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A B S T R A C T

Global warming caused by extensive carbon emissions is a critical global issue. However, the lack
of county-level carbon emissions data in China hampers comprehensive research. To bridge this
gap, we employ a deep learning method on nighttime light data sets to estimate county-level
carbon emissions in mainland China from 1997 to 2019. Our key contributions include the
successful derivation of more reliable data, revealing the evolution of spatial dynamics and
emissions epicenters. Moreover, we identify a novel inverted N-shaped relationship between gross
domestic product per capita and carbon emissions in the eastern and western regions, as well as
an N-shaped relationship in the central region, challenging mainstream wisdom. Additionally, we
highlight the significant impacts of population density, industrial structure, and carbon intensity
on carbon emissions. Our study also unveils the nuanced effects of government spending, which
exhibits both inhibitory and region-specific influences. These findings serve to enhance our un-
derstanding of the factors influencing carbon emissions and contribute to informed decision-
making in addressing climate change-related challenges.

1. Introduction

Global warming caused by massive carbon emissions (CE) has resulted in more frequent extreme climate events, posing great
challenges to the ecological environment as well as human development and survival [1]. As the largest developing country in the
world, while pursuing rapid economic development, China presents a large number of economic activities with “high input, high
consumption, and low output”, resulting in China’s total energy production and consumption ranking first in the world. The resulting
CE accounted for 30.9 % of the global total in 2020 [2]. To this end, China clearly stated, at the 75th UN General Assembly in
September 2020, that it aims to achieve the goals of “carbon peaking” by 2030 and “carbon neutrality” by 2060 [3]. There are many
researches foucus on CE, including CE accounts, drivers of CE, CE forecasting, and more [4–7]. However, most of them have
concentrated on the national level, provincial level, and city level. Actually, CE may be spatially heterogeneous, even within the same
city; this is especially notable in China, due to its large area [8]. In China, the county is a basic spatial unit with complete economic

* Corresponding author.
E-mail address: 3314681@163.com (S. Yang).

Contents lists available at ScienceDirect

Heliyon

journal homepage: www.cell.com/heliyon

https://doi.org/10.1016/j.heliyon.2024.e37245
Received 17 May 2024; Received in revised form 12 August 2024; Accepted 29 August 2024

Heliyon 10 (2024) e37245 

Available online 30 August 2024 
2405-8440/© 2024 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
( http://creativecommons.org/licenses/by-nc-nd/4.0/ ). 

mailto:3314681@163.com
www.sciencedirect.com/science/journal/24058440
https://www.cell.com/heliyon
https://doi.org/10.1016/j.heliyon.2024.e37245
https://doi.org/10.1016/j.heliyon.2024.e37245
https://doi.org/10.1016/j.heliyon.2024.e37245
http://creativecommons.org/licenses/by-nc-nd/4.0/


functions and relatively independent operation in China. It is also an important part of China’s CE and the main bearing space for
carbon sink functions, making it a key administrative unit for the implementation of the dual carbon goals and policies. Therefore,
studying CE at the county level is of great significance for the reduction of CE and the formulation of related policies.

Previous studies on CE account at the county level have mainly been based on statistical data and conducted accounting through
the CE coefficient method [9]. For example, Long et al. [10] have systematically estimated the CE of Changxing County from four
aspects according to the Intergovernmental Panel on Climate Change (IPCC) National Greenhouse Gas Inventory Guidelines. Based on
land-use data and CE coefficients, Cao and Yuan [11] have estimated the direct and indirect CE associated with land-uses in 38 counties
in Chongqing in China during the period of 1997–2015. Guan et al. [12] have calculated CO2 emissions from energy consumption for
18 counties in Ningxia used carbon emission coefficient method. The estimation of county CE in all of these studies were based on
publicly available statistics; however, accounting for CE is difficult for counties that do not have statistics related to carbon emissions.

Fig. 1. The location of the study area.
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With the development of remote sensing technology, nighttime light remote sensing data has begun to be used for the estimation of
CE on a smaller spatial scale [13]. At present, the most-used nighttime light data are the DMSP-OLS data obtained by the operational
linesman system (OLS) carried by the U.S. defense meteorological satellite program (DMSP) and the data obtained by the visible
infrared imaging radiometer suite (VIIRS) carried by the Suomi national polar-orbiting partnership (Suomi-NPP). However, relevant
CE application research mainly used a single data set for there are significant differences between the DMSP-OLS and NPP-VIIRS
datasets in terms of time range, spatial resolution, and sensor characteristics. For example, the time range of the DMSP-OLS dataset
is from 1992 to 2013, while the NPP-VIIRS dataset has been available since 2012. In addition, the spatial resolution of the DMSP-OLS
dataset is 1 km, while the NPP-VIIRS has a higher resolution of 500 m. The sensors of the two also have different photosensitive
characteristics, resulting in discrepancies in nighttime light intensity values between the two datasets for the same regions and time
periods. These differences have an important impact on CE estimates because they may lead to inconsistencies between different data
sources, thereby affecting the accuracy of the estimated results. Therefore, when using these data for CE estimates, consistency cor-
rections must be performed to ensure the reliability of the results. As such, there are relatively few concordance-corrected researches
for the two datasets [14,15]. Or, just integrated them based on a simple statistical relationship [16–18], and the intrinsic non-linear
transformation relationship between them has not been effectively identified, resulting in low accuracy of consistency correction.
Therefore, it is very important to continuously improve the integrated accuracy of these two types of nighttime light data for the
construction of long-term and high-precision CE data. Machine learning methods provide new ideas for integration of them. Compared
with traditional methods, deep learning methods have strong learning abilities, better simulation and prediction results, and can
effectively identify the non-linear relationships between different elements. Therefore, this study paper attempts to use deep learning
methods for consistency correction of DMSP-OLS and NPP-VIIRS. On this basis, high-precision and long time-series of CE for counties
in China are obtained, provideing a basis for the study of CE at a finer scale.

On the other hand, numerous studies have analyzed the influencing factors of CE on the national, provincial, and the prefecture-
level city scales. Due to data limitations, research on the influencing factors of CE at the county level remains relatively limited, and the
research scope has mostly been concentrated in certain small areas, such as the Yellow River Delta, Yangtze River Delta, Beijing-
Tianjin-Hebei, Zhejiang province, and so on [19]. However, further research is needed on the influencing factors of CE and their
spatiotemporal heterogeneity at the county scale over the entire Chinese mainland is still needed.

Thus, our research gets the following marginal contributions: (1) we used a deep learning method to unify the scale of DMSP-OLS
and NPP-VIIRS images and calculated 2875 county-level energy-related CE for the period 1997–2019, the fitting effects of which are
better than those obtained in previous studies based on traditional statistical method and traditional machine learning methods; (2) we
find that, at the county scale, government spending has a significant inhibitory effect on CE in the eastern and central regions, while the
effect on CE in the western region is insignificant. Gross domestic product per capita presents an inverted N-shaped relationship with
CE in the eastern and western regions, and an N-shaped relationship in the central region. These findings enrich the literature on
factors influencing CE at smaller scales.

2. Study area and data source

2.1. Study area

In this study, mainland China is the research object (excluding Hong Kong, Macao, and Xizang), encompassing 30 provinces and
2875 counties (Fig. 1). China spans from 73◦33′E to 135◦05′E longitude and from 3◦51′N to 53◦33′N latitude, covering about 9.6
million square kilometers.

2.2. Data source

DMSP-OLS and NPP-VIIRS nighttime light data were sourced from the U.S. National Geophysical Data Center (NGDC, https://ngdc.
noaa.gov/). There are two types of DMSP-OLS nighttime light data: version 4 DMSP-OLS nighttime light images and global radiance
calibrated nighttime light images. The existing version 4 DMSP-OLS images data sets include 34 images from 1992 to 2013 acquired by
6 different DMSP satellites. Each period of the DMSP-OLS nighttime light images includes three types of annual average images: Cloud-
free coverages, average visible, and stable lights images. Stable light images include city, town, and other persistent light sources, with
the effects of occasional noise such as moonlight, sparks, and oil and gas burning having been removed. The reference frame of the
image is the WGS-84 coordinate system with a spatial resolution of 30 arcseconds. The digital number (DN) of the image represents the
average light intensity, with values ranging from 0 to 63. An area with a DN of 0 is a no-light area and the larger the DN, the greater the
light intensity of the area. Compared with the stable light images, the radiance-calibrated nighttime light images solve the problem of
saturation of the pixel values; therefore, they can be used as an ideal reference image in relevant research. Therefore, we selected 34
periods of stable light images from 1992 to 2013 obtained by 6 different DMSP satellites and all 8 periods of global radiation-calibrated
nighttime light images.

The NPP-VIIRS nighttime light image was captured by the Suomi-NPP satellite using the Visible Infrared Imaging Radiometer
(VIIRS) with a spatial resolution of 15 arcseconds, which is better than that of the DMSP-OLS sensor. In addition, the images do not
suffer from the saturation of pixel values, but there are still negative and unusually abrupt pixel values, as they have not been processed
to mask out auroras, fires, boats, and other noise [17]. Due to the difference in performance between the DMSP and NPP-VIIRS sensors,
the pixel values of the two nighttime light data sets are quite different. The time scale of NPP-VIIRS is from 2012 to the present,
including monthly and annual data. Among them, the NOAA/NGDC released two periods of the standard annual nighttime light image
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in 2015 and 2016, with unstable light sources and background noise removed. Therefore, the images from these two years can be used
as a reference to correct images from other years [20]. Therefore, in this study, we selected monthly images from 2012 to 2019 and
annual images from 2015 to 2016.

Although the DMSP-OLS dataset has the problem of pixel saturation, it provides a long time series from 1992 to 2013, which is
essential for analyzing the spatiotemporal dynamics of carbon emissions. By covering multiple years of data, we are able to capture
long-term trends and changes instead of relying on short-term data, which improves the robustness of the results. The NPP-VIIRS
dataset has a high spatial resolution, which can more accurately capture light source changes and reduce the saturation problem in
the DMSP-OLS dataset. In this study, we used deep learning methods to perform consistency correction on DMSP-OLS and NPP-VIIRS.
With this method, we combined the advantages of both datasets, effectively improving the accuracy and reliability of carbon emission
estimates. Deep learning methods are able to handle complex nonlinear relationships and reduce potential errors by improving data
consistency correction. This data integration and method application significantly improved the robustness of the research results and
provided a solid foundation for high-precision carbon emission data.

The vector data of China’s county-level administrative regions used in this study were obtained from the national 1:4,000,000
databases of the National Geomatics Center of China (http://www.ngcc.cn) in 2018, and the energy consumption data were obtained
from the China Energy Statistical Yearbook, issued by the National Bureau of Statistics of China (see Table 1).

3. Method

3.1. Multilayer perceptron

In this study, the neural network method was mainly used to unify DMSP-OLS and NPP-VIIRS nighttime light datasets to invert
long-time CE data at the county level. The transformation relationship between different types of nighttime light image data is non-
linear [18]. Compared to traditional statistical methods and shallow neural network, the deep learning method has the ability to learn
hidden relationships in the elements and can effectively simulate the complex nonlinear relationship between elements. Also, it does
not impose any restrictions on the input variables.

Multilayer perceptron (MLP) is a type of deep learning method. It is a single-layer perceptron based on the addition of hidden
layers, increase the number of hidden layers so that it has more neuron layers, so it is also known as deep neural networks, deeper
network structure makes the original unprocessed and individually uninterpretable feature extraction is particularly effective, has
been widely used in large amounts of data feature extraction prediction [21]. MLP consists of an input layer, an output layer and a
hidden layer. Each hidden layer consists of a defined number of neurons, and the neurons of the MLP are connected in a way that there
are no intra-layer connections and all inter-layer connections. In a multilayer perceptron, each neuron is connected to all the neurons
in the previous layer and each connection has a weight [22]. Each neuron takes the signals passed from the previous layer and performs
a weighted sum and then goes through an activation function to produce an output [22]. The activation functions for the hidden and
output layers are usually nonlinear, such as Sigmoid, ReLU, Tanh, etc., in order to allow the network to capture nonlinear relationships.
Fig. 2 is a schematic diagram of the structure of an MLP with three hidden layers.

3.2. Moran’s I

Moran’s I was used to investigate the spatial correlation of CE at the county level in mainland China in this study. It measures the
similarity of the attribute values of CE in adjacent regions of space [23]. The global Moran’s I is as follows:
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Fig. 2. The topology of the MLP.
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than 0, showing that CE is positive in space. If Moran’s I is less than 0, showing that CE is negative in space. There is no spatial
correlation if Moran’s I is equal to 0.

3.3. Spatial STIRPAT model

The Stochastic Impacts by Regression on Population, Affluence, and Technology (STIRPAT) model is used to investigate the
influencing factors of CE at the county level. The STIRPAT model has been widely used to explore CE [24,25].

The basic equation of the STIRPAT model is:

Ii = αPb
i A

c
i T

d
i ei

where I represents the environmental pressure, P represents the demographic factors, A is the wealth, and T is the technology; α is a
coefficient; b, c, and d are the indices of demographic factors, wealth, and technology, respectively; e is a random influencing factor;
and i is the different observation units. According to previous studies, People density (PD), Carbon intensity (CI), Industrial structure
(IS), Government spending (GS), and Gross domestic product per capita (PGDP) were selected as the influencing factors of CE, and all
of them are from the China City Statistical Yearbook. To further analyzing the impact of economic development on CE, we also introduce
the quadratic and tertiary terms of PGDP. Furthermore, to weaken heteroscedasticity between variables, both sides of the STIRPAT
model are taken logarithmically. Therefore, the modified STIRPAT model is as follows:

Ln ECit = α0 + α1 Ln PDit + α2 Ln CIit + α3 Ln ISit + α4 Ln GSit+
α5 Ln PGDPit + α6 Ln PGDP2it + α7 Ln PGDP3it + εit

The above model is a traditional measurement model. Considering the characteristics of CE with spatial correlation, and the
traditional econometric model ignores the spatial correlation, this study uses a spatial econometric model. The general expression of
the spatial econometrics model (Spatial Durbin Model, SDM) is:

Fig. 3. The process of data fitting.
Note: NTL represents nighttime light.
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Ln ECit = ρ
∑n

j=1
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+β6
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∑n

i∕=j
Wijt Ln PGDP3it + μi + θi + εit

where i represents the region, t represents the time; Wijt is the spatial weight matrix; ρ represents the spatial spillover coefficient of
carbon emissions; α1, α2, …, α7 and β1, β2, …, β7 are parameters to be estimated; μi is the individual fixed effect, θi is the time-fixed
effect; and εit is the random disturbance term.

4. Result

4.1. Inversion of county-level carbon emissions data sets based on DMSP-OLS and NPP-VIIRS

The process of carbon emissions data fitting is shown in Fig. 3.
There are problems of pixel over-saturation and discontinuity must in non-radiometrically calibrated DMSP-OLS nighttime light

data. The pixel over-saturation means that the pixel digital number (DN value) exceeds the range of 0–63. If the actual DN value is
greater than 63, it will be uniformly set to the highest threshold of 63. This can lead to indistinguishable gradients and details of the
actual light intensity in some large urban centers to be lost. Therefore, according to the study of Cao et al. [26], we also adopts the
classification correction method for stable light images across China based on the invariant target area to address the pixel
over-saturation and discontinuity problems of non-radiometric calibrated DMSP-OLS nighttime light data. This method is more effi-
cient for calibrating non-radiometric calibrated DMSP-OLS nighttime light data than previous methods [27,28].

There are negative or abnormal pixel values in NPP-VIIRS nighttime light data. Therefore, it also should be calibrated.

(1) Coordinate transformation:

As the original NPP-VIIRS nighttime light data are monthly data, in order to be consistent with the DMSP-OLS nighttime light data,
it is necessary to synthesize the monthly NPP-VIIRS data into annual data. As the data distortion in the NPP-VIIRS nighttime light data
typically occur in the middle and high latitudes [29], and mostly appear in summer, we selected the annual nighttime light data
synthesized from the nine periods of nighttime light data from January to May and September to December in the study area as the
basic research data [20,30]. As the NPP-VIIRS nighttime light image data will be deformed variably at different latitudes, they were
first projected to the Albers equal-area projection coordinate system, which is suitable for China. Then, using the resampling tool in
ArcGIS 10.5, the spatial resolution of the NPP-VIIRS nighttime light images was resampled to 1000 m × 1000 m, consistent with the
resolution of the DMSP-OLS nighttime light image data. Based on the vector data of the county-level administrative districts in China,
the NPP-VIIRS nighttime light image data of the study area were obtained. Next, the NPP-VIIRS nighttime light data in the study area
had to be de-noised and outlier pixel-corrected.

(2) Mask de-noising

The U.S. National Geophysical Data Center provides two standard annual NPP-VIIRS nighttime light images for 2015 and 2016.
First, we binarized the standard annual nighttime light data in 2015 and 2016, which were multiplied with the synthesized annual light
images in 2015 and 2016 to remove unstable light sources and background noise, in order to obtain stable nighttime light images in
2015 and 2016. Then, the synthesized annual nighttime light data from 2012 to 2015 were processed according to Equation (1) and the
synthesized annual nighttime light data from 2016 to 2019 were processed according to Equation (2), in order to obtain a stable long-
term sequence of images from 2012 to 2019.

DN =

{
0,DNi ≤ 0|DNi+1 = 0

DNi,Other
(1)

DN =

{
0, DNi ≤ 0|DNi-1 = 0

DNi,Other
(2)

where DN represents the pixel value of the nighttime light image after correction, DNi is the pixel value of the nighttime light image to
be corrected, DNi+1 is the pixel value of the nighttime light image one year after correction, and DNi− 1 is the nighttime light pixel value
in the year before correction.
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(3) Outlier elimination

In places with high surface emissivity, there are an abnormal pixel values which are much higher than the maximum values of
pixels in the surrounding area and, so, do not conform to the actual situation. In order to ensure the accuracy of the nighttime light
data, these abnormal values need to be eliminated. As the maximumDN value within the Chinese region does not exceed the maximum
value for Beijing, Shanghai, Shenzhen, and Guangzhou [31], if a DN value is greater than this maximum DN value, it is replaced by the
maximum DN value of its eight neighboring pixels. This process is repeated until all outliers larger than the maximum DN value of
Beijing, Shanghai, Shenzhen, and Guangzhou are eliminated.

(4) Inter-calibration of DMSP-OLS and NPP-VIIRS nighttime light data

To obtain long-time nighttime light data, the DMSP-OLS and NPP-VIIRS data should be fused. First, we calculated the mean pixel
values for the 2875 county-level units in mainland China based on DMSP-OLS and NPP-VIIRS in 2013 using the zonal statistical
method in the ArcGIS 10.5 software, respectively. Then, the multilayer perceptron method was used to inter-calibrate the two datasets.
And the country-level data of NPP-VIIRS was taken as an input layer and the country-level data of DMSP/OLS was taken as the output
layer. According to the ratio of 8:2, we got a training data set and a test data set randomly. After continuous training, we got the
optimal results (hidden layers = 3, neurons in each hidden layer = 10, iterations = 500, the activation function = Sigmoid).

The results are shown in Fig. 4. It can be seen that the correlation coefficients for the training set, test set, and overall set were
0.972, 0.958, and 0.970, respectively, which indicates that the multilayer perceptron method is advantageous for identifying the
potential relationship between DMSP-OLS and NPP-VIIRS nighttime light data.

Next, we obtain the final simulated NPP-VIIRS data during 2014–2021 based on the annual increase rates of NPP-VIIRS data during
2013–2021. In summary, we obtained stable and continuous nighttime light data for the period 1997–2021, laying a foundation for
further calculations of county-level CE.

Then, we explored the relationship between actual CE and nighttime light data at the province level using the multilayer per-
ceptron. The simulation results are shown in Fig. 5, the correlation coefficients of the training set, test set, and overall set were 0.998,
0.994, and 0.998, respectively. Using the fused long-term nighttime light data (1997–2019), we calculated the total DN values in each
province (30) and county (2875) and the weight of each county in its respective province. Next, we can simulate the CE in each

Fig. 4. The simulation results of the mean pixel values in 2013 between DMSP/OLS and NPP/VIIRS based on the MLP.
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province using the trained MLP network. Finally, based on the concept of the top-down method, the weight of nighttime light in each
county was multiplied by the CE of the province in which it is located, yielding the CE for each county [32–34]. At present, most
existing studies focus on the analysis of CE at the national or provincial scale, and CE at the county scale is relatively scarce. This study
provides important basic data for small-scale CE research. This work fills the gap in CE at the county scale and lays the foundation for
future research at a finer granularity. Also, the application of deep learning methods provides new technical means for carbon emission
measurement and demonstrates its potential in processing large-scale spatial data.

4.2. Spatiotemporal dynamics of carbon emissions

Based on the above results, we investigated the spatiotemporal changes of CE at the county level in mainland China. Table 2 shows
the global Moran’s I of CE from 2000 to 2019. All Moran’s I were greater than 0, and their corresponding p-values all passed the 1 %
significance test. The results shows that CE at the county level have a positive and significant spatial correlation. In addition, Moran’s I
showed a decreasing trend over time, which means that the spatial correlation of CE had begun to weaken (see Table 2).

Fig. 5. The simulation results between actual provincial CE and the sum of pixel values at the province level for the training dataset, test dataset,
and all datasets.

Table 1
Description of each data source used in this study.

Data Data Description Year Source

DMSP-OLS Version 4 DMSP-OLS annual stable nighttime light
data

1992–2013 https://ngdc.noaa.gov/eog/dmsp/downloadV4composites.html,
accessed on October 20, 2022

NPP-VIIRS Vision 1 NPP-VIIRS monthly vcm nighttime light data 2012–2019 https://eogdata.mines.edu/products/vnl/, accessed on October 20,
2022Annual VNL V1 nighttime light data 2015, 2016

Statistical
data

Socioeconomic statistical data of county-level regions
in mainland China

2000–2019 China City Statistical Yearbook, accessed on 15 November 2022

Energy data Energy Statistical Data of province-level regions in
mainland China

1997–2019 China Energy Statistical Yearbook, accessed on 15 November 2022

Boundaries Shapefiles of county-level regions in mainland China 2018 National Geomatics Center of China (http://www.ngcc.cn), accessed on
15 November 2022
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To analyze the spatial agglomeration of CE at the county level, Fig. 6 shows the local agglomeration characteristic of CE in 1997,
2005, 2010, and 2019. In 1997, the high–high (HH) agglomeration areas of CE are mainly distributed in the Pearl River Delta, Yangtze
River Delta, Shandong Peninsula, Beijing–Tianjin–Hebei, and Northeast regions, with a few areas are distributed in counties of
Guizhou, Sichuan, Yunnan, Shangxi, Hubei, Xinjiang, and Inner Mongolia. Low–high (LH) agglomeration areas mainly followed the
distribution of HH agglomeration areas. Low–low (LL) agglomeration areas were distributed in most countries in mainland China,
including southeastern, northwestern, and southwestern regions. There were very few high–low (HL) agglomeration areas.

In 2005, the spatial pattern of CE did not change significantly. The range of HH agglomeration of CE in the Shandong Peninsula had
expanded based on 1997. As a responsible developing country, China has attached great importance to addressing climate change. In
2008, the Chinese government issued China’s Policies and Actions to Address Climate Change, proposing policies and actions to mitigate
climate change. Areas with serious CE have sought to reduce their CE through continuous optimization of industrial structure,
improvement of energy efficiency, development of the circular economy, and other measures. Therefore, in 2010, the range of HH
agglomeration of CE in the Shandong Peninsula, Beijing–Tianjin–Hebei region, and Yangtze River Delta decreased significantly, while
HH agglomeration areas began to agglomerate in central China.

Compared to 1997, the scope of HH agglomeration areas was greatly reduced in the Beijing–Tianjin–Hebei and the Yangtze River
Delta. Instead, HH agglomeration areas began to agglomerate on a large scale in central China, such as in Shanxi, Shaanxi, Inner
Mongolia, and Ningxia. The main reason is that these regions are rich in coal resources, and the secondary industries account for a high
proportion. The Shanxi–Shaanxi–Inner Mongolia–Ningxia region is one of the six major coal-accumulating areas in China [35]. This
region (Shaanxi, Inner Mongolia, Ningxia, and Gansu) boasts significant energy and mineral reserves, with proven reserves of coal, oil,
and natural gas constituting 19.7 %, 31.7 %, and 29.8 % of the national energy resources, respectively [36]. In addition, its industrial
structure has always been dominated by coal resources. Massive energy consumption has led to rising CE levels and accumulation, and
this situation will not change in the short term [19]. From 2000 to 2016, the total CE exhibited an upward trend, surging from 0.94 ×

10^8 t to 6.62 × 10^8 t in this regions with an average annual growth rate of 13.2 % [36]. Moreover, some high-polluting enterprises in
the eastern regions have relocated to the central region, aggravating CE in the central regions. Likewise, the LH agglomeration areas
varied with the HH agglomeration areas, while the changes in LL and HL agglomeration areas are relatively small. In summary, it can
be seen that the areas with high CE at the county level in China have begun to shift from the eastern coastal areas to the central areas.

4.3. The influencing factors of carbon emissions and their spatiotemporal heterogeneity

To investigate the influencing factors of CE at a small spatial scale, considering the spatial correlation of CE, we constructed a
spatial econometric model. Following the recommendation of LeSage and Pace [37], the spatial Durbin model (SDM) was selected.
First, we should judge whether SDM could be simplified into an SLM model or SEM model. According to the Wald test spatial lag (p =
0.000), LR test spatial lag (p = 0.000), Wald test spatial error (p = 0.000), and the LR test spatial error (p = 0.000), SDM model should
not be simplified to the SLM and SEM model [37] (see Table 3). Therefore, SDM was best. Next, the value of the Hausman test was
28.349, which also passed the significance test at the 1 % level, indicating that a fixed-effect model is better. The fixed effects can be
divided into time fixed effects, spatial fixed effects, and spatio-temporal fixed effects. According to the results of R2 and LogL values

Table 2
The global Moran’s I of CE at the county level in mainland China from 2000 to 2019.

Year Moran’s I p-value Year Moran’s I p-value

2000 0.481*** 0.000 2010 0.393*** 0.000
2001 0.470*** 0.000 2011 0.387*** 0.000
2002 0.454*** 0.000 2012 0.390*** 0.000
2003 0.435*** 0.000 2013 0.343*** 0.000
2004 0.434*** 0.000 2014 0.302*** 0.000
2005 0.456*** 0.000 2015 0.321*** 0.000
2006 0.464*** 0.000 2016 0.347*** 0.000
2007 0.461*** 0.000 2017 0.353*** 0.000
2008 0.424*** 0.000 2018 0.356*** 0.000
2009 0.420*** 0.000 2019 0.363*** 0.000

Note: *** denotes the passing of the significance test at a 1 % level.

Table 3
The results of the tests.

Coefficient p-value

Wald_spatial_lag 799.876*** 0.000
LR_spatial_lag 754.399*** 0.000
Wald_spatial_error 242.415*** 0.000
LR_spatial_ error 208.376*** 0.000
Hausman 28.349*** 0.000

Note: *** denotes passing the significance test at a 1 % level.
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undere different effects, the spatio-temporal fixed effect was most optimal.
Table 4 shows the results of the SDM spatio-temporal fixed effects model for mainland China. Due to the limitations of socio-

economic statistical data, the regression analysis covered the period from 2000 to 2019. According to the baseline regression re-
sults, the spatial lag coefficient was 0.779 (p= 0.000< 0.01). This indicates that CE exhibit spatial spillover effects. Specifically, a 1 %
increase in CE in surrounding areas leads to a 0.779 % increase in CE in the local area.

For the influencing factors, the coefficients of PD, CI, and IS were 0.192, 0.151, and 0.056, respectively, and the corresponding p-
values were all 0.000, indicating that these three influencing factors all have a significant promoting effect on CE. An increase in
population density will lead to more industrial and urbanization activities, increasing the demand for energy, especially high-
emissions energy, thus affecting CE [38]. In addition, increased population density generally requires more transportation and

Fig. 6. The local agglomeration patterns of carbon emissions in 1997 and 2019.
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infrastructure, and they also require large amounts of energy [39]. Furthermore, a larger population will generate greater living and
production activities, and current energy use mainly relies on coal and other high-energy-consuming energy sources at the county scale
in China [14]. Furthermore, increases in population generally do not lead to significant reductions in overall CE through increased
energy efficiency or improved lifestyles.

At the city scale, most studies have shown that population density has a significant promoting effect on CE; however, some scholars
also pointed out that the impact of population density on CE is not significant in most provinces [27,40–42]. It can be found that there
are scale differences in the impact of population density on CE. It is worth noting that, although an increase in PDwill increase the local
CE, it will have an inhibitory effect on the CE of the surrounding areas. Due to the uneven geographical distribution of population and
resources, the agglomeration of local economic and social activities will attract more surrounding populations to the local area,
thereby reducing the population density in surrounding areas. The reduction in population density in the surrounding areas will be
accompanied by an overall reduction in CE.

CI reflects energy utilization efficiency. The impact of energy utilization efficiency on CE is a complex process involving multiple
links [43]. In the energy production process, CE are reduced by using more efficient and cleaner energy production technologies, such
as renewable and low-carbon energy. In the process of energy transmission and conversion, efficient energy transmission systems and
energy conversion equipment can reduce energy losses during energy transmission and conversion. When energy is ultimately used for
heating, power supply, transportation, and so on, improving terminal energy utilization efficiency can reduce energy consumption per
unit area, thereby reducing the corresponding CE [39]. Although improvement of energy utilization efficiency can reduce CE, with the
development of urbanization and industrialization, the demand for energy increases sharply, and high energy consumption leads to a
large volume of CE. The reduction of CE at the county level in China requires continuous adjustment of the energy structure and
technological innovation on the basis of improving energy efficiency, in order to effectively reduce CE. Similarly, improvements in
local energy efficiency will curb the increase in CE in surrounding areas.

IS has a positive impact on CE. Secondary industries are energy-intensive and has a large demand for high energy-consuming fossil
fuels such as coal and oil. The combustion of these energy sources is often accompanied by high CE. Therefore, the development of
industrialization has a direct promoting impact on CE [44]. Moreover, industrial production is inevitably accompanied by a series of
production activities, including raw material extraction, processing and manufacturing, transportation, and other links, which also
produce large amounts of CE. Although industrial development is also accompanied by improvements in technological levels and
energy efficiency, in China, due to the rapid advancement of industrialization and the expansion of the production scale, the appli-
cation of new technologies and improvements in energy efficiency is relatively slow [25], leading to increase in carbon emissions.

Unlike PD, CI, and IS, the coefficient of GS was − 0.028 (p = 0.000 < 0.01) indicating that GS has a significant inhibitory effect on
CE and is beneficial in terms of reducing CE. Part of government fiscal expenditure is often used for ecological environment protection,
restoration, and infrastructure construction. Through ecological projects such as afforestation and wetland protection, the carbon sink
capacity can be effectively improved and the absorption and fixation of carbon dioxide can be promoted. In addition, government fiscal
expenditure can also promote CE reduction actions by enterprises through policy guidance and incentive mechanisms, which is also
beneficial for the reduction of CE [45]. However, an increase in local GS can increase CE in surrounding areas.

There exists a non-linear relationship between PGDP and county CE. The results in Table 4 show that the coefficients of PGDP3,
PGDP2, and PGDP were negative, positive, and negative, respectively. It shows that PGDP and CE presents an inverted N-shape
relationship, which indicates that an increase in PGDP does not necessarily lead to a decrease in CE; that is, the emissions reduction
effect of income is unstable. The traditional EKC hypothesis states that there is an inverted U-shaped relationship between CE and
economic growth [46]. In recent years, various studies have provided empirical evidence for the existence of N-shaped EKC [47,48]

Table 4
The results of SDM spatio-temporal fixed effects for mainland China.

Base Robustness test

Rook adjacency spatial weight matrix Inverse distances spatial weight matrix k-NearestNeighbor spatial weight matrix

PD 0.178*** (0.000) 0.202*** (0.000) 0.188*** (0.000)
CI 0.161*** (0.000) 0.229*** (0.000) 0.148*** (0.000)
IS 0.058*** (0.000) 0.082*** (0.000) 0.056*** (0.000)
GS − 0.028*** (0.000) − 0.055*** (0.602) − 0.039*** (0.017)
PGDP − 1.833*** (0.000) − 1.753*** (0.000) − 1.738 (0.000)
PGDP2 0.161*** (0.000) 0.143*** (0.000) 0.151*** (0.000)
PGDP3 − 0.005*** (0.000) − 0.004*** (0.000) − 0.004*** (0.000)
W*PD − 0.112*** (0.000) − 0.286*** (0.003) − 0.138*** (0.000)
W*CI − 0.091*** (0.000) − 0.108*** (0.002) − 0.081*** (0.000)
W*IS − 0.029*** (0.000) − 0.070** (0.049) − 0.032*** (0.000)
W*GS 0.001*** (0.000) 0.083*** (0.000) 0.010*** (0.005)
W*PGDP 1.564*** (0.000) 1.156*** (0.000) 1.661*** (0.000)
W*PGDP2 − 0.145*** (0.000) − 0.079*** (0.007) − 0.155*** (0.000)
W*PGDP3 0.004*** (0.000) 0.002*** (0.000) 0.005*** (0.000)
ρ 0.779*** (0.000) 0.820*** (0.000) 0.721*** (0.000)
R2 0.979 0.956 0.978
LogL 33566.162 18284.512 32716.53

Note: *** denotes passing the significance test at a 1 % level.
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and inverted N- shaped EKC [21,49,50]. Our results support the existence of an inverted N-shaped EKC for China at the county level. In
generally, economic growth affects changes in environmental quality mainly through economic scale, economic structure, and
technological progress [21]. At different stages of development, the interactions among these three factors lead to diversity in the
relationship between economic growth and CE, ultimately presenting an inverted N-shaped model. After calculation, it is estimated
that the turning points of the inverted N-shape EKC were $825.875 and $1,378,455.171 respectively. Most of China’s county-level
cities are located between the first and second inflection points of PGDP, indicating that CE are expected to continue to rise under
the current background of continued growth of PGDP. The relationship between PGDP and CE in surrounding areas shows an opposite
trend to that of local CE, showing an N-shaped relationship. To ensure the robustness of the results, we selected the spatial weight
matrix of k-NearestNeighbor and the inverse distance for robustness testing. It can be seen that the results did not change significantly
under different types of spatial weight matrices, indicating that our research results are robust.

Due to China’s vast area and large differences in the level of economic development among regions, its CE are spatially hetero-
geneous. From the perspective of different regions (Table 5), PD, CI, and IS all had a significant promoting effect on CE in the eastern,
central, and western regions, while GS had a significant inhibitory effect on CE for the eastern and western regions, and a non-
significant effect on CE in the central region. In addition, the PGDP and CE in the eastern and western regions presented an inver-
ted N-shaped relationship, while the PGDP and CE in the central region show an N-shaped relationship.

In the early stage of regional development, the level of economic and urbanization development is relatively low. At this time,
industries are less-developed, the scale of economic output is small, and the scale effect of economic growth on CE is not obvious. When
PGDP crosses the first inflection point, the economy is in a period of rapid expansion, and the reduction in the scale of emissions
brought about by technological progress, environmental regulations, and emissions reduction devices cannot offset the increase in the
scale of emissions brought about by economic growth. When PGDP reaches the second inflection point, the structural, technological,
and spillover effects of economic growth gradually become prominent. Extensive economic growth has gradually shifts to intensive
economic growth, the technological level of enterprises improves, cleaner production is achieved, and energy consumption is reduced.
Therefore, after entering this stage, economic growth will have a significant inhibitory effect on CE. Therefore, the PGDP and CE in the
eastern and western regions present an inverted N-shaped relationship.

The central counties are rich in energy and various metal and non-metal mineral resources. Their coal reserves account for 80 % of
China’s total, and they also has a good heavy industry foundation. This may have led to greater reliance on these high-carbon resources
(e.g., coal and metallic and non-metallic minerals) in the early stage of industrialization. The extraction and utilization of these re-
sources may result in high CE during the start-up phase of the economy. This leads to an increase in CE accompanying the initial growth
in GDP per capita. When the economy reaches a certain stage of development, counties in the central region may seek industrial
upgrading and structural transformation towards cleaner and higher value-added industries, and CE begin to decline. While pursuing
higher economic growth, some localities may face increased energy demand to meet the need of the expanding industrial scale,
transportation, and urban population, leading to high energy consumption and CE.

5. Discussion

The study of CE at the county level is of great significance for the reduction of CE and the formulation of related policies. For this
study, CE at the county level in mainland China were calculated based on DMSP-OLS and NPP-VIIRS nighttime light data. Then, the
spatiotemporal changes and influencing factors of CE were explored, which yielded some interesting findings.

Obtaining long-time CE data at small spatial scales has always been a key challenge for scholars to conduct relevant research,
limiting the in-depth understanding of CE trends and influencing factors [9]. This study obtained long time-series CE at the county

Table 5
The results of SDM spatio-temporal fixed effects for different regions.

East West Central

PD 0.104*** (0.000) 0.230*** (0.000) 0.255*** (0.000)
CI 0.172*** (0.000) 0.178*** (0.000) 0.113*** (0.000)
IS 0.081*** (0.000) 0.016*** (0.000) 0.071*** (0.000)
GS − 0.046*** (0.000) − 0.001 (0.876) − 0.074*** (0.000)
PGDP − 1.005*** (0.000) − 2.938*** (0.000) 0.110 (0.474)
PGDP2 0.088*** (0.000) 0.269*** (0.000) − 0.053*** (0.000)
PGDP3 − 0.003*** (0.000) − 0.008*** (0.000) 0.003*** (0.000)
W*PD 0.050*** (0.004) − 0.252*** (0.000) − 0.119*** (0.000)
W*CI − 0.102*** (0.000) − 0.142*** (0.000) − 0.014* (0.060)
W*IS − 0.032*** (0.000) − 0.030*** (0.000) − 0.021*** (0.001)
W*GS 0.037*** (0.000) − 0.006 (0.446) − 0.031*** (0.003)
W*PGDP − 1.652*** (0.000) 3.402*** (0.000) 0.432 (0.126)
W*PGDP2 0.164*** (0.000) − 0.321*** (0.000) − 0.013 (0.656)
W*PGDP3 − 0.005*** (0.000) 0.010*** (0.000) − 0.001 (0.504)
ρ 0.674*** (0.000) 0.725*** (0.000) 0.724*** (0.000)
R2 0.982 0.976 0.976
LogL 12870.839 10997.881 10585.129

Note: *** denotes passing the significance test at a 1 % level.
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level in mainland China based on DMSP-OLS and NPP-VIIRS nighttime light data inversion. In contrast to previous studies [16–18],
first, a MLP deep learning method was used to inter-calibrate the DMSP-OLS and NPP-VIIRS nighttime light data. Compared with the
linear regression or shallow neural network methods used by most scholars, the MLP method can not only effectively identify
non-linear relationships between elements but also has higher fitting accuracy.

Second, the correlation coefficient regarding the calibration of DMSP-OLS and NPP-VIIRS nighttime light data was 0.970, which is
higher than reported in previous studies [9,14,16,17]. For example, Chen et al. [9] have also obtained the CE data at the county level
over mainland China based on DMSP-OLS and NPP-VIIRS nighttime light data, and reported a fitting accuracy of 0.955; Lv et al. [14]
have calculated the fitting results of the regression relationship between DMSP-OLS data and NPP-VIIRS composite data at county level
in China as 0.835; and Li et al. [16] have simulated DMSP/OLS composites from the VIIRS day-and-night band (DNB) composites by
using a power function for radiometric degradation and a Gaussian low-pass filter for spatial degradation, and obtained a fitting
accuracy of 0.910. The DMSP/OLS data and the simulated DMSP/OLS data were combined to estimate the city light dynamics in
Syria’s major human settlements. Moreover, to finally obtain county-level CE, we also simulated the inter-calibrated nighttime light
data and actual CE at the provincial level using the MLP method, and obtained a fitting accuracy of 0.996, higher than the values of
0.990, 0.940, and 0.692 reported by Chen et al. [9], Meng et al. [33], and Lv et al. [14]. This further illustrates that our results yielded
improved accuracy over previous studies when considering CE at the county level.

Based on the obtained county-level CE, we explored the associated influencing factors. On one hand, our study enriches the dis-
cussion of factors affecting CE at small spatial scales. On the other hand, our results indicated that the relationship between PGDP and
CE is an inverted N-shaped relationship, challenging the mainstream wisdom that there exists a linear relationship or an inverted U-
shaped relationship between PGDP and CE [44,51,52]. Previous studies have also explored the relationship between PGDP and CE
[53–55], and varying opinions were put forward. For example, Qi et al. [54] found that there was no decoupling relationship between
county per capita GDP and CE in Zhejiang province; Wang et al. [55] have pointed out that PDGP had a positive impact on CE in the
Yangtze River Delta; and Zhang et al. [56] also found that PGDP is one of the main factors for the increase in CE in China, even in
undeveloped regions. In addition, some scholars have reported an inverted U-shape (or U-shaped) relationship between PGDP and CE
in northwest China [57,58]. Most of them have explored the relationship between GDP and CE in specific regions, and the compre-
hensive understanding of the overall pattern is still limited. To explore the influencing factors, this study used nationwide county-level
data, which provides a new perspective for a more comprehensive understanding of China’s CE pattern. By introducing the
higher-order terms of PGDP (PGDP2 and PGDP3), we observed that there is a non-linear relationship between PGDP and CE, and thus
proposed an inverted N-shape conclusion, which provides a new perspective for a deeper understanding of the impact of PGDP on CE.
In particular, there are large differences in economic between regions, leading the relationship between PGDP and CE to be spatially
heterogeneous. We found that in some developed regions, PGDP and CE were not decoupled or had a purely linear relationship, which
is different from the conclusions of some previous studies [59], and providedimportant clues for a better understanding the regional
differences in CE. In addition, we focused on the N-shaped relationship between PGDP and CE in central China, which is not common in
the existing literature. This finding suggests that the relationship between PGDP and CE may be more complex and variable than
previously thought. Our results highlight the impact of spatial scale on this relationship, suggesting the importance of local charac-
teristics and regional differences in CE patterns.

However, there were still some limitations to the study. On the one hand, the nighttime light data of nine periods from January to
May and September to December in the study area were selected for annual synthesis. Mainly as data distortion occurs in the NPP-
VIIRS nighttime light data in the middle and high latitudes, and mostly appears in the summer, we selected the annual nighttime
light data synthesized from the nine periods of nighttime light data from January to May and September to December in the study area
as the basic research data. The period from June to August covers summer, which may contain some data related to factors affecting
summer-specific CE, such as air conditioning electricity consumption, summer industrial production, and so on. Ignoring summer data
may provide an incomplete explanation of seasonal changes in CE. However, our research was focused on long-term CE trends, and
selecting these periods helped to reduce the impact of short-term fluctuations, reduce noise in the nighttime light data, and improve the
stability and reliability of the data. As we did not discuss the seasonal changes in CE, it can be considered acceptable to process the data
in this way. Additionally, some previous studies [20,60,61] have demonstrated the effectiveness of this approach over similar time
periods. However, this data processing method may have imposed certain limitations on the research results by ignoring the data from
June to August. Furthermore, this study mainly focused on the spatiotemporal dynamics and influencing factors of CE, but did not
conduct an in-depth analysis of specific sources of CE, such as energy, industry, transportation, and so on. A more detailed analysis of
the sources of CE may help to formulate more specific emissions reduction policies. In addition, although some factors affecting CE
were mentioned in the study, in-depth analysis of the mechanisms and relationships behind these factors remained limited; especially
the differences in CE influencing mechanisms at the county level, the prefecture level, city level, and even at a larger spatial scales,
which need further exploration.

Based on our results, some policy implementations to reduce CE can be suggested. First, the government should develop regionally
differentiated CE reduction policies: given the differences in factors affecting CE in different regions, it is recommended that the
government adopt differentiated CE reduction policies, rather than one-size-fits-all policies. Second, urban planning and construction
should be strengthened. Based on the positive impact of population density (PD) on CE observed in this study, it is recommended that
the government focus on improving energy efficiency and promoting low-carbon transportation methods in urban planning and
construction, as well as encouraging the development of green buildings and urban public transportation systems to reduce reliance on
high-carbon transportation and energy-intensive buildings. Third, in terms of energy structure adjustment and technological inno-
vation, given the significant impact of IS and CI on CE, the government should promote industrial upgrading and encourage the
application of cleaner production technologies. This will support the development of new and renewable energy, reduce dependence
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on high-carbon energy, and promote more sustainable development. Finally, regarding the effective use of public financial investment,
as GS presented an inhibitory effect on CE, it is recommended that the government increase investment into environmental protection,
infrastructure, and public services. In particular, investment in environmental sanitation, transportation infrastructure, and ecological
and environmental protection projects can generate positive external economic benefits and promote the reduction of CE.

6. Conclusion

Based on nighttime light remote sensing data, this study retrieved the long-term CE inventory at the county level in mainland China
by fusing two types of nighttime light data. On this basis, this study analyzes the spatiotemporal evolution characteristics and
influencing factors of CE at the county level in mainland China, and further explores the temporal and spatial differences of influencing
factors. The main conclusions are as follows:

1. We obtained long-term (1997–2019) CE data at the county level in mainland China through inversion of nighttime light data, and
the period of the time series is longer than previous studies, and the inversion accuracy was r2 = 0.996, which was higher than
previous research results.

2. There is a positive spatial correlation in county-level CE. In terms of time, the spatial correlation is gradually weakening as time
goes by. In terms of space, the center of CE gradually shifts from the eastern coastal area to the central regions.

3. Overall, PD, IS, and CI all had a significant promoting effect on CE, GS had a significant inhibitory effect, and PGDP had an inverted-
N relationship with CE. However, there are differences in the influencing factors of county-level CE in different regions and periods.
Among them, GS has a significant inhibitory effect in the eastern and central regions, while the effect on CE in the western region is
insignificant. PGDP shows an inverted N-shaped relationship with CE in the eastern and western regions and an N-shaped rela-
tionship in the central region.
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