 
distribution pattern of carbon dioxide emissions in 
Liaoning Province was established. The specific formula 
is as follows [11].
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In Eq. (1), Cr represents the grid-scale carbon 
emissions, DNr denotes the nighttime light index or 

population count for the grid scale, DNC indicates the 
total nighttime light index or total population index 
within the region containing the grid data, and CC 
signifies the total carbon dioxide emissions of that 
region.

Method for Analyzing the Spatiotemporal 
Characteristics of Carbon Emissions

Spatial Center, Direction, and Variation 
of Carbon Emissions

The center-of-mass shift model is employed to study 
the spatial distribution center, direction, and variation 
of carbon emissions, aiming to identify the spatial 
geometric location and its changes in the research object. 
Standard deviation ellipse analysis is used to investigate 
the directionality and variation of the research object in 
two-dimensional space. Parameters such as the azimuth 
and major/minor axes of the standard deviation ellipse 
characterize spatial fluctuation patterns tending toward 
equilibrium or polarization. The specific formulas are as 
follows:
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In Eq. (2), Eq. (3), and Eq. (4), tan θ represents  
the rotation angle, xi' and yi' denote the spatial 
displacement relative to the spatial mean along  
the X-axis and Y-axis, respectively, and δx and δy 
represent the deviations along the X-axis and Y-axis, 
respectively.

Table 1. Data source.

Data Type Data Name Data Source

Physical Geography 
Data

Land Use Data http://www.resdc.cn

Annual Gross Primary Productivity of Terrestrial 
Ecosystems (AGPP) http://www.csdata.org/

DEM gscloud.cn

Socioeconomic Data

Population Data https://landscan.ornl.gov/

Carbon Dioxide Emissions Carbon Emission Accounts and Datasets (CEADs)

Energy Consumption Liaoning Statistical Yearbook

Urbanization Rate China Statistical Yearbook
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explanatory variables on carbon emissions. The specific 
formula is as follows:
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	 (7)

In Eq. (7), βbwj represents the regression coeff﻿icient 
for the j-th independent variable, (μi, vi) denotes the 
center coordinates of the i-th study sample, and εi 
signifies the model error term. This study applies a 
Multi-Scale Geographically Weighted Regression 
(MGWR) model in ArcGIS to examine the determinants 
of carbon dioxide emissions in Liaoning Province and 
to reveal their spatiotemporal heterogeneity. Traditional 
geographically weighted regression (GWR) models use 
a single spatial bandwidth. In contrast, the MGWR 
model allows each variable to adopt its own optimal 
spatial bandwidth, which better captures the spatially 
heterogeneous characteristics of carbon emissions. 
Spatial bandwidths were therefore determined according 
to the principle of feature adjacency. The bandwidth 
range was adjusted based on the spatial distribution 
density of carbon emission-related evaluation units. 
Areas with dense features were assigned smaller spatial 
ranges, whereas areas with sparse features were assigned 
larger ranges. This procedure enabled the identification 
of the optimal spatial bandwidth and the appropriate 
number of adjacent features for each influencing factor. 
Drawing upon existing research on carbon emission 
determinants [12-15], we extracted multidimensional 
socioeconomic and ecological factors. Variables used in 
spatial downscaling simulations were excluded to ensure 
independence in model selection. Following collinearity 
tests, five factors were retained – urbanization level, 
energy consumption structure, AGPP, electricity 
consumption, and real GDP.

Results

Spatiotemporal Characteristics  
of Carbon Emissions

Overall, Liaoning Province’s carbon emissions 
exhibited an upward trend from 2000 to 2020. Emissions 
rose from 208.957 Mt in 2000 to 533.285 Mt in 2020, 
representing a 155% increase and a significant overall 
growth. This evolution can be divided into two distinct 
phases. From 2010 to 2020, the growth rate slowed, 
with emissions increasing by only approximately  
79 Mt in 2020 compared to 2010. Peak carbon emissions 
exhibited an overall fluctuating downward trend from 
2000 to 2020, while the average value maintained 
continuous growth. The standard deviation showed  
a fluctuating pattern of “decline-rise-decline”.

The spatial distribution of carbon emissions exhibits 
significant heterogeneity. Analysis of five selected 
emission periods reveals: In 2000, overall emissions 
remained low, with higher concentrations in the central 
region and Dalian City. From 2000 to 2005, Liaoning 

High-value and Low-value Areas  
of Carbon Emissions

Spatial hotspot analysis is applied to investigate 
the spatial distribution characteristics of high-emission 
zones and low-emission zones. Spatial hotspot analysis 
leverages the principle that geographically proximate 
objects or attributes are correlated and is typically used 
to measure the spatial clustering intensity of high or 
low values in a study subject. The specific formula is as 
follows:
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	 (5)

In Eq. (5), G(d) is the hotspot statistic value, xi and xj 
are the statistic values of raster i and raster j, respectively, 
d is the spatial distance between the statistic values of 
raster i and raster j, and wij is the spatial distance weight 
matrix of xi xj.

Spatial Correlation of Emissions

The Global Moran’s I index reflects the spatial 
clustering characteristics of carbon emissions. Moran’s 
I value ranges between [-1, 1]. A value >0 indicates 
positive spatial correlation in the carbon emissions 
distribution. The closer the value is to 1, the more 
spatially clustered the emissions are. A value <0 
indicates spatially dispersed emissions, with values 
closer to -1 signifying more pronounced dispersion.  
A value of 0 indicates no correlation, meaning emissions 
follow a random distribution pattern. The specific 
formula is as follows:
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𝑠𝑠𝑠𝑠
                                  (4) 

 

 

𝐺𝐺𝐺𝐺(𝑑𝑑𝑑𝑑) =
∑ ∑ 𝑤𝑤𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑑𝑑𝑑𝑑)𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑛𝑛𝑛𝑛

𝑖𝑖𝑖𝑖=1
𝑛𝑛𝑛𝑛
𝑖𝑖𝑖𝑖=1

∑ ∑ 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑛𝑛𝑛𝑛
𝑖𝑖𝑖𝑖=1

𝑛𝑛𝑛𝑛
𝑖𝑖𝑖𝑖=1

, 𝑖𝑖𝑖𝑖 ≠ 𝑗𝑗𝑗𝑗                      (5) 

I= n∑  ∑  Wij (Xi-X�) �Xj-X�� n
j=1

 n
i=1

∑  ∑  Wij
 n
j=1  ∑  (Xi-X�)2 n

i=1
 n
i=1

                      (6) 

 

 

𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖 = ∑ 𝛽𝛽𝛽𝛽𝑏𝑏𝑏𝑏𝑤𝑤𝑤𝑤𝑏𝑏𝑏𝑏(𝜇𝜇𝜇𝜇𝑖𝑖𝑖𝑖, 𝜈𝜈𝜈𝜈𝑖𝑖𝑖𝑖)𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑏𝑏𝑏𝑏 + 𝜀𝜀𝜀𝜀𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚
𝑏𝑏𝑏𝑏=0                   (7) 

 

	 (6)

In Eq. (6), Xi represents the observed value of the 
unit, and Wij denotes the standardized spatial weight 
matrix. I ranges from -1 to 1, where I>0 indicates 
positive correlation, I<0 indicates negative correlation, 
and I = 0 indicates random spatial distribution.

Multi-Scale Geographically  
Weighted Regression

The research concept of the Multi-scale 
Geographically Weighted Regression (MGWR) model 
originates from Generalized Additive Models (GAM). 
By integrating spatial statistics and regression methods, 
its advantage lies in allowing each independent variable 
to be modeled using different spatial bandwidths, thereby 
better explaining the heterogeneous characteristics of the 
dependent variable. To investigate the multidimensional 
socioeconomic and ecological factors influencing 
spatial heterogeneity in carbon emissions, the multi-
scale geographically weighted regression model was 
employed to analyze the impact of multidimensional 
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Province’s emissions increased overall, notably with 
a significant expansion of high-emission zones in 
central areas. From 2005 to 2010, high-emission zones 
expanded further in the central and coastal regions.  
In 2009, the Liaoning Coastal Economic Belt 
Development Strategy was elevated to a national 
strategy, bringing new development opportunities to 
the coastal areas and contributing to an upward trend in 
carbon emissions during this period. From 2010 to 2015, 
high-emission zones in Liaoning remained concentrated 
in the central region and coastal economic belt, though 
total emissions declined. Between 2015 and 2020, 
industrial restructuring and the phasing out of outdated 
production capacity yielded positive results, leading to 
an overall downward trend in carbon emissions within 
the Liaozhong Urban Agglomeration. From 2000 to 
2020, overall high-emission areas significantly expanded 

and became more widespread, with central and coastal 
regions maintaining relatively high carbon emissions 
(Fig. 2).

Spatial Distribution Center  
of Carbon Emissions

From 2000 to 2020, the center of carbon emissions 
in Liaoning Province consistently resided within 
Anshan City, located in the province’s central region. 
Overall, two significant spatial shifts occurred. The first 
notable shift took place between 2000 and 2005, with 
the center moving 22.24 km southwest. This shift may 
have been driven by the Chinese government’s 2003 
policy document, “Several Opinions on Implementing 
the Revitalization Strategy for Old Industrial Bases 
in Northeast China and Other Regions”. Anshan, 

Fig. 2. Spatiotemporal distribution of carbon emissions (2000, 2005, 2010, 2015, 2020).
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endowed with abundant mineral resources and holding 
the nation’s largest iron ore reserves, featured a heavy 
industry-dominated industrial structure. During this 
period, Anshan experienced high growth rates in 
industrial added value for steel production, mineral 
product processing, light textiles, and equipment 
manufacturing, thereby establishing it as Liaoning’s 
carbon emission center. A second significant spatial 
shift occurred between 2015 and 2020, moving 35.19 
km southwest toward Panjin City and Yingkou City, 
marking a more pronounced shift than the first. A 
likely reason was the implementation of the Three-
Year Plan for the Development of the Liaoning Coastal 
Economic Belt (2018-2020) in 2017. Liaoning Province 
prioritized the construction of the coastal economic belt, 
vigorously developing coastal economies and related 
marine industries. Additionally, between 2005 and 2015, 
Liaoning’s carbon emission center remained relatively 
stable, consistently located in the central-southern 
region of the province. Overall, it exhibited a slight 
southwestward trend, gradually shifting toward the 
industrial base in central-southern Liaoning along the 
northern ring of Bohai Bay and the northwestern coast 
of the Yellow Sea (Fig. 3).

The standard deviation ellipse of carbon emissions 
is primarily centered on central Liaoning, exhibiting an 
overall northeast-southwest orientation. From 2000 to 
2020, it gradually shifted from Tieling and Fushun in the 
northeast toward Panjin and Yingkou along the southwest 
coast. Within the standard deviation ellipse, the X-axis 
aligns in a “northwest-southeast” direction, while the 
Y-axis follows a “northeast-southwest” orientation. The 

north-south major axis is significantly longer than the 
east-west minor axis, indicating that carbon emissions 
in Liaoning Province are more concentrated along the 
north-south axis with lower dispersion. Conversely, east-
west emissions exhibit uneven distribution, primarily 
concentrated in the central region. Specifically, from 
2000 to 2005, both the X- and Y-axes of the standard 
deviation ellipse increased, indicating a gradual 
expansion in the concentrated distribution range of 
carbon emissions. From 2005 to 2010, the X-axis of the 
ellipse increased while the Y-axis shortened, suggesting 
a narrowing of the north-south distribution range during 
this period. From 2010 to 2015, both the X- and Y-axes 
of the standard deviation ellipse continued to increase, 
indicating an expansion in the spatial distribution of 
Liaoning Province’s carbon emissions. Between 2015 
and 2020, the standard deviation ellipse underwent 
significant changes: the X-axis increased markedly, with 
the westernmost point extending from Panjin City to 
Jinzhou City; the Y-axis shortened noticeably, shifting 
the northernmost point from Tieling City to Shenyang 
City (Fig. 4).

Spatial Aggregation Characteristics 
of Carbon Emissions

The spatial distribution of high-value (hotspot) and 
low-value (coldspot) carbon emission areas in Liaoning 
Province exhibits strong variability, with significant 
changes observed between 2000 and 2020. In 2000 and 
2005, hotspots dominated the entire province, primarily 
concentrated in the central region. By 2010, the spatial 

Fig. 3. Trajectory of carbon emission center shift (2000, 2005, 2010, 2015, 2020).
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distribution pattern of carbon emission hotspots and 
coldspots underwent significant changes, with secondary 
coldspots becoming predominant. This shift closely 
aligns with China’s energy conservation and emission 
reduction policies implemented during this period. 
Liaoning Province adopted measures such as phasing 
out outdated production capacity and promoting clean 
energy development, leading to a marked slowdown 
in carbon emission growth rates. By 2015, coldspots 

became predominant, with a small extreme hotspot 
concentrated near Shenyang in the central region.  
The pattern of carbon emission hotspots and coldspots 
remained largely stable by 2020, still dominated 
by coldspots. The southeastern region evolved into  
a secondary hotspot, while the northern Bohai Bay area 
emerged as an extreme hotspot (Fig. 5).

Fig. 4. Standard deviation ellipse of carbon emissions.

Fig. 5. Distribution of Carbon Emission Hotspots and Coldspots (2000, 2005, 2010, 2015, 2020).
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Calculations of Moran’s I index for carbon emissions 
revealed that the index exceeded 0 in all years (2000, 
2005, 2010, 2015, 2020), with Z-values consistently 
above 0 and small P-values. The p-values for each 
study year were extremely low (0.000011 in 2000; 
0.000000 in 2010, 2015, and 2020). These results lead 
to a strong rejection of the null hypothesis of random 
spatial distribution of carbon dioxide emissions at 
an exceptionally high confidence level. The findings 
indicate pronounced spatial clustering in carbon dioxide 
emissions across Liaoning Province throughout the 
study period. Areas with high emission levels and 
those with low emission levels both display clear spatial 
proximity. This indicates that the spatial distribution of 
carbon emissions is not random but exhibits positive 
spatial autocorrelation. Moran’s I index values for 

carbon emissions from 2000 to 2020 showed minimal 
variation, indicating that carbon emissions in Liaoning 
Province remained relatively stable during the study 
period, with spatial clustering in a relatively stable state 
(Table 2).

Factors Influencing Carbon Emissions

The results indicate significant variations in the 
impact intensity of each factor on carbon emissions. 
The influence of various factors fluctuates across 
different time periods. On average, urbanization level 
shifted from a negative to a positive impact; energy 
consumption structure consistently exerted a positive 
promoting effect, with minimal variation across years 
except for a relatively minor impact in 2005; AGPP and 

Table 2. Global Moran’s I Index values for carbon emissions in Liaoning Province (2000, 2005, 2010, 2015, 2020).

Table 3. Factors influencing carbon emissions (2000, 2005, 2010, 2015, 2020).

 2000  2005  2010  2015  2020

Moran’s I Index  0.071163  0.081911  0.112592  0.112378  0.076987

Expected Index  -0.006711  -0.004444  -0.003367  -0.002710  -0.001845

Variance  0.000313  0.000268  0.000204  0.000168  0.000073

z-score  4.404966  5.276876  8.125260  8.888049  9.246705

p-value  0.000011  0.000000  0.000000  0.000000  0.000000

Impact Factor Regression 
Coefficient

Urbanization 
Level

Energy Consumption 
Structure AGPP Electricity 

Consumption Real GDP

2000

Maximum 0.0633 20.9714 -0.0024 5.1945 0.3422

Minimum -0.0714 -1.3870 -0.0501 -0.8917 0.0669

Mean -0.0078 0.1409 -0.0156 -0.1010 0.2014

2005

Maximum 1.2273 0.0017 3.2833 0.4011 0.2256

Minimum -2.9617 -0.0013 -18.1534 -0.1567 0.0436

Mean -0.1048 0.0002 -0.0963 -0.0051 0.1402

2010

Maximum 8.3138 19.7821 0.0579 -0.0093 0.5421

Minimum -7.4445 -0.4926 -0.2820 -0.1144 0.2007

Mean -0.0747 0.1446 -0.0179 -0.0628 0.1419

2015

Maximum 0.1661 18.4494 0.0571 0.1299 -0.0285

Minimum -0.0795 -0.7824 -1.1571 -0.0493 -0.0355

Mean 0.0123 0.1695 -0.0427 -0.0335 -0.0310

2020

Maximum 1.1262 2.3031 0.8085 0.0230 2.0929

Minimum -0.2685 -0.4308 -0.1525 0.0169 -0.9910

Mean 0.0809 0.1429 0.0346 0.0198 0.0018

Note: The sign of regression coefficients in the model results indicates the direction of influence. The average value of regression 
coefficients indicates the overall direction of the primary correlations: a positive average value indicates a predominantly positive 
correlation, while a negative average value indicates a predominantly negative correlation. The magnitude of the average value 
represents the strength of the correlation - a larger average value indicates a stronger correlation.
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electricity consumption both had positive effects in 2020 
but maintained negative impacts in other years; actual 
GDP showed a negative impact in 2015 but positive 
effects in all other years (Table 3).

Discussion

This study focuses on the characteristics and 
influencing factors of carbon dioxide emissions at 
the provincial level in China. By employing spatial 
downscaling methods to simulate high-resolution 
carbon dioxide emission patterns, this study reveals 
their spatiotemporal heterogeneity and underlying 
determinants. The research aims to provide insights 
for identifying emission reduction pathways in China’s 
typical carbon-emitting provinces.

Carbon Emissions Accounting

This study selected carbon emissions from the China 
Carbon Accounting Database as the foundational data 
for high-resolution emission simulations, based on 
factors such as the completeness of emission sources 
and the alignment of emission factors with China’s 
localized characteristics. China’s carbon accounting 
system has long relied on national macro-statistical data 
as its fundamental support. Macro-statistical data on 
energy consumption, industrial production, and related 
activities provide a reliable basis for obtaining activity-
level information in carbon emission accounting [16, 17]. 
When combined with localized emission factors, these 
data more accurately reflect the actual characteristics of 
carbon emissions. Currently, carbon emission accounting 
is increasingly moving toward the integration of macro-
statistical data with satellite remote sensing retrievals, 
enterprise-level online monitoring data, and other data 
sources, with the aim of further improving accounting 
accuracy [18, 19]. The carbon emissions accounted for 
in the China Carbon Accounting Database conform to 
China’s macro-level statistical data system and reflect the 
fundamental characteristics of energy consumption and 
industrial production process emissions across China’s 
42 industrial sectors. It employs measured emission 
factors from various regions across China [20-23]. 
The CEADs database has established a comprehensive 
carbon accounting system characterized by detailed 
industrial sector disaggregation and measured emission 
factors, based on China’s macro-statistical data and a 
bottom-up accounting framework. These emission data 
have gained widespread recognition and application in 
related research on China’s carbon accounting [24]. In 
view of this, the present study also adopts the CEADs 
database as the fundamental data source. Compared 
with similar studies, this research provides a valuable 
reference for the high-resolution simulation of carbon 
emissions in typical high-emission regions.

The provincial sectoral emission data from CEADs 
were cross-validated against regional macroeconomic 

statistics, which not only ensured consistency in 
emission accounting at both the national and provincial 
levels but also enabled the tracking of interregional 
emission transfers across 42 industrial sectors [25-27]. 
In comparison with existing studies, for instance, it 
served as foundational data for urban carbon emissions 
in studies examining the spatiotemporal evolution of 
carbon emissions in resource-based cities of China’s 
underdeveloped regions [28]. Other research utilized it 
as basic data to investigate influencing factors of carbon 
dioxide emissions at the prefecture-level city scale in 
China [29]. From the perspective of supporting regional 
emission reduction policy formulation, the CEADs 
database provides emission data at both provincial and 
sub-provincial administrative levels in China and has 
been widely applied in evaluating the effectiveness 
of local emission reduction policies. For example, in 
carbon emission studies of energy-abundant regions 
such as Ningxia, CEADs energy-related direct emission 
data have served as a core basis for quantifying emission 
reduction potential and informing policy design [30]. In 
addition, the long-term time-series dataset developed 
by CEADs through the integration of remote sensing 
imagery and multi-source statistical data offers a 
robust data foundation for analyzing the carbon lock-in 
effects of key emission-intensive industries, including 
oil refining and power generation, thereby supporting 
the identification of global emission hotspot transfer 
patterns and emission reduction priorities within the 
oil refining sector [31]. Additionally, some studies 
compared its emission quantities with those from the 
CEADs database to assess accounting consistency. 
Compared to using emission factor-based calculations 
as the data foundation for high-resolution emission 
simulations [32, 33], the carbon emissions selected in 
this study more accurately reflect the current emission 
status of the study area.

Spatiotemporal Downscaling 
Simulation of Carbon Emissions

Using emission factor-calculated carbon emission 
vector data as a foundation, multi-source data can 
be employed for spatiotemporal high-resolution 
downscaling simulations to obtain grid-scale carbon 
emission patterns, facilitating the revelation of spatial 
emission variations. Carbon emission accounting 
at the grid scale provides a critical foundation for 
accurately revealing the spatial distribution patterns and 
heterogeneity of carbon emissions. In general, substantial 
disparities exist in emissions among industrial clusters, 
agricultural production zones, and residential and 
service areas, which cannot be effectively distinguished 
using statistical data alone. Existing studies have shown 
that high-emission areas are typically concentrated in 
urban agglomerations and industrial clusters [34, 35],  
a finding that is consistent with the results of this study. 
Previous studies have predominantly relied on nighttime 
light data as the primary factor for downscaling 
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simulations. This is because areas with higher nighttime 
light values are generally considered to be more active 
in production and daily life, with relatively higher 
energy consumption leading to higher carbon emissions 
[32, 33, 36]. Therefore, this approach was also adopted 
in the present study, and the findings further corroborate 
this conclusion.

Building upon this foundation, this study further 
integrates population density, industrial structure 
characteristics, and land use type data to simulate carbon 
emissions at spatial scales. Multi-source data, including 
population density, industrial structure characteristics, 
and land use types, constitute the core foundation for 
refined spatial-scale simulation of carbon emissions. 
Population density captures the spatial agglomeration 
of emission demands such as energy consumption and 
transportation, with high-density population clusters 
typically corresponding to elevated carbon emissions 
from residential energy use [37]. From the perspective 
of industrial structure, regions dominated by secondary 
industries are generally characterized by high emission 
levels, whereas areas led by the service sector tend 
to exhibit relatively lower emission intensity [38]. In 
terms of land use types, industrial land and urban 
construction land consistently generate substantially 
higher carbon emissions than cultivated land and 
forest land [39, 40]. Compared with results derived 
from single-source statistical data, findings based on 
multi-source data demonstrate clear advantages in 
accuracy and spatial detail, thereby providing robust 
support for optimizing the spatial configuration of 
regional emission reduction strategies. Overall, spatial 
downscaling simulation of carbon emissions has become 
an essential tool for formulating refined and context-
specific emission reduction policies. Compared to 
existing research, this study employs multi-source data 
from different dimensions and resolutions, including 
nighttime light data, land use types, and socioeconomic 
data, as the basis for high-resolution downscaling of 
carbon emissions. The conclusions regarding the spatial 
heterogeneity of carbon emissions based on land use 
types are consistent with previous studies [33].

Spatiotemporal Evolution Characteristics 
of Carbon Emissions

The study area features a heavy industry-dominated 
industrial structure, making it a typical high-energy 
consumption and high-emission region. Investigating 
the carbon emission characteristics of such areas 
provides valuable case studies for understanding 
emission patterns in similar regions. Regarding the 
temporal characteristics of carbon emissions, previous 
studies have classified emissions across 247 prefecture-
level cities in China. Cities within this study area 
exhibit fluctuating growth and sustained growth 
patterns [29], consistent with the high-value emission 
fluctuations identified in this research. Since 2000, 
urban carbon emissions in China have exhibited clear 

phased evolutionary characteristics over time, including 
periods of rapid growth, decelerating growth rates, and 
increasing regional differentiation. Significant disparities 
in emission patterns exist between eastern coastal cities 
and emerging industrial cities in central and western 
China. Friedlingstein et al. pointed out that the gradient 
transformation pattern of urban carbon emissions in 
developing countries also supports this phenomenon 
[41]. Overall, China’s urban carbon emissions have 
gradually shifted from nationwide synchronous growth 
toward regionally differentiated transformation [41, 42]. 
These conclusions regarding the temporal characteristics 
of China’s urban carbon emissions are consistent with 
the findings of this study.

Regarding spatial evolution, prior studies have 
analyzed China’s spatial carbon emission patterns 
since 2000. Findings indicate that central Liaoning 
Province and the coastal economic belt constitute 
high-emission zones exhibiting an overall downward 
trend [32]. Shenyang in central Liaoning and Dalian 
in the coastal economic belt are the primary carbon-
emitting cities [33]. The distribution of carbon emission 
hotspots and coldspots aligns with the findings of this 
study [34], while simultaneously revealing a decoupling 
trend between carbon emissions and economic growth 
[7]. The spatial evolution of carbon emissions in 
Liaoning Province is closely associated with industrial 
transformation processes, variations in resource 
endowments, and regional development strategies. 
The high proportion of traditional energy-intensive 
industries, together with the spatial differentiation of 
resource endowments, has resulted in the persistent 
concentration of high-emission areas in cities such as 
Shenyang, Dalian, and Anshan since 2020. Among these 
cities, Shenyang has formed a localized carbon emission 
agglomeration primarily driven by traditional industries, 
including metal smelting and equipment manufacturing, 
whereas carbon emission clustering in Dalian is mainly 
attributable to port-related trade activities and petroleum 
processing industries. These findings are consistent with 
the conclusions of this study [43-48].

Factors Influencing Carbon Emissions

Existing research indicates that population, 
urbanization, GDP, industrial added value, energy 
consumption, and energy intensity are primary 
factors influencing carbon emissions. However, the 
magnitude of these factors’ impact varies across 
China’s provincial and prefecture-level cities [9, 29]. 
The spatial patterns and evolutionary characteristics of 
carbon emissions in Chinese cities are shaped by the 
interaction of multiple factors, among which industrial 
transformation, land use, and urban networks constitute 
the primary influencing dimensions. Empirical studies 
based on city-level data in China have demonstrated 
that the relationship between intensive land use and 
carbon emissions is constrained by the stage of urban 
development. Specifically, R&D investment intensity 
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exhibits a significant emission-reduction effect in 
middle-income cities; population density tends to 
suppress carbon emissions in both low- and middle-
income cities, whereas capital investment intensity 
shows the most pronounced emission-promoting effect 
in low-income cities. These differentiated effects are 
closely associated with regional factor endowments and 
development stages. The results on influencing factors 
obtained in this study are consistent with the conclusions 
of existing research [49-52].

Some studies employ methods like geographic 
detectors to investigate influencing factors, facilitating 
pairwise comparisons of their relative impacts [32], 
while others use structural equation modeling to 
explore carbon emission. Some studies employ panel 
data at the Chinese city or regional level to conduct 
empirical analyses of the spatial heterogeneity of 
factors influencing carbon dioxide emissions [53-56]. 
Others focus on specific sectoral domains, such as the 
transportation sector, power sector, and manufacturing 
industry, further verifying the spatially heterogeneous 
characteristics of carbon dioxide emission drivers [57-
59]. The findings consistently indicate that population 
size, economic development level, industrial structure, 
and energy consumption structure exert significant 
impacts on carbon dioxide emissions. However, due to 
differences in development stages, resource endowments, 
and geographic locations across regions and cities, 
both the direction and magnitude of these driving 
effects exhibit pronounced spatial variation. Given the 
pronounced spatial heterogeneity of the driving factors 
influencing urban carbon emissions, it is necessary to 
implement differentiated regional governance strategies. 
However, research on the heterogeneity of influencing 
factors remains insufficient. This study accounts for 
the spatial locations of both explanatory and response 
variables, modeling at different bandwidths to reduce 
regression errors and enhance the accuracy of results. 
It explains the varying degrees of influence of each 
factor on carbon emissions from a spatial heterogeneity 
perspective. The identification of spatiotemporal 
heterogeneity in influencing factors in this study 
enriches existing research and provides stronger 
empirical support for the formulation of differentiated, 
place-based emission reduction policies.

Conclusions 

Liaoning Province, a typical high-energy-
consumption and high-emission region in China, 
was selected as the study area. From 2000 to 2020, 
Liaoning’s total carbon emissions exhibited a continuous 
upward trend, with growth rates gradually slowing since 
2010. Spatial high-resolution simulations of Liaoning’s 
carbon emissions reveal significant spatial heterogeneity. 
Overall, cities in the central region and coastal economic 
belt exhibit higher carbon emission levels, while eastern 
and western regions show lower values. From 2000 

to 2020, the center of gravity of Liaoning’s carbon 
emissions shifted from the northeast to the southwest, 
with the most pronounced migration occurring between 
2015 and 2020. The standard deviation ellipse of 
Liaoning’s carbon emissions primarily centers on 
the central region, exhibiting an overall “northeast-
southwest” distribution pattern. It gradually shifts from 
the northeastern cities of Tieling and Fushun toward 
the southwestern coastal cities of Panjin and Yingkou.  
In 2000 and 2005, Liaoning’s carbon emissions 
exhibited a spatial pattern dominated by hotspots, while 
coldspots became predominant in 2010. Overall, carbon 
emissions showed spatial autocorrelation and high-value 
clustering.

The urbanization level, energy consumption 
structure, AGPP, electricity consumption, and actual 
GDP are the primary factors influencing carbon 
emissions in Liaoning Province. The magnitude of 
their influence varies across regions. Taking 2020 as 
an example: Urbanization level exhibits a significant 
positive correlation; the positive correlation of energy 
consumption structure is spatially fragmented; AGPP 
shows a weak positive correlation with Liaoning’s 
carbon emissions; electricity consumption correlates 
positively with Liaoning’s carbon emissions, displaying 
a spatial pattern of lower correlation in the northwest 
and higher in the southeast; real GDP demonstrates 
a strong positive correlation with Liaoning’s carbon 
emissions in the central region, though its correlation 
strength has decreased since the study’s baseline year of 
2000.

Policy Recommendations for Emission Reduction

First, urbanization levels from 2000 to 2020 showed 
a significant positive correlation with carbon emissions. 
During urbanization, it is essential to effectively prevent 
excessive energy consumption, increase the proportion 
of urban green spaces, and enhance urban carbon 
sinks. The urban scale should be scientifically and 
reasonably determined based on local carrying capacity, 
and the urban layout should be optimized. Second, 
energy consumption structure and carbon emissions 
showed a significant positive correlation from 2000 to 
2020, predominantly in the central region. Therefore, 
developing clean energy, rationally optimizing energy 
consumption structures, improving energy efficiency, 
and promoting clean energy in the central region 
should be prioritized to curb carbon emissions. Third, 
from 2000 to 2020, AGPP (Agricultural, Forestry, and 
Grassland Products) primarily exhibited a negative 
impact on carbon emissions, concentrated in the central 
regions. In these areas, measures such as afforestation 
and reducing chemical fertilizer and pesticide use 
should be implemented to increase AGPP reserves, 
enhance carbon sequestration in forests and farmlands, 
and fully leverage AGPP’s role in mitigating carbon 
emissions. Fourth, electricity consumption showed  
a positive correlation with carbon emissions from 2000 



13Spatiotemporal Characteristics and Driving...

to 2020. Therefore, low-carbon retrofitting of coal-fired 
power plants should be implemented, reducing reliance 
on fossil fuels and upgrading the electricity sector. Fifth, 
industrial structure should prioritize developing high-
tech industries, shifting away from extensive economic 
development patterns, reducing energy consumption, 
and continuously increasing the share of the tertiary 
sector.
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