
Introduction

Since the 21st century, rapid urbanization and the 
pressing challenge of climate change have emerged 

as two interconnected core issues on the global 
sustainable development agenda. Cities, serving as 
hubs for economic activity, population concentration, 
technological innovation, and energy consumption, play 
a pivotal role in driving global carbon emissions [1]. 
Statistics indicate that urban areas account for 80% of 
global GDP, consume 60-80% of the world’s energy, 
and contribute to 75% of total carbon emissions [2]. 
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Abstract

Amid the global challenge of carbon emissions (CE), developing a method for accurately measuring 
city-level carbon emissions is crucial for crafting effective carbon reduction strategies. Therefore, 
the integration of urban nighttime light data (NTL) and urban industrial structure (IS) characteristics 
contributes to the characterization of urban carbon emissions. It uses the ISC to reflect urban industrial 
structure variances across 21 cities and counties in Sichuan Province, establishing a correlation between 
NTL-ISC and urban carbon emissions through a PSO-SVM model. This approach is evaluated against 
the conventional NTL method, aiming for precise urban CE quantification. Additionally, the impact of 
the tertiary sector, population density, and urbanization on CEI and CEC is analyzed. Findings indicate: 
(1) A comparison between the traditional linear regression method, solely based on NTL (adjusted
R2 = 0.86), and the machine learning method incorporating NTL-ISC (adjusted R2 = 0.89), demonstrates
the efficacy of the proposed carbon emission measurement methodology. (2) Population density exhibits
divergent contribution rates to cities with medium and low IS, with the tertiary industry’s impact
inversely related to population density. The urbanization rate significantly affects Panzhihua. This study
enhances and broadens the methodologies for measuring urban carbon emissions using NTL, offering
support for cities of varied industrial structures in devising tailored carbon reduction policies.
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This global trend is particularly pronounced in China, 
where the urbanization rate surged from 42.99% in 
2005 to 63.89% in 2020, reflecting an ongoing phase 
of rapid urban expansion that inevitably exacerbates 
environmental pollution, land scarcity, and industrial 
restructuring challenges [3, 4]. Moreover, urban carbon 
emissions in China constitute 85% of the nation’s total 
– a figure significantly higher than that of developed 
economies such as the United States (80%) and Europe 
(69%) – underscoring the immense decarbonization 
pressure driven by concurrent industrialization and 
urbanization [5, 6]. Consequently, achieving accurate, 
efficient, and high-spatial-resolution measurement 
of urban-scale carbon emissions is not only the 
foundational step for assessing urban sustainability 
and environmental impact but also a critical scientific 
basis for China to implement its “dual carbon” strategy, 
balancing regional economic growth with ecological 
conservation.

Precise quantification of urban carbon emissions 
remains a complex scientific challenge. Traditional 
accounting methods primarily follow two technical 
pathways: top-down and bottom-up. The former 
allocates regional or national energy statistics to urban 
units using proxies like GDP or population, offering 
simplicity but suffering from low spatial resolution and 
an inability to capture intra-city emission disparities [7]. 
The latter aggregates activity data from various emission 
sectors within cities, yielding higher accuracy but 
demanding extensive data inputs, incurring high costs, 
and struggling to enable large-scale, long-term dynamic 
monitoring [8]. Recent advances in remote sensing, 
particularly the advent of NTL data, have revolutionized 
the monitoring of human activity and spatial dynamics 
across scales and time, effectively addressing gaps in 
statistical data. Rich in information, NTL data serve as a 
robust proxy for urbanization [9], economic development 
[10], and population density [11], and have been widely 
applied to CO2 emission modeling [12]. Early studies 
relied on linear regression to directly correlate NTL 
luminosity with officially reported carbon emissions for 
spatial downscaling [13]. However, such simplistic linear 
relationships fail to capture real-world complexities – for 
instance, sensor saturation in urban cores masks further 
economic growth. To overcome these limitations, 
subsequent research introduced sophisticated nonlinear 
models, including quadratic polynomials [14], logistic 
functions, and machine learning algorithms (e.g., 
support vector machines, random forests, and artificial 
neural networks), which demonstrate superior accuracy 
in deciphering the intricate NTL-emission relationship 
[15]. Concurrently, data sources have evolved from 
DMSP/OLS to NPP/VIIRS, offering higher spatial 
resolution, broader dynamic range, and saturation-free 
detection [16], thereby enhancing estimation potential.

However, despite continuous optimization of 
models and data, existing research generally assumes 
the relationship between NTL and carbon emissions 
within the study region to be “spatially homogeneous”.  

This implies that once a model is trained, its fitted 
parameters are applied uniformly across all units 
within the region [17]. This assumption overlooks the 
diverse development patterns of cities. Cities are not 
isolated, homogeneous points; instead, they are complex 
systems with significant heterogeneity. There are 
marked differences among cities in industrial structure, 
technology levels, energy consumption patterns, and 
urban morphology [18]. Consequently, this assumption 
of homogeneity inevitably introduces systematic errors. 
Particularly in regions with diversified industrial 
structures, it tends to seriously overestimate carbon 
emissions of service-oriented cities and underestimate 
those of industrial-oriented cities [19], which greatly 
undermines the accuracy of the estimation results and 
their reliability as a basis for policy-making.

Industrial structure, a fundamental force in shaping 
urban economic geography and determining energy 
consumption characteristics, is thus a key driver of 
urban carbon emission differences [20]. With the rapid 
development of urban economies and the increase 
in industrialization levels, the proportion of the 
secondary industry has risen sharply. This extensive 
development model has led to significant resource 
consumption and greenhouse gas emissions. The 
potential of urban industrial structural transformation 
to alleviate energy consumption and CO2 emissions 
has been extensively studied. Currently, methods such 
as structural decomposition analysis, input-output 
models, and econometric analysis are commonly used 
to study the impact of industrial structural changes 
on CO2 emissions. For example, Zeng et al., using  
a spatial difference-in-differences method, analyzed the 
impact mechanism of the Low-Carbon City Pilot Policy 
(LCCP) and found that industrial structure optimization 
and urban innovation can significantly reduce 
carbon emission intensity [21]. Wang et al., through 
the STIRPAT model, demonstrated that economic 
agglomeration and industrial structure have a significant 
impact on urban carbon emission efficiency [13]. Li 
et al. developed a model of the impact of industrial 
structural changes on urban carbon emissions, showing 
that industrial agglomeration and optimization can 
effectively alter urban carbon emissions [22].

Moreover, industrial structure optimization helps 
improve resource allocation among the three industrial 
sectors, enhances technological levels, modifies energy 
consumption structures, and consequently reduces 
urban CO2 emissions (Fig. 1). The production processes 
of the secondary industry are highly dependent on fossil 
fuels, making it both energy-intensive and carbon-
intensive. In contrast, the tertiary industry exhibits 
significantly lower energy consumption and carbon 
emission intensity per unit output value compared to 
the secondary industry [23]. Therefore, the transition 
from secondary to tertiary industries in urban areas 
directly leads to improved overall energy efficiency 
and reduced carbon emission intensity. Furthermore, 
industrial upgrading brings technological progress 
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and optimized resource allocation. Different industrial 
structures typically possess varying technological levels 
and innovation capacities, which can comprehensively 
enhance energy efficiency in social production through 
measures such as promoting energy-saving equipment 
and developing clean energy technologies [24]. 
Simultaneously, production factors, including capital 
and labor, shift from traditional high-pollution, high-
energy-consumption sectors to cleaner and more efficient 
modern service industries and high-tech industries, 
achieving optimized resource allocation across society 
[25]. Although the decisive role of industrial structure 
in carbon emissions has become an academic consensus 
[26], current macro-level analyses of industrial structure 
impacts remain disconnected from micro-scale  
NTL-based spatial estimations. While NTL-based 
remote sensing studies pursue spatial precision, they 
overlook industrial structure as a key socioeconomic 
factor. Conversely, macro-level industrial structure 
research fails to provide refined spatial emission 
inventories. This disconnection significantly limits the 
explanatory power and predictive capability of existing 
carbon emission estimation models.

The core objective of this paper is to incorporate 
the industrial structure as a quantitative factor into the 
remote sensing estimation model, thereby constructing a 
new framework for urban carbon emission measurement 
that considers both accuracy and spatial characteristics 
simultaneously. This paper, aiming at the heterogeneity 
of the industrial structure in cities, constructs an ISC 
that integrates multiple dimensions such as output value 
structure, employment ratio, and labor productivity.  
On this basis, ISC is taken as the key explanatory 

variable and integrated together with the NTL data into 
the PSO-SVM model of particle swarm optimization, 
thereby effectively overcoming the limitations of the 
traditional linear model and correcting the homogeneity 
assumption bias caused by relying only on NTL.  
The organizational structure of this article is as follows: 
The first part provides an overview of the current 
research status of carbon emission measurement at 
the urban level; The second part briefly introduces 
the research framework of this paper; The third part 
introduces the data sources and constructs an urban 
carbon emission measurement model integrating NTL 
and ISC; The fourth part is mainly about the results; 
The fifth part and the sixth part are discussion and 
conclusion.

Framework

Based on the perspective of city-scale CE 
measurement, this paper proposes a method predicated 
on ISC and NTL, factoring in city-specific NTL and 
industrial structure level disparities. Initially, we 
construct the city industrial structure evaluation index 
system, employing the Entropy Weight Method (EWM) 
to secure the weight-age of each index, with a weighted 
average yielding the industrial structure level coefficient 
for each city. Subsequently, we use PSO-SVM to 
quantify the nonlinear relationship between city-scale 
CE and NTL, ISC, comparing these outcomes with 
traditional regression methods. Lastly, we quantify the 
contribution rates of the tertiary industry, urbanization, 
and population density to city CEI and CEC (Fig. 2).

Fig. 1. Effect of industrial structure optimization on carbon emission.
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(1) Construct the evaluation index system of the 
city industrial structure. We begin by constructing an 
evaluation index system for city industrial structures, 
selecting six pertinent indices, including the output 
value proportion, the number of employees, and 
labor productivity within both secondary and tertiary 
industries. We employ the EWM to derive the respective 
index weights, enabling us to ascertain a weighted 
average ISC.

(2) City-scale CE measurement method. We propose 
a method to measure city-scale CE. We establish  
a relationship between city NTL, ISC, and city-scale CE 
using both traditional regression models and the PSO-
SVM. The computed results of these two models are 
then compared and analyzed.

(3) Contribution rates of CEI and CEC in cities. 
We evaluate the contribution rates of CEI and CEC in 
various cities. We compile data on the proportion of 
the tertiary industry, urbanization rates, and population 
density across 21 cities. Taking into account the overall 
difference level of impact factors on CEI and CEC, we 
calculate the relative contribution rate of these impact 
factors, and analyze their effect on CEI and CEC across 
different cities.

Materials and Methods

Study Area

This paper focuses on Sichuan Province 
(26°03’~34°19’, 97°21’~108°12), covering a sprawling 
area of 486,000 Km2 and governing 21 prefecture-level 
administrative regions, including 18 prefecture-level 
cities and 3 autonomous prefectures. Fig. 3 illustrates 
the spatial distribution of this region. As a dominant 
economic province in western China, Sichuan boasts 
rich resources and a substantial population. Prior to 

2019, Sichuan underwent a period of rapid economic 
growth, experiencing considerable alterations in the 
three industrial structures. Concurrently, the burgeoning 
level of industrialization caused a rise in the secondary 
industry’s proportion, which consequently led to 
increased emissions of CO2 and other greenhouse gases. 
Given the differences in industrial structure level across 
cities, accurate city-scale carbon emission measurements 
and research on spatial CE characteristics are 
instrumental in aiding government bodies to reasonably 
formulate pertinent emission reduction policies.

The Coefficient of the Industrial Structure Level

According to the industrial indicators of cities in 
2019, the EWM is used to calculate the ISC of 21 cities 
in Sichuan province and quantify the characteristics 
of the industrial structure of cities. The evaluation 
of the characteristics of regional industrial structure 
requires that it can reflect the situation of the city 
industrial structure more comprehensively and reflect 
the characteristics of urban structure as much as 
possible through the evaluation index. Based on the 
above principles, this paper selects three dimensions of 
industrial structure, employment structure, and labor 
productivity (Table 1) to construct the ISC. Among them, 
the output value structure and employment structure can 
well depict the differences in industrial structure among 
cities. The dimension of labor productivity can reflect 
the internal upgrading of the industry and the depth 
of industrial upgrading to make up for the deficiency 
of the evaluation dimension of industrial structure and 
employment structure. Given that both secondary and 
tertiary industries profoundly affect city-scale CE and 
substantially influence the industrial structure level, the 
paper incorporates the output value ratio (output value 
structure), the employment number ratio (employment 
structure), and labor productivity as industrial structure 

Fig. 2. Framework of study.



5Research on the Calculation Method...

Data and Preprocessing

Given the scale of energy data, procuring city-
scale energy consumption data is a challenging task. 
Therefore, we adopted the Open-source Data Inventory 
for Anthropogenic CO2 (ODIAC) spatial data on city-
scale CE furnished by the Institute of Public and 
Environmental Affairs (IPE) [Source: https://db.cger.
nies.go.jp/]. ODIAC offers a global high-resolution grid 
with a spatial resolution of 1 km×1 km. We collected the 
NPP/VIIRS nighttime light data for 12 months in 2019 
and 2020. According to the study area, we cropped the 
nighttime light images of Sichuan province using ArcGIS 
software, resampled them into a  1 km×1 km raster, and 
calculated the annual average values of the nighttime 
light data in 2019 and 2020. Based on the administrative 
divisions of 21 cities (prefectures) in Sichuan province, 
we obtained the annual average values of night lights 
in Sichuan province in 2019 and 2020 by cutting  

evaluation indices [27, 28]. Throughout this paper, all 
of the indicators selected are positive indicators, and no 
positive processing is performed on them.

The EWM [29] is utilized to quantify the Shannon 
entropy of each indicator, which in turn yields a 
comprehensive weight for each indicator. The city ISC is 
obtained by a weighted average of the indicators:

	 1
ISC

n

i i
i

w I
=

=∑
	 (1)

Where, ISC represents the coefficient of the 
industrial structure level of a city. wi represents the 
weight obtained by EWM. Ii represents the i-th index 
value. The details are shown in Table 1.

Fig. 3. Spatial distribution of the study areas and distribution characteristics of CE.

Table 1. Specific description of indicators.

Dimensions Specific indicators Formula Weight

Industrial structure
Proportion of secondary industry GDP , ,/s i Total iGDP GDP 0.14

Proportion of tertiary industry GDP , ,/t i Total iGDP GDP 0.17

Employment 
structure

Proportion of employment in the secondary industry , ,/s i Total iEP EP 0.07

Proportion of employment in the tertiary industry , ,/t i Total iEP EP 0.17

Labor productivity
Labor productivity in the secondary industry , ,/s i s iGDP EP 0.24

Labor productivity in the tertiary industry , ,/t i t iGDP EP 0.21
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and summing. (The night light data used in this paper 
are all annual averages, which can comprehensively 
reflect the situation of night lights in a certain area 
within a year.) The NPP/VIIRS nighttime light data have 
background noise caused by low-radiation detection. 
The DN values of these noise points are negative.  
To ensure the normal progress of subsequent studies, 
in this paper, we replaced the negative DN values with 
0 values. In the NPP/VIIRS nighttime light data, there 
are also extremely bright pixel values caused by the 
instantaneous field of view, and their DN values are 
usually much higher than other DN values. In this paper, 
we take the central point DN value of Chengdu, the most 
economically developed area in Sichuan province, as the 
highest DN value within Sichuan province, and remove 
the pixel points with DN values much greater than this 
value. We carry out operations such as summation and 
research area cropping in the ArcGIS software to obtain 
the CE data of Sichuan province in 2019, and statistically 
analyze the sum of pixel values of each city to obtain 
the CE data of each of the 21 cities. Additionally, data 
on each city’s GDP ratio of the secondary and tertiary 
industry, employment ratio, and labor productivity were 
sourced from the 2019 Sichuan Statistical Yearbook 
[Source: http://tjj.sc.gov.cn/]. NTL data were retrieved 
from NPP/VIIRS images [Source: https://eogdata.mines.
edu/products/vnl/], with the annual average calculated 
from the collected monthly NPP/VIIRS data for 2019. 

Methodology

Linear Regression

Current methodologies for measuring city-scale CE 
largely rely on unitary linear regression models, using 
NTL values and statistical city-scale CE. This method 
assumes that the linear relationship between NTL and 
CE is constant within a specific province [13]. Therefore, 
city-scale CE are calculated by consistent fitting 
coefficient and NTL for cities in provinces [16, 30], 
but this measurement method tends to overestimate or 
underestimate city-scale CE [31]. Previous studies have 
pointed out that the industrial structure of a city may 
have an impact on the regression model [24]. Therefore, 
on the basis of NTL, this paper combined the level of 
city industrial structure to measure city-scale CE. The 
linear regression model for city-scale CE is as follows:

	 	 (2)

Where, CEi represents the computed CE value for 
the i-th city, NTLi and ISCi represent the night light 
value of a city, and the ISC, respectively. α0 represents 
the intercept term, and ε represents the error term.

PSO-SVM

Traditional linear regression models, when compared 
with machine learning methods, encounter difficulties in 

achieving precise CE measurements. Research by Yang 
et al. has demonstrated the effectiveness of machine 
learning in enhancing NTL-based CE measurement 
[32]. Given the Support Vector Machine (SVM) 
model’s proficiency in learning from small samples and 
the Particle Swarm Optimization (PSO) algorithm’s 
superior global optimization capabilities, the PSO-
SVM algorithm is adopted to construct a functional 
mapping relationship between NTL-ISC and city-scale 
CE, facilitating precise measurements of city-scale CE. 
Support Vector Machine (SVM) is a supervised learning 
algorithm based on structural risk minimization 
theory. Its decision boundary is the maximum margin 
hyperplane to solve the learning sample. It can transform 
the problem into a convex quadratic programming 
problem. SVM provides a clearer and more powerful 
way to learn complex nonlinear equations. The specific 
steps are as follows:

	 ( ) ( )f x x bωψ= + 	 (3)

Where ψ(x) represents the mapping function, ω and 
b represent the weights and deviations, respectively. 
The calculation of the SVM model can be derived by 
employing the insensitive loss function ε to solve the 
following convex optimization problems:

	

2 *
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=

  + +    + − ≤ + =
 − − ≤ + =

=

∑




 	 (4)

Where c represents the positive parameter used 
to control the empirical error, ξi and ξi

* represent the 
relaxation variables used to control the training error. xi 
and yi represent input and output variables, respectively. 
N represents the number of samples.

Given the impact of the optimal penalty parameter 
c, kernel function parameter g, and kernel function ∂ 
on regression results, the particle swarm optimization 
algorithm (PSO) [33] was used to optimize SVM. As 
a random search method, PSO can realize individual 
optimization in space. The position and velocity of the 
i-th particle are expressed by Equations (5) and (6), 
respectively.

	
1 1k k k

i i iX X V+ += + 	 (5)

	
1

1 1 2 2( ) ( )k k k k k k
i i i i iV V c r P X c r g Xω+ = + − + − 	(6)

Where, ω, c1 and c2 respectively represent inertia 
weight, acceleration factor 1 and acceleration factor 2. 
r1 and r2 represent random numbers distributed in [0,1].  
k represents the number of current iterations.  
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Vi represents the velocity of the i-th particle. Pi
k is 

the personal optimal position at the k-th update. gk  
represents the global optimal position at the k-th update. 
Detailed optimization steps are shown in Fig. 4.

The specific settings of the corresponding parameters 
of the particle swarm optimization algorithm in this 
paper are as described in Table 2.

Global Moran Index

The spatial autocorrelation analysis method is  
a way to determine whether it has spatial origin. This 
measurement method is determined by measuring 
whether regions in close proximity have similar 
variable values. The Moran index is an important 

statistical tool, mainly used to measure the existence 
of spatial autocorrelation in spatial data, thereby 
revealing the spatial aggregation phenomenon of data. 
If high values cluster together with high values and low 
values cluster together with low values, it is “positive 
spatial autocorrelation”. Conversely, if a high value 
is adjacent to a low value, it is called “negative space 
autocorrelation”. If the high values and low values are 
randomly distributed, there is no spatial autocorrelation. 
The Moran index is divided into the global Moran 
index (IG) and the local Moran index (IL), which are 
respectively used to analyze different spatial correlation 
characteristics.

The global Moran index is used to comprehensively 
analyze the autocorrelation in the overall space, helping 
to identify the spatial effects and trends in the entire 
spatial sequence, and can reveal whether there are 
significant spatial aggregation or dispersion patterns in 
the entire region. Its calculation formula is:

	

1 1

2
1 1 1

( )( )

( )

n n
ij i ji j

n n n
ij ii j i

n w x x x x
I

w x x
= =

= = =

− −
=

−

∑ ∑
∑ ∑ ∑ 	 (7)

In the formula, xi and xj respectively represent the 
carbon emission levels of city (prefecture) i and city 
(prefecture) j. x̅ represents the average carbon emission 
level of all cities (states) in that year. n represents  

Fig. 4. Measurement model of city-scale CE based on PSO-SVM.

Table 2. Particle swarm parameter setting.

Parameters Value

Maximum number of iterations 20

Particle swarm size n 50

Local search ability c1 1.5

Global search ability c2 1.5

The search range of c (0,1500)

The search range of g (0,1500)
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the number of 21 cities (prefectures) in Sichuan 
Province. wij represents the value of the i-th row and j-th 
column in the spatial weight matrix. In this paper, the 
geographical adjacency matrix is adopted as the spatial 
weight matrix. It takes whether two places are adjacent 
as the value criterion. If two provinces are adjacent, then 
wij = 1; otherwise, wij = 0.

Contribution Rates of Factors to CEI and CEC

The computation processes of CEI and CEC are 
shown in Equations (8) and (9):

	 /CEI CE GDP= 	 (8)

	 /CEC CE POP= 	 (9)

The global CEI and CEC in 2019 were approximately 
0.064 t/10,000 yuan and 4.4 t/person, respectively 
[34]. The CEI and CEC of Sichuan Province were  
0.13 t/10,000 yuan and 0.75 t/person, respectively. Past 
research has highlighted the impact of the tertiary 
industry, urbanization, and population density on CEI 
and CEC; comprehensive studies on the degree of these 
three factors’ impact remain scarce. Therefore, this paper 
conducts a quantitative study on the contribution of the 
tertiary industry, urbanization, and population density 
to CEI and CEC. In this regard, Formulas (10) and (11) 
[35] are used to quantify the relative contribution rate of 
a certain factor level to the overall difference between 
CEI and CEC:

	

i i i
cei

i

G CEI GCEIK
G CEI GCEI

−
= ×

−∑ 	 (10)

	

i i i
cec

i

P CEC GCECK
P CEC GCEC

−
= ×

−∑ 	 (11)

Where, Ki
cei represents the CEI difference among 

cities, and Ki
cec represents the CEC difference of cities.  

GCEI and GCEC represent the global CEI and CEC in 
2019, which are 0.064 t/10,000 yuan and 4.4 t/person, 

respectively. iCEI GCEI
CEI GCEI

−
−

 represents the relative value 

of the difference between each city’s CEI and Sichuan 

Province’s CEI. iCEC GCEC
CEC GCEC

−
−

 represents the relative 

value of the difference between each city’s CEC and 

Sichuan Province’s CEC. i

i

G
G∑  and i

i

P
P∑  respectively 

represent the relative horizontal weights of GDP and 
population of the i-th city with respect to the GDP and 
population of Sichuan Province.

Based on the difference coefficient attained through 
Formulas (12) and (13), the contribution rate of each 
factor is presented as follows:

	 1

/
/

i
fi f ceii

cei i
fi f ceii

V M K
C

V M K
=

×
=

×∑ 	 (12)

	 1

/
/

i
fi f ceci

cec i
fi f ceci

V M K
C

V M K
=

×
=

×∑ 	 (13)

Where, Ci
cei and Ci

cec represent the relative 
contribution rate of the f-th factor to the CEI difference 
and CEC difference of the i-th city, respectively. Vfi  
represents the value of the f-th factor of the i-th city; Mf 
represents the overall value of the f-th factor in Sichuan 
Province.

Results

City Industrial Structure Level and Characteristics 
of City-Scale Carbon Emissions

According to the measurement method of ISC (see 
Table 1 for specific rights), the coefficients of industrial 
structure of 21 cities are calculated, as shown in Fig. 5. 
The industrial structure level of Sichuan Province is 
uneven. Chengdu and Panzhihua showcase significantly 
higher ISC coefficients compared to the other cities. 
Only 7 cities, namely Chengdu, Panzhihua, Deyang, 
Leshan, and Ganzi, exceed the overall average of 0.36. 
Additionally, most cities fall within the 0.27 (lower 
quartile) and 0.43 (upper quartile) range, further 
underscoring the marked heterogeneity in Sichuan 
Province’s industrial structure level, with the majority of 
cities’ industrial structures situated at a low to medium 
level.

Fig. 5 indicates Chengdu and Panzhihua have ISC 
values of 0.74 and 0.63, respectively, significantly 
outpacing other cities. Ziyang, on the other hand, 
has the lowest ISC value of 0.20 among the 21 cities. 
Chengdu is the political, economic, and cultural center 
of Sichuan Province. As the fastest developing city in 
western China in recent years, it has a solid foundation 
of scientific research and technological innovation 
resources, and the tertiary industry occupies an 
absolutely dominant position in its industrial structure, 
leading to a significantly higher level of industrial 
structure than other cities. As an industrial city, 
Panzhihua has a relatively complete industrial system 
and is an important export city of mineral resources in 
western China. In recent years, its industrial structure 
has been gradually optimized, and it is transforming 
to the tertiary industry. Ziyang, conversely, despite its 
abundant agricultural resources, lacks economic scale, 
yielding a weaker economic base and correspondingly 
low ISC.

In 2019, CE from fossil energy consumption in 21 
cities of Sichuan Province approximated 0.615 billion 
tons. The spatial distribution pattern of CE displayed  
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a higher concentration in the east compared to the west 
(Fig. 6), indicating significant spatial heterogeneity of 
CE within Sichuan Province.

According to the variance in ISC across the 21 
cities, cities are categorized into three distinct groups: 
Advanced Industrial Structure (Advanced-IS) cities 
(>0.46), Medium Industrial Structure (Medium-IS) cities 
(0.31-0.46), and Low Industrial Structure (Low-IS) cities 
(<0.31). It is evident that both Advanced-IS cities and 
Medium-IS cities primarily cluster in the southern and 
northwestern regions of Sichuan (Fig. 6). The average 
CE of the three cities are 1 million tons, 0.2 million 
tons, and 1.8 million tons, respectively, accounting for 
33.5%, 39.7% and 26.8% of the total CE, respectively 
(Fig. 7). Advanced-IS cities encompass Chengdu and 
Panzhihua, with Chengdu exhibiting the highest CE 
(28.9%) – significantly surpassing that of Panzhihua. 
The majority of cities fall within the Medium-IS and 
Low-IS categories, with a noticeable disparity in CE 
within Medium-IS cities. Mianyang, the second-largest 
economy in Sichuan, contributes 9.3% to the province’s 
CE, a figure higher than that of Ganzi (1.1%) and Aba 
City (1.5%). In contrast, the CE variance within Low-
IS cities is considerably less, with Guangan yielding the 
highest CE (6.0%), and Bazhong the lowest (0.6%).

The Moran’s I index of carbon emissions in Sichuan 
province in 2019 was -0.089. This indicates that the 
spatial distribution of urban carbon emissions has a 
certain negative correlation, that is, there is a tendency 
for carbon emission levels between adjacent cities to 
suppress each other. Spatially, low-carbon emission 
cities tend to be distributed around high-carbon emission 
cities, and vice versa. For instance, Chengdu, as the 

economic center and densely populated area of Sichuan 
province, has relatively high carbon emissions. However, 
in some surrounding cities, such as Ya’an and Meishan, 
due to the industrial structure mainly consisting of 
agriculture and some light industries, carbon emissions 
are relatively low, which reflects the negative correlation 
of carbon emissions between adjacent cities.

From the perspective of the z-score and p-value, the 
z-score is -0.68 and the p-value is 0.49. The Z-score is 
used to measure the significance of a statistic. The larger 
the absolute value, the more significant the result. The P 
value is used to test the null hypothesis, and generally, 
0.05 is taken as the criterion for determining the 
significance level. In this case, the p-value is 0.49, which 
is much greater than 0.05, indicating that we cannot 
reject the null hypothesis. Therefore, from a statistical 
perspective, the spatial autocorrelation of urban carbon 
emissions in Sichuan province in 2019 is not significant 
(see Table 3).

Carbon Emissions Measurement Results of Cities

To authenticate the efficacy of the enhanced carbon 
emission measurement method proposed herein, we 
initially apply the traditional linear regression approach 
to quantify the relationship between city NTL-ISC 
and CE, as well as the relationship between NTL and 
CE. The linear regression results are shown in Table 
4. Both NTL and the industrial structure coefficient 
pass the significance test, yielding an R2 value of 0.89. 
Comparing the results of the unitary linear regression 
model established by NTL and CE (R2  = 0.87), a notable 
improvement in precision is suggested. This verifies the 

Fig. 5. Coefficient of the industrial structure level of cities.
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Fig. 7. CE of three kinds of industrial structure of cities.

Fig. 6. Classification of the industrial structure of cities and carbon emissions distribution.
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proposed coefficient of industrial structure’s feasibility. 
NTL-ISC offers a more comprehensive depiction of city 
attributes, thereby better fitting the city-scale CE.

Building upon the foundations of traditional linear 
regression, this study employs the PSO-SVM model 
to establish the relationship between NTL, NTL-ISC, 
and city-scale CE, respectively. This method allows for 
a comparative analysis of the fitting results achieved 
through traditional linear regression, based on the 
fitting effectiveness of PSO-SVM. The findings indicate 
that the R² values of traditional linear regression and 
PSO-SVM, solely reliant on NTL, are 0.87 and 0.88, 
respectively, which are significantly lower than that 
of NTL-ISC (0.89 and 0.90) (Fig. 8). Meanwhile, the 
Root Mean Square Error (RMSE) values (1.26, 1.24) 
obtained by adding ISC were substantially lower than 
those garnered through using NTL alone (1.58, 1.49) 
(Fig. 8). This demonstrates that by incorporating ISC 
alongside NTL, can further characterize the difference 
of industrial structure between cities and paint a more 
accurate picture of city attributes. Thus, city-scale CE 
can be measured better, and the fitting performance of 
PSO-SVM is better than that of the traditional linear 
regression method.

Considering the variance in carbon emission volumes 
across cities, this research employs a measurement 

Fig. 8. Carbon emissions result assessment.

Table 3. Spatial autocorrelation analysis.

Parameters Value

Moran index -0.089

Z score -0.68

P value 0.49

Table 4. Regression model fitting results.

City-scale CE 
(NTL-ISC)

City-scale CE 
(NTL)

NTL/ 45.09***
(8.85)

50.66***
(12.09)

ISC/105 46.89*
(1.76) /

Constant/105 -17.20*
(-2.02)

-3.72
(-0.95)

R2 0.89 0.87

Adjusted R2 0.88 0.86

F test 0 0

F 82.88 146.08

***p<0.01, **p<0.05, *p<0.1.
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error ratio to evaluate the efficacy of four distinct 
methodologies. Analysis of Fig. 9a) reveals that cities 
with lower carbon emission volumes exhibit a notably 
high error ratio in CE measurements derived from NTL, 
a discrepancy particularly pronounced in cities with  
a Low Industrial Structure (Low-IS) coefficient.

By further comparing the calculation results of 
total CE in Advanced-IS cities, Medium-IS cities, and 
Low-IS cities obtained by the four methods (Fig. 9b)), 
it can be seen that the calculation results of NTL-ISC 
are closer to the real value. NTL tends to underestimate 
the total CE for Advanced-IS cities and overestimates 
it for Medium-IS cities and Low-IS cities. This may 
be caused by defects in the NTL data itself. One of 
the main factors affecting the CE volume of a city 
is the carbon-intensive industries, which are usually 
located in sparsely populated areas, making it difficult 

to effectively estimate NTL [32]. Conversely, NTL-ISC 
can effectively measure CE at both urban and regional 
scales, which further highlights the validity of the NTL-
ISC measurement method proposed in this paper.

Analysis of Carbon Emissions Intensity 
and Carbon Emissions Per Capita

Distribution of City-Scale CEC and CEI

In 2019, the average CEI and CEC in Sichuan 
Province were 0.13 t/1000 yuan and 0.75 t/person, 
respectively. Based on each city’s CEI and CEC, 
the classification results obtained using the natural 
breakpoint method are presented in Fig. 10. CEI and 
CEC were predominantly higher in western regions and 
lower in eastern ones. Ganzi, Aba, and Panzhihua had 

Fig. 9. City-scale and regional-scale CE measurement results.

Fig. 10. Distribution characteristics of CEI and CEC of cities.
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CEI values exceeding 0.13 t/10,000 yuan, with Ganzi 
displaying the most significant value at 0.40 t/10,000 
yuan. Eastern cities, including Meishan, Deyang, and 
Ziyang, displayed relatively high CEI, with Ziyang 
presenting the highest CEI at 0.26 t/10,000 yuan. CEC in 
the Chengdu Plain Economic Zone and western regions 
was relatively high, with Panzhihua demonstrating the 
peak value of 2.19 t/person.

According to the ISC of cities calculated in City 
Industrial Structure Level and Characteristics of City-
Scale Carbon Emissions, Chengdu and Panzhihua have 
a higher level of industrial structure. Nevertheless, the 
CEI of these two cities displayed contrary outcomes, 
a pattern also mirrored in their CEC. It is proven that 
there is no simple correlation between city CEI and CEC 
and the level of industrial structure.

Contribution Rate of Factors to CEI and CEC

The contribution rates of the tertiary industry, 
urbanization, and population density to CEI and CEC of 
21 cities in Sichuan Province are shown in Fig. 11 and 
Fig. 12. The variance in CEI among Medium-IS cities 
was more prominent than that among Advanced-IS and 
Low-IS cities. Advanced-IS cities included Chengdu 

and Panzhihua, where the contribution rates of the 
tertiary industry, population density, and urbanization to 
Chengdu’s CEI were 27%, 44%, and 28%, respectively, 
and for Panzhihua, they were 33%, 54%, and 14%.  
In Medium-IS cities, the contribution rate of population 
density varied considerably (0.8%-40%). It is notable 
that the contribution rate of population density in low-
CEI cities was relatively high, that of the tertiary 
industry in high-CEI cities was substantial, and the 
contribution rate of urbanization remained relatively 
consistent, devoid of a discernible trend. For instance, 
in high-CEI cities: Ganzi (66%, 0.8%, 33%), low-
CEI cities: Neijiang (31%, 40%, 29%). Compared 
with the other two types of cities, Low-IS cities have 
relatively concentrated contribution rates, with the 
tertiary industry taking up 35%-50%, urbanization 
and population density gathering in 35%-40% 
and 10%-35%, respectively. Low-CEI cities have  
a higher contribution rate of the tertiary industry, whereas  
high-CEI cities have a higher contribution rate of 
population density. For example: high-CEI city: 
Guangan (36%, 29%, 35%), low-CEI city: Liangshan 
(52%, 9%, 39%).

The contribution rate of tertiary industry, population 
density, and urbanization to CEC exhibited a pattern 

Fig. 11. Contribution rate of factors to CEI.
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Fig. 12. Contribution rate of factors to CEC.

Fig. 13. Comparison of industrial structure coefficients in 2019 and 2020.
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similar to that noted for CEI (Fig. 12). Specifically, the 
contribution ratio of tertiary industry to high-CEC cities 
in Medium-IS cities is higher; on the contrary, for Low-
IS cities, low-CEC cities are higher. The contribution 
pattern of population density is inverse, meaning the 
contribution rate of high-CEC cities in Medium-IS cities 
is lower, while for high-CEC cities in Low-IS cities, it 
is higher.

Discussion

Verification of Measurement Method

Based on the collected 2020 industrial structure 
data for Sichuan Province, the ISC for its 21 cities 
(prefectures) was calculated using the methodology 
outlined in Materials and Methods (see Fig. 13).  

Fig. 14. Comparison between the estimated value and the true value in 2020.
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carbon” goals aimed at fostering a green and low-
carbon industrial transformation. To mitigate potential 
biases from national policy influences on the assessment 
coefficient weights of urban industrial structures, this 
analysis maintains the 2019 weights for evaluating urban 
industrial structures (Table 1). We calculated the CE for 
21 cities and prefectures in Sichuan Province for 2020 
using the annual average NTL and ISC values for 2020, 
as shown in Fig. 13.

The results of calculating city-scale CE using both 
the NTL and the NTL-ISC methods align closely with 
the actual trends. Furthermore, the estimated values 
demonstrate a strong correlation with the actual values, 
with R2 values exceeding 0.85. The NTL-ISC method 
introduced in this study significantly enhances outcomes 
compared to those derived from NTL data alone, 
highlighting the effectiveness of incorporating urban 
industrial structure characteristics for a more accurate 
assessment of city-scale CE (Fig. 14). 

Changes of Urban NTL under  
the Influence of COVID-19

As indicated in Verification of Measurement Method, 
the precision of both NTL and NTL-ISC measurements 
for 2020 has somewhat diminished, diverging from 
the actual city-scale CE values. A comparison of NTL 
data from 2019 to 2020 (Fig. 15) reveals a general 
decline in nighttime light intensity across most cities 
in Sichuan Province in 2020. This decrease aligns with 
findings from several studies linking a drop in urban 

A comparison of the ISC values between 2019 and  
2020 reveals declines in cities including Chengdu, 
Panzhihua, Deyang, and Suining. This reduction can 
be primarily attributed to the advancement of the dual 
carbon goals policy post-2020, prompting greater 
emphasis on green and low-carbon development 
across regions, leading to restrictions and upgrades 
for energy-intensive and high-emission industries. 
Cities like Chengdu and Panzhihua accelerated their 
green industrial transitions, imposing constraints on 
high-energy-consumption and high-pollution sectors. 
However, the cultivation and growth of green emerging 
industries requires time, contributing to the observed 
decrease in their ISC in 2020. Furthermore, the outbreak 
of the COVID-19 pandemic in early 2020 resulted in 
strict containment measures. The postponement of 
business reopenings significantly disrupted production 
activities. In industrial cities like Deyang, the operating 
revenue of industrial enterprises above a designated 
size decreased, and the growth rate of industrial value-
added slowed, adversely impacting secondary industry 
development and consequently reducing the ISC. In 
contrast, some cities experienced an increase in their 
ISC. This may be linked to labor force redistribution 
under the pandemic conditions.

This study extends its analysis by incorporating data 
from 2020 to further validate the proposed model, with 
findings detailed in the discussion section.

To verify the model’s accuracy, data from 2020 was 
utilized, a year marked by China’s announcement at 
the 75th United Nations General Assembly of its “dual 

Fig 15. Comparison of NTL in 2019 and 2020 in Sichuan Province.
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nighttime brightness to the COVID-19 outbreak [36-38]. 
Consequently, this paper delves into the specific impacts 
of COVID-19 on nighttime light data intensity across 
different economic regions of Sichuan Province.

The Chengdu Plain Economic Zone, including eight 
cities, has experienced a notable reduction in nighttime 
light intensity, averaging a 14.8% decline. Adjacent 
cities rely on this zone, centered around Chengdu City, 
as a pivotal hub for economic propulsion, making it the 
most dynamic region for economic activities within 
the province. The observed significant decrease in 
nighttime light intensity aligns with the hypothesis 
that large cities and their satellite towns tend to exhibit 
a marked reduction in nighttime brightness [39]. 
Conversely, the northeastern and southern economic 
zones of Sichuan experienced more modest declines in 
night light intensity, recording drops of 5.3% and 5.4%, 
respectively. These areas, primarily driven by secondary 
industries, exhibit less nighttime lighting due to the fact 
that night light intensity in industrial areas is relatively 
unaffected [39]. In an interesting shift, the COVID-19 
pandemic has catalyzed population movements from 
major urban centers to rural, suburban, and smaller 
urban areas, leading to a pronounced increase in 
nighttime light intensity in the western regions of 
Sichuan, specifically the Northwest Sichuan Ecological 
Economic Zone and the Panxi Economic Zone, which 
saw increases of 45.5% and 13.8%, respectively.

This phenomenon suggests that the COVID-19 
impact has, to some extent, affected the nighttime light 
intensity across various cities (Fig. 15), highlighting the 
susceptibility of NTL data to abrupt changes caused by 
emergencies or shifts in national policy. The COVID-19 
impact significantly compromises the reliability of 
city-scale CE estimates based solely on NTL data, 
underscoring the efficacy of the NTL-ISC method 
introduced in this study.

There are still certain limitations in the research 
process. This paper takes Sichuan Province as the 
research area, and the number of urban samples is 
limited. In order to provide more appropriate carbon 
emission reduction suggestions for more cities with 
different industrial structure levels and prove the 
universality of the improvement methods proposed in 
this paper, it is necessary to collect more urban samples. 
Subsequently, we plan to improve future research in 
multiple aspects: Firstly, based on standards such as 
city size and industrial structure, collect more sample 
data of cities through statistical yearbooks, cooperative 
sharing and survey interviews; Secondly, optimize the 
measurement methods, combine life cycle assessment 
and input-output analysis, integrate multi-source data 
such as remote sensing and meteorology, and improve 
the model accuracy; Finally, based on this, suggestions 
are provided for cities with different levels of industrial 
structure, providing a scientific basis for policymakers 
and promoting cities to achieve carbon reduction and 
sustainable economic development.

Conclusions

Under the dual carbon goals, investigating urban-
level carbon emission estimation methods is crucial 
for formulating effective carbon reduction policies. 
This study proposes an improved approach for directly 
utilizing NTL data to estimate urban carbon emissions. 
Considering the influence of industrial structure on 
urban energy consumption patterns, which may affect 
the representation capability of NTL for urban carbon 
emissions, this research employs NTL and ISC as 
independent variables. The PSO-SVM method is used 
to quantify the relationship between these variables and 
carbon emissions. The main conclusions are as follows:

(1) An industrial structure evaluation index system 
was established, incorporating the output value share, 
employment share, and labor productivity of both the 
secondary and tertiary industries. The entropy weight 
method was applied to determine indicator weights, and 
a weighted average yielded the urban ISC. Chengdu and 
Panzhihua exhibited the highest ISC values in Sichuan 
Province at 0.74 and 0.63, respectively, significantly 
exceeding those of other cities. Most cities fell within 
the medium-to-low range, indicating pronounced 
heterogeneity in industrial structure levels across 
Sichuan Province.

(2) The non-linear correlation between urban 
NTL, ISC, and statistical carbon emission data 
was modeled using PSO-SVM and compared with 
traditional regression methods. Results demonstrate that 
incorporating ISC significantly enhances the goodness-
of-fit for both traditional regression models and PSO-
SVM, while simultaneously reducing the error between 
actual and estimated carbon emission values. The 
integrated model combining NTL and urban industrial 
structure effectively mitigates the overestimation and 
underestimation issues observed in both the NTL-
based LR model and the NTL-based PSO-SVM model, 
regardless of the underlying industrial structure level.

(3) Analysis of the contribution rates of tertiary 
industry share, urbanization rate, and population 
density to CEI and CEC reveals similar patterns for 
both CEI and CEC. Population density exhibits a higher 
contribution rate in Medium-IS cities characterized by 
low-to-medium CEI or low CEC, while its contribution 
is higher for cities with high CEI or high CEC within 
the Low-IS category. Conversely, the contribution 
pattern of the tertiary industry share is inverse to that 
of population density. The urbanization rate shows a 
relatively high contribution (54%) in Panzhihua; its 
contribution in other cities is relatively concentrated 
with minimal variation.
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