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Abstract: As the world’s second-largest economy, China has undergone rapid industrialization and 
urbanization, leading to high energy consumption and significant carbon emissions. This 
development has exacerbated conflicts between human-land relations and environmental 
conservation, contributing to global warming and urban air pollution, both of which pose serious 
health risks. This study utilizes nighttime light (NTL) data from 2005 to 2019, combined with scaling 
techniques and statistical analysis, to estimate city-scale energy carbon emissions over a 15-year 
period. Our focus is on Northeast China, a traditional industrial region comprising 36 cities across 
three provinces, rich in natural resources but now facing severe aging challenges. We analyzed the 
spatial patterns of energy carbon emissions, while spatiotemporal evolution was assessed through 
spatial autocorrelation and dynamic changes. These dynamic changes were further evaluated using 
standard deviation ellipse (SDE) parameters and SLOPE values. Additionally, we examined the 
conflict between city-scale emissions and economic growth using the Tapio decoupling index. Our 
findings for the 36 cities over the 15-year period include: (1) Heilongjiang shows low emissions with 
a downward trend; Jilin shows overall improvement; Liaoning has high and steadily increasing 
emissions. (2) The global spatial autocorrelation of energy carbon emissions is significant, with a 
positive Moran’s I, while significant local Moran’s I clusters are concentrated in Heilongjiang and 
Liaoning. (3) The SDE shows the greatest changes in city-scale emissions occurred in 2015, followed 
by 2019, 2005, and 2010. (4) Emission growth across the 36 cities is fastest in Heilongjiang, followed 
by Liaoning and Jilin. (5) Tapio decoupling analysis shows overall positive decoupling in 
Heilongjiang, a decline in decoupling quality in Jilin, and no significant change in Liaoning. Finally, 
we recommend strategies to reduce emissions from the perspectives of government, industry, and 
residents. This research offers a quantitative foundation for achieving dual carbon goals and 
supports the implementation of policies focused on energy transition and sustainable urban 
planning. 

Keywords: energy carbon emissions; nighttime light (NTL) data; spatiotemporal evolution; Tapio 
decoupling analysis; Northeast China 

 

1. Introduction 

Since China’s reform and opening-up in 1978, the country has undergone rapid industrialization 
and urbanization, leading to significant rural-to-urban migration. This shift reflects evolving human-
land relationships and changing economic development patterns [1–3]. Government policies in the 
late 1990s and early 2000s fueled rapid industrial growth, driving population mobility and urban 
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concentration, which resulted in notable economic achievements, particularly in trade and industry. 
However, this development also intensified resource consumption, exacerbating issues such as 
increased energy use, air pollution (mainly PM2.5-induced haze) [3,5,6], urban heat islands [7], and 
global warming [5,8]. These problems stem from the rapid rise in carbon emissions due to energy 
consumption, with China’s emissions continuously increasing since 1970 and accounting for 31% of 
global emissions by 2020 [9]. 

Energy and resource consumption have been key characteristics of China’s urbanization and 
industrialization, with relatively steady growth observed between 1978 and 2000. However, in recent 
years, the rate of consumption has accelerated significantly [1,10]. Between 2019 and 2022, China’s 
energy consumption steadily increased, reaching approximately 470 million tons of standard coal 
equivalent in 2022, marking a 2.5% year-on-year growth. Despite this increase, economic growth has 
outpaced energy consumption, leading to declining energy efficiency and intensifying the conflict 
between emissions and economic development. For instance, as the population and economy grow, 
pollution from private vehicle emissions is likely to increase [10]. Additionally, differences in city 
structures and scales significantly influence energy consumption [9], resulting in various conflicts 
with economic growth. 

One of the key objectives of this research is to quantify the conflicts between energy consumption 
and economic growth. Previous studies have employed methods such as the Tapio decoupling index 
[11–14], coupling coordination [15], the STIRPAT model [16,17], and the Environmental Kuznets 
Curve (EKC) [6]. Among these, the Tapio decoupling index is particularly effective for evaluating the 
relationship between economic growth and emissions pressure [18], and we have chosen it for further 
application in this study. 

In response to the global climate change challenge, international agreements such as the Paris 
Agreement were established in 2015 to unite developed and developing countries in a joint effort. 
The Paris Agreement emphasizes Nationally Determined Contributions (NDCs) and sets long-term 
greenhouse gas (GHG) reduction targets for the period beyond 2020 [19], aiming to limit global 
temperature rise to well below 2°C, with efforts to keep it within 1.5°C [20,21]. A key focus of the 
agreement is the transition to cleaner energy sources. As the world’s second-largest economy [22], 
China has pursued emission reduction targets through initiatives such as the “dual carbon goals” 
announced in 2020, the “pollution and carbon reduction” initiative launched in 2021, and the 
emphasis on “green economic transformation” in the 14th Five-Year Plan. These efforts aim to 
promote sustainable development, mitigate human-land conflicts, and improve living standards. 
Therefore, accurate statistical calculations, spatial analyses of energy carbon emissions, and the 
quantification of conflicts in urban areas are essential for policymakers. 

However, how can we conduct such analyses accurately at a finer scale? This is another key 
objective of our research. Traditional methods have relied on statistical data, such as panel data [23–
25], for straightforward calculations of energy carbon emissions. However, these methods are limited 
by errors caused by time intervals and the lack of finer-scale data in earlier years, which hinder deeper 
exploration, particularly in the context of global warming [26]. To address these challenges, 
combining remote sensing with socio-economic data has proven more effective for estimating carbon 
emissions across multiple scales over extended periods [27–29], enhancing spatial multi-analysis 
capabilities [30]. 

Among these methods, nighttime light (NTL) data from DMSP-OLS [31–33] and NPP-VIIRS [34–
36] have gained prominence. Previous studies have successfully used DMSP-OLS data to quantify 
energy carbon emissions at the city scale in China [32,37], while others have simulated emissions at 
the provincial scale [38]. Zhao et al. [34] employed both types of data for county-level studies, while 
Shi et al. [29] estimated carbon emissions at the regional and urban agglomeration levels. These 
studies have demonstrated the high accuracy of NTL data, reinforcing its applicability. Most 
estimations have utilized NTL data combined with statistical data available at the macro scale. Once 
a fitting relationship is established, applying finer-scale NTL data within this framework yields 
emission estimates at the corresponding scale [39,40]. This methodology, known as “scaling”, is 
commonly used in spatial analysis and modeling to apply data or models from larger scales to smaller 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 August 2024                   doi:10.20944/preprints202408.1567.v1

https://doi.org/10.20944/preprints202408.1567.v1


 3 

 

scales, having originally emerged in landscape ecology. It will be systematically employed in later 
sections of our research as a key approach for conducting accurate analyses of estimating emissions 
at finer scales. 

Northeast China, comprising the provinces of Heilongjiang, Jilin, and Liaoning, is rich in natural 
resources, particularly in forestry and agriculture. During the 1950s and 1960s, it was China’s leading 
industrial region [41,42]. However, policy shifts and the economic focus moving southward have led 
to labor migration. Today, the region faces significant challenges, including severe aging, labor 
shortages, and serious air pollution. The high latitude and cold climate further exacerbate energy 
consumption and emissions, particularly due to heating demands and the burning of agricultural 
fertilizers. Given these challenges and the complex human-land relationship, it is crucial to quantify 
energy-related carbon emissions and their conflict with economic development at finer scales and 
with greater accuracy [43–45]. Therefore, we have selected this region as the focus of our study. 

In this research, we utilize NTL data from 2005 to 2019 and apply scaling techniques to estimate 
energy-related carbon emissions across 36 cities in Northeast China. Our analysis involves three key 
spatial components: (1) analyzing the spatial patterns of energy carbon emissions over the research 
period; (2) examining the spatiotemporal evolution of energy carbon emissions, including 
calculations of spatial autocorrelation and dynamic changes using SDE parameters [46,47] and 
SLOPE values [35]; and (3) quantifying the conflicts between energy emissions and economic growth 
using the Tapio decoupling index. Based on these quantifications, we discuss recommendations for 
emission reductions through policy and behavioral changes, targeting governments, industries, and 
residents. 

Our study emphasizes the potential of remote sensing in addressing energy crises and human-
land conflicts at the city scale. This research not only supports China’s dual carbon goals, sustainable 
human-land relationships, and urban planning, but also demonstrates the applicability of remote 
sensing in fine-scale socio-economic research. By systematically employing scaling techniques rather 
than traditional fitting relationships, we improve the accuracy and conciseness of our estimates. 
Additionally, our spatial analyses provide valuable insights into the conflicts between carbon 
emissions and economic growth, offering guidance for green urban planning and sustainable 
development in Northeast China. 

2. Materials and Methods 

2.1. Study Area 

Northeast China, covering an area of 787,300 square kilometers, consists of three provinces: 
Heilongjiang, Jilin, and Liaoning. This region encompasses 36 cities and shares borders with the 
Democratic People’s Republic of Korea, Russia, and Mongolia. It is a crucial region for Chinese 
exports, industry, agriculture, forestry, and ecological resource protection. According to data from 
the National Bureau of Statistics of China, the GDP of the three provinces in 2023 was 2.92 trillion 
RMB for Liaoning, 1.33 trillion RMB for Jilin, and 1.36 trillion RMB for Heilongjiang, with a focus on 
foreign trade, agriculture, and heavy industry. Northeast China has a long history as a heavy 
industrial base, particularly in automobile and steel manufacturing, as well as military enterprises. 
This early industrial foundation, combined with the rapid urbanization currently occurring in China, 
has led to significant issues with high carbon emissions due to high energy consumption. As a result, 
Northeast China has become a key area for research on carbon emissions[41,45]. 

The region primarily experiences a temperate monsoon climate. Due to its high latitude, 
Northeast China has distinct seasons, with long and cold winters in some areas. Geographically, it is 
characterized by plains and mountains rich in natural resources. Significant ecological barriers, such 
as the Greater and Lesser Khingan Mountains and Changbai Mountain, are located here, along with 
numerous wetlands and forest reserves like the Zhalong Nature Reserve, Mao’er Mountain National 
Experimental Forest Farm, and Liangshui National Nature Reserve. This exceptional natural ecology 
provides a habitat for many wildlife species, including the Siberian tiger. Moreover, the fertile “black 
soil” in Northeast China makes it a leading region for producing crops like corn and soybeans. The 
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unique climate and natural resources of Northeast China significantly influence its population 
distribution, economy, and industrial development. Many of China’s military and automobile 
manufacturing enterprises are concentrated in this region, earning it the title of the “industrial cradle” 
of early China. During the 1950s and 1960s, it was China’s leading industrial area, with high levels of 
industrialization[42]. However, since the late 1970s to early 1980s, challenges such as resource 
depletion, the decline of traditional heavy industries, insufficient urban development momentum, 
and harsh climatic conditions have led to a sustained decline in Northeast China. These issues have 
also caused significant population loss and severe aging problems, particularly during the economic 
transition period, when many young workers migrated elsewhere, exacerbating the demographic 
imbalance. The recent census revealed that the aging population in Northeast China is among the 
highest in the country, reflecting the region’s long-standing socioeconomic challenges. 

 
Figure 1. study area of northeast China. Note: Part (a) shows the map of China. Part (b) displays the 
location and boundary of Northeast China with 90m DEM data. Parts (c), (d), and (e) represent the 
administrative boundary at city scale of Heilongjiang, Jilin and Liaoning Province, respectively. All 
geographic data were collected from the Geospatial Data Cloud: http://www.gscloud.cn. 

2.2. Study Data 

In this paper, we employed three types of datasets to quantitative the estimation at city scale, 
spatiotemporal evolution and economic Tapio decoupling analysis of energy carbon emissions in 
northeast China. 

2.2.1. Remote Sensing Data 

Nighttime Light Data (NTL Data): In this study, we utilized two types of nighttime light data 
from different satellites: DMSP-OLS data and NPP-VIIRS data[48,49]. The DMSP-OLS data covers 
the period from 1992 to 2013, while the NPP-VIIRS data spans from 2012 to the present, monitored 
by the VIIRS instrument on the Suomi NPP satellite[26,50,51]. We selected DMSP-OLS data from 2005 
to 2013 and NPP-VIIRS data from 2012 to 2019 for Northeast China at both provincial and city scales 
to estimate energy carbon emissions during the period from 2005 to 2019. The DN value (Digital 
Number) in DMSP-OLS data typically ranges from 0 to 63[38], while in NPP-VIIRS data it does not 
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have a fixed upper limit. It represents the light intensity of each pixel and is used to reflect 
urbanization levels and economic activity density. By analyzing changes in DN values, researchers 
can monitor urban expansion and energy consumption trends.  

2.2.2. Statistical Data 

Energy Consumption Data: The energy consumption data is sourced from the China Energy 
Statistical Yearbook (2006-2020). We have selected eight major types of energy: raw coal, coke, crude 
oil, gasoline, kerosene, diesel, fuel oil, and natural gas. Specifically, we use terminal energy 
consumption data from 2005 to 2019. Natural gas is measured in 100 million cubic meters, while the 
other energy types are measured in 10,000 tons. 

Economic Data: We have selected Gross Domestic Product (GDP) data from 2005 to 2019 for 36 
cities in northeastern China. This data is obtained from several sources, including the Heilongjiang 
Statistical Yearbook (2006-2020), the Jilin Statistical Yearbook (2006-2020), the Liaoning Statistical Yearbook 
(2006-2020), the China City Statistical Yearbook (2006-2020), the Yanbian Korean Autonomous Prefecture 
Statistical Yearbook, and statistical bulletins from various prefectures and cities. 

2.2.3. Emission Conversion Factors Data 

The emission conversion factors mainly refer to the standard coal conversion factor and the 
carbon emission factor (Table 1). These data are sourced from the Intergovernmental Panel on 
Climate Change (IPCC)[43]. For natural gas, the standard coal conversion factor is 1.33 kg of standard 
coal per cubic meter (kg standard coal/m³). 

Table 1. Emission Factors and Conversion Data. 

 
Energy Type 

Row coal Coke Crude Oil Gasoline Kerosene Diesel Fuel Oil Natural Gas 

Standard Coal 

Conversion Factor 
0.7143 0.9714 1.4286 1.4714 1.4714 1.4571 1.4286 1.1~1.33 

Carbon Emission 

Factor 
0.7559 0.855 0.5857 0.5538 0.5714 0.5912 0.6185 0.4483 

Note: (IPCC: https://www.ipcc.ch/) the units of the Standard Coal Conversion Factor and Carbon Emission 
Factor are “ton standard coal/ton” and “10,000 tons 2CO of emissions/10,000 tons of standard coal”, respectively. 

2.3. Methods 

This section details the methods we employed, including statistical energy consumption at 
provincial scale, the estimation of energy carbon emissions using NTL data with the application of 
scaling, spatial autocorrelations, the calculation of standard deviation ellipse (SDE) parameters and 
SLOPE values, and Tapio decoupling analysis. The research flow chart for our study is presented in 
Figure 2. 
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Figure 2. Research Flow Chart. 

2.3.1. Energy Carbon Emissions at the Provincial Scale  

For the calculation of energy carbon emissions at provincial scale, we follow the IPCC inventory 
method[32,52]. The statistical accounting of energy carbon emissions is based on energy consumption 
and carbon emission factors from the IPCC (Table 1), as shown in formula (1). Those calculations will 
be utilized in estimating energy carbon emissions at city scale with scaling and NTL data. Throughout 
the entire analysis, the emissions were standardized by converting them to CO2 equivalents, 
represented as “CO2e”. Subsequent city-scale simulations were conducted using these standardized 
results. 

8

1

44=
12j i i

i
C K E

=

×  (1)

In formula (1), jC represents the energy carbon emissions(converted to 2CO equivalent) in year
j , iK represents the carbon emission factor for each energy type i as provided by the IPCC, and iE

represents the consumption of energy consumption type i (converted to standard coal (ten thousand 

tons)). 44 and 12 represents the molecular weights of carbon and oxygen in 2CO , respectively.  

2.3.2. Estimation of Energy Carbon Emissions at the City Scale: Scaling and NTL Data 

NTL data, characterized by its high resolution and close correlation with urban development 
levels, population, and economy, is widely used in multi-scale simulations in areas such as ecology, 
urban activity, economy, population and carbon emissions studies, promoting research on urban 
human-land relationships[7–10]. Traditional statistical accounting methods often suffer from 
limitations in manpower, resources, and data granularity, leading to data lack at smaller scales. To 
address this issue, we introduce the concept of scaling, which involves building relationships at a 
larger scale and then scaling these relationships to address smaller-scale issues within the same 
region. Specifically, the advantages of using NTL data in scaling include: (1) High spatial resolution: 
Ensures that data’s spatial details and features change minimally when scaling from provincial to 
city scale. (2) Data stability: Its spatial distribution is consistent across scales, making provincial-scale 
equations applicable at the city scale.  

Based on these principles, we combine NTL data with the results of energy carbon emissions 
from the three northeastern provinces using the method proposed in section 2.3.1 to estimate the 
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energy carbon emissions from 2005 to 2019 at the city scale for 36 cities in northeast China. The steps 
are as follows: firstly, conversion and organization of two types of NTL data. Secondly, establishing 
the relationship between provincial scale energy carbon emissions and NTL data. Finally, scaling this 
relationship to estimate energy carbon emissions at the city scale.  

(1) Conversion and organization of two types of NTL data 
Since the entire study period comprises two types of NTL data, i.e., DMSP-OLS (2005-2013) and 

NPP-VIIRS (2012-2019), it is necessary to convert and organize these datasets. Specifically, the NPP-
VIIRS data from 2012 and 2013 (independent variable X) are used to establish a relationship with the 
DMSP-OLS data from the same years (dependent variable Y), since these years contain overlapping 
data for both datasets. Using this established relationship, all NPP-VIIRS data are converted to 
DMSP-OLS data[46], resulting in a complete DMSP-OLS dataset from 2005 to 2019, which is then 
used in subsequent steps[43].  

In our study, we use linear, quadratic, and exponential functions to fit the relationship between 
the NPP-VIIRS data (independent variable) and the DMSP-OLS data (dependent variable) for 2012 
and 2013[35,43,46]. To improve the accuracy of the whole process, this step is conducted separately 
for provincial and city scale NTL data. The best results among those three kinds of fitting ways at 
provincial and city scale are shown on formula (2) and (3), respectively. 

10.52461 1.4637i iDMSP NPP= +  (2)

8.802962 2.286926ii iiDMSP NPP= +  (3)

Both formula (2) and (3) had all parameters pass the t-test, showing excellent fit with
2R values 

of 0.9838 and 0.9090 respectively, and adjusted
2R values of 0.9798 and 0.9077 respectively. 

Specifically, iNPP represents the NPP-VIIRS data at the provincial scale from 2012 to 2013, while 

iDMSP represents the DMSP-OLS data at the provincial scale from 2012 to 2013. iiNPP and iiDMSP
represent the data at the city scale. 

Additionally, it is necessary to measure the correlation between the NPP-VIIRS data from 2012 
and 2013 and the NPP-VIIRS data from other years to assess the representativeness of the 2012 and 
2013 NPP-VIIRS data for the entire NPP-VIIRS dataset. The results of this correlation assessment 
show a high degree of representativeness (Table 2). 

Table 2. Representativeness Measurement Results of NPP-VIIRS Data. 

Year Fitting function 
Provincial scale City scale 
a  2R  a  2R  

2012 ( )f x ax=  1.027993 0.9998 1.032559 0.9937 
2014 ( )f x ax=  0.774832 0.9989 0.802069 0.9823 
2015 ( )f x ax=  0.759962 0.9996 0.784954 0.9721 
2016 ( )f x ax=  0.768292 0.9994 0.791088 0.9670 
2017 ( )f x ax=  0.675622 0.9914 0.698667 0.9588 
2018 ( )f x ax=  0.664843 0.9974 0.672048 0.9634 
2019 ( )f x ax=  0.614259 0.9890 0.631141 0.9670 

(2) Establishing the fitting relationship between provincial-scale emissions and NTL data. 

In this step, we use the DMSP-OLS data from 2005 to 2019, which has been converted and 
organized, along with the provincial-scale energy carbon emissions calculated in section 2.3.1, to 
establish the fitting relationship between provincial-scale emissions and NTL data. Specifically, we 
selected cubic functions with intercepts for this relationship (formula (4)). 
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3 2
i i i iC aTDN bTDN cTDN d= + + +  (4)

Where iTDN represents the total DN values of NTL data[35]at the provincial scale, and iC
represents the energy carbon emissions data at the provincial scale. Based on Formula (4), the results 
are shown in Table 3. With P-value thresholds set at 0.1 and 0.05, all parameters performed well in 

both t-tests and F-tests. Additionally, the models showed excellent
2R values: specifically, 

Heilongjiang province: 0.8135, Jilin province: 0.7067, and Liaoning province: 0.7653. 

Table 3. Fitting Relationship Between Provincial-Scale Energy Carbon Emissions and NTL Data. 

Province Results of relationship 

Heilongjiang 

province 

13 3 7 21.01 10 3.38 10 0.355821 126455i i i iC TDN TDN TDN− −= − × + × − +  

Jilin  

province 

13 3 7 21.22 10 2.99 10 0.227314 43296.68i i i iC TDN TDN TDN− −= × − × + −  

Liaoning 

province 

13 3 7 21.22 10 4.68 10 0.589041 218435.7i i i iC TDN TDN TDN− −= × − × + −  

(3) Estimating energy carbon emissions at the city-scale based on scaling 
In this step, our goal is to estimate city-scale energy carbon emissions using the processed city-

scale nighttime light (NTL) data along with the concept of scaling. Based on the results from Table 3, 
we directly use the city-scale NTL data to estimate the energy carbon emissions at the city scale. 
However, the directly estimated results were includes the influence of nighttime lights, not the true 
estimation. To address this, we refer to the studies by Wu N et al. (2019) and GUAN Wei et al. (2022), 
using a grid correction factor. This correction factor helps make the energy carbon emissions for each 
grid more accurate in representing the true city-scale energy carbon emissions[35,43]. The whole 
process is represented in formulas (5) and (6). 

( ) ( )/n r n s nm C C=  (5)

( ) ( )r n k s n k nC C m= ×  (6)

In formulas (5) and (6), nm represents the grid correction factor. ( )r nC
represents the true city-

scale energy carbon emissions after correction in year n. ( )s nC
represents the estimations of the energy 

carbon emissions, which include the influence of nighttime lights, obtained by applying the 

relationship in Table 3 for year n. ( )r n kC
and ( )s n kC

represent parameters from the grid perspective, 
i.e., the values in gridK .  

2.3.3. Spatiotemporal Evolution of Energy Carbon Emissions 

We analyze the spatiotemporal evolution of energy carbon emissions by combining spatial 
statistics with geographic information systems, focusing on both spatial autocorrelation and spatial 
dynamic changes.  

(1) From the perspective of spatial autocorrelation: Moran’s I and Local Moran’s I 
Spatial autocorrelation is a key concept in the first law of geography and is widely applied in 

both global and local spatial analysis. Global spatial autocorrelation is described by calculating 
Moran’s I (formula (7)), which characterizes the overall spatial association of a variable across 
different spatial locations[6,9,46]. In contrast, local spatial autocorrelation is revealed by calculating 
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Local Moran’s I (formula (8))[31,43,46], which identifies the spatial association and clustering 
characteristics of carbon emissions between local units and their neighboring units[47,53].  

The global Moran’s I value ranges from -1 to 1. A positive value (0 to 1) indicates positive spatial 
autocorrelation, where similar attribute values are clustered together. Conversely, a negative value 
(-1 to 0) indicates negative spatial autocorrelation, where dissimilar attribute values are clustered 
together. Values closer to -1 or 1 signify stronger global spatial autocorrelation, while values near 0 
indicate a random distribution with no spatial autocorrelation. 

Local spatial autocorrelation is measured by Local Indicators of Spatial Association (LISA). 
When the Local Moran’s I is significant and positive, it indicates local positive spatial autocorrelation, 
represented by “High-High (H-H)” and “Low-Low (L-L)” clusters. H-H clusters signify that high 
values are surrounded by high values, while L-L clusters indicate that low values are surrounded by 
low values. On the other hand, a significant and negative Local Moran’s I indicate local negative 
spatial autocorrelation, represented by “High-Low (H-L)” and “Low-High (L-H)” outliers[54]. H-L 
outliers indicate a high value surrounded by low values, and L-H outliers indicate a low value 
surrounded by high values, both of which are anomalies compared to their surroundings. 

1 1

2

1 1 1

( )( )

( )

N N

ij i j
i j

N N N

ij i
i j j

y y y y
NI

y y

ω

ω

= =

= = =

− −
=

−



 
 (7)

1

2

1

( ) ( )

( )

N

i ij j
j

i N

i
i

N y y y y
I

y y

ω
=

=

− −
=

−




 (8)

In formula (7) and (8),N represents the number of administrative units, which is 36 in this study.

iy , jy represent the energy carbon emissions of city units i , j , respectively. y represent the average 

energy carbon emissions of the 36 cities, and ijω is the spatial weight matrix between neighboring city 

units i , j . 
(2) From the perspective of spatial dynamic changes 
For the analysis of spatial dynamic changes, we selected the standard deviation ellipse (SDE) 

parameters and SLOPE values. 
Firstly, SDE parameters are one of the typical methods for analyzing spatial characteristics, 

including directionality, centroid shift, and overall spatial morphology. In this study, we 
characterized the SDE parameters for the energy carbon emissions and per capita energy carbon 
emissions at the city scale. By comparing different years, we interpreted the spatial dynamic changes 
in energy carbon emissions[44]. The formulas for calculating the SDE parameters are expressed as 
follows, from formula (9) to (12)[47,53,54]: 

1 1

1 1

,

n n

i i i i
i i

i in n

i i
i i

CT x CT y
x y

CT CT

= =

= =

= =
 

 
 (9)
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Here, ix and iy represent the horizontal and vertical coordinates of the standard deviation 

ellipse’s center point, respectively, which is typically the centroid of the study area; iCT represents 

the energy carbon emissions values of the 36 cities in northeast China; xσ and yσ represent the 

lengths of the major and minor axes of the standard deviation ellipse, respectively, reflecting the 
spatial distribution characteristics of the data; ijω represents the weight of regional emissions; andθ
indicates the orientation angle of the standard deviation ellipse, representing the main direction of 
data distribution. 

Secondly, we utilized the calculation of SLOPE values to classify the growth types of energy 
carbon emissions from 2005 to 2019. The classification standards are shown in Table 4. The calculate 
for SLOPE is expressed in formula (13)[32,35]. 

1 1 1
2

2

1 1

n n n

i i i i
i i i

n n

i i
i i

n xC x C
SLOPE

n x x

= = =

= =

× −
=

 × − 
 

  

 
 (13)

In formula (13),n represents the total number of years in the study, which is 15 in this research, 

ix represents the year of carbon emissions measurement, ranging from 1 to 15 for the years 2005 to 

2019, and iC represents the energy carbon emissions for the year i . 

Table 4. Classification Standards for Growth Types in Energy Carbon Emissions. 

Growth 

Type 

Slow 

Growth 

Moderately slow 

Growth 

Medium  

Growth 

Fast 

Growth 

Rapid 

Growth 

SLOPE 0.5C S< −  0.5 ~ 0.5C S C S− +  0.5 ~C S C S+ +  ~ 1.5C S C S+ +  1 .5C S> +  

Note:C represents the average energy carbon emissions of the 36 city scale cities in Northeast China from 2005 
to 2019, and S represents the standard deviation[32,35]. 

2.3.4. Tapio Decoupling Analysis of Energy Carbon Emissions 

Tapio decoupling, originally a concept from physics, refers to the situation where multiple 
variables are no longer interdependent[5], meaning that economic growth can occur without a 
corresponding increase in environmental pressure. This concept is now widely used for the 
quantitative assessment of the relationship between environmental pressure and economic 
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development[6,55–57]. In this study, we employ the Tapio decoupling index, proposed by Tapio in 
2005[56], to analyze the relative changes in energy carbon emissions and GDP at the city scale in 
Northeast China. The formula for calculating the decoupling indexα and the decoupling types and 
their characteristics according to the Tapio decoupling index are shown in formula (14) and Table 5, 
respectively. 

0

0 0

0

0 0

( )

= ( )

C CC
C C
GDP GDP GDP
GDP GDP

α

−Δ

=Δ −
 (14)

In formula (14), the numerator represents the growth rate of carbon emissions, while the 
denominator can be understood as the GDP growth rate. 0C represents the baseline energy carbon 
emissions. 

Table 5. Decoupling Types and Their Characteristics According to the Tapio Decoupling Index. 

State Tapio Decoupling 
Index Description 

Decoupling 

Strong 
Decoupling 0.8α <  Economic growth with a decrease in carbon emissions 

(carbon emissions growth rate: -, GDP growth rate: +) 

Weak 
Decoupling 0 0.8α< <  

Economic growth with a slower increase in carbon 
emissions 

(carbon emissions growth rate: +, GDP growth rate: +) 

Recessive 
Decoupling 1.2α >  

Economic decline with a significant decrease in carbon 
emissions 

(carbon emissions growth rate: -, GDP growth rate: -) 

Negative 
Decoupling 

Strong 
Negative 

Decoupling 
0.8α <  Economic growth with a decrease in carbon emissions 

(carbon emissions growth rate: +, GDP growth rate: -) 

Weak 
Negative 

Decoupling 
0 0.8α< <  

Economic decline with a slower decrease in carbon 
emissions 

(carbon emissions growth rate: -, GDP growth rate: -) 
Expansive 
Negative 

Decoupling 
1.2α >  

Economic growth with a significant increase in carbon 
emissions 

(carbon emissions growth rate: +, GDP growth rate: +) 

Coupling 

Expansive 
Coupling 0.8 1.2α< <  

Economic growth with an equivalent increase in carbon 
emissions 

(carbon emissions growth rate: +, GDP growth rate: +) 

Recessive 
Coupling 0.8 1.2α< <  

Economic decline with an equivalent decrease in carbon 
emissions 

(carbon emissions growth rate: -, GDP growth rate: -) 

3. Results 

In this section, we present the results as follows: first, the statistical results at the provincial scale 
and the spatial patterns of the estimation results at the city scale; second, the spatial evolution, 
including spatial autocorrelation and spatial dynamic changes assessed by SDE and SLOPE values; 
finally, the conflicts between economic development and environmental pressure, quantified by the 
Tapio Decoupling Index. 
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3.1. Results of Energy Carbon Emissions at the City Scale in Northeast China 

3.1.1. Statistical Results of Energy Carbon Emissions in Heilongjiang, Jilin, and Liaoning Provinces 

Based on formula (1), the energy carbon emissions for the three northeastern provinces of China 
were statistically calculated, as shown in Figure 3.  

Firstly, from 2005 to 2019, it is evident that Liaoning Province had significantly higher energy 
carbon emissions, ranging from 1,272.2 to 2,667.2 ten thousand tons CO2e, compared to Heilongjiang 
Province, with emissions ranging from 600.0 to 1,416.7 ten thousand tons CO2e, and Jilin Province, 
with emissions ranging from 763.0 to 1,357.9 ten thousand tons CO2e. Before 2013, the emission levels 
ranked as follows: Liaoning Province > Jilin Province > Heilongjiang Province. After 2013, 
Heilongjiang Province’s emissions surpassed those of Jilin Province, showing a slight upward trend. 
Liaoning Province’s emissions fluctuated mildly after 2013, while Jilin Province’s emissions 
continued to decline. 

Secondly, regarding the overall energy carbon emissions of the three northeastern provinces, the 
total emissions ranged from 2,707.1 to 5,177.0 ten thousand tons CO2e. The fluctuations can be divided 
into several periods: from 2005 to 2007, emissions increased during the first growth period, ranging 
from 2,707.1 to 3,587.1 ten thousand tons CO2e; from 2007 to 2008, the first decline period occurred, 
with emissions ranging from 3,447.1 to 3,587.1 ten thousand tons CO2e; from 2008 to 2012, emissions 
increased during the second growth period, ranging from 3,447.1 to 5,177.0 ten thousand tons CO2e, 
reaching a peak in 2012; from 2012 to 2013 and from 2013 to 2018, emissions decreased during the 
second and third decline periods, with emissions ranging from 4,794.7 to 5,177.0 and 4,222.4 to 4,871.3 
ten thousand tons CO2e, respectively, with the latter period showing a relatively stable decline; finally, 
from 2018 to 2019, emissions slightly increased, ranging from 4,222.4 to 4,353.8 ten thousand tons 
CO2e. 

 
Figure 3. Descriptive Statistical Analysis of Energy Carbon Emissions in Heilongjiang Province, Jilin 
Province, Liaoning Province, and the Northeast China, 2005-2019. 

3.1.2. Spatial Patterns of Energy Carbon Emissions in 36 Cities in Northeast China 

Based on the natural breaking method, the emissions are classified into five categories, ranked 
from lowest to highest: “Low Emission,” “Moderately Low Emission,” “Medium Emission,” 
“Moderately High Emission,” and “High Emission.” We selected data from the years 2005, 2010, 2015, 
and 2019 for analysis to easily observe their spatial distributions and dynamic changes (Figure 4). 
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Combining the quantity and type patterns of carbon emissions, an in-depth discussion on the spatial 
patterns of 36 cities in northeast China is as follows: 

 
Figure 4. Spatial Distribution of Energy Carbon Emissions in 36 Cities in Northeast China for the 
Years 2005 (a), 2010 (b), 2015 (c), and 2019 (d). 

(1) Heilongjiang Province: Heilongjiang Province overall exhibits a trend where the western 
region maintains a consistent low-emission pattern, while the eastern region shows significant 
changes with gradually increasing emissions. Specifically, comparing 2005 and 2010, the “low 
emission” category expanded from Harbin and Daqing to include Qiqihar and Jiamusi. Other cities 
maintained a “moderately low emission” status during this period, with low carbon emission 
pressure. Comparing 2010 and 2015, the emission pattern changed significantly. Except for Harbin, 
areas with a “low emission” status in 2010 evolved to “moderately low emission” in 2015. 
Additionally, Yichun, Hegang, Shuangyashan, and Jixi transitioned from “moderately low emission” 
to “medium emission,” while Qitaihe evolved to “moderately high emission.” By 2019, the pattern 
changed less significantly than in 2015. Changes were observed only in Harbin, which shifted to 
“moderately low emission,” Mudanjiang, Suihua, and Jiamusi, which changed to “medium 
emission,” and Hegang, which became the second city in Heilongjiang with a “moderately high 
emission” status. The emission patterns of other cities remained unchanged.  
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(2) Jilin Province: Jilin Province overall exhibits a diverse pattern of emission types, with a trend 
towards lower carbon emission pressure. Specifically, in 2005, the pattern was disorganized, with a 
high proportion of “moderately high emissions.” By 2010, the patterns in nine cities shifted towards 
lower emission pressure, with Changchun and Jilin showing “low emissions,” Songyuan, Siping, 
Tonghua, and Yanbian evolving to “medium emissions,” and the other cities showing “moderately 
high emissions.” The “high emission” type had disappeared by this year. In 2015, the trend towards 
lower carbon emission pressure continued in most cities of Jilin Province. By 2019, there were 
minimal changes in the pattern, with only Liaoyuan and Tonghua showing positive changes in their 
carbon emission types, while the emission patterns in other cities remained unchanged.  

(3) Liaoning Province: In 2005, among the 14 cities in Liaoning Province, except for Shenyang and 
Dalian, which were classified as “medium emissions,” all other cities were categorized as 
“moderately high emissions,” indicating a uniform pattern. By 2010, only Fuxin, Huludao, Fushun, 
Benxi, and Dandong changed to “high emissions.” From 2010 to 2015, most cities evolved into “high 
emissions,” with only Shenyang changing to “moderately low emissions.” This high carbon emission 
pressure pattern continued until 2019. Comparing 2005, 2010, 2015, and 2019, the overall trend in 
Liaoning Province was clear, with the level of emissions gradually increasing. 

3.2. Spatiotemporal Evolution of Energy Carbon Emissions at the City Scale in Northeast China 

3.2.1. Spatial Autocorrelation of Energy Carbon Emissions at the City Scale 

Firstly, the global Moran’s I index for energy carbon emissions in Northeast China was 
calculated (Table 6). According to Table 6, the Z-scores of the global spatial autocorrelation Moran’s 
I for energy carbon emissions in 2005, 2010, 2015, and 2019 are all greater than 1.96, with p-values of 
0.000 (p < 0.05). This indicates a statistically significant and positive spatial autocorrelation at the 95% 
confidence level, reflecting a significant degree of global spatial clustering of energy carbon emissions 
at the city scale. However, the degree of positive spatial autocorrelation in 2015 and 2019 is weaker 
compared to 2005 and 2010, based on the values of the global Moran’s I index. 

Table 6. Global Spatial Autocorrelation Moran’s I Calculation Results. 

Variable 
Year 

2005 2010 2015 2019 
Global Moran’s I 0.62838 0.72879 0.48901 0.54525 

Z-scores 5.8093 6.6866 4.6581 5.1620 
p-values 0.000* 0.000* 0.000* 0.000* 

Note: (“*” indicates statistical significance at the 95% confidence level.). 

Secondly, based on Section 2.3.2, we can assess the degree of local Moran’s I. Specifically, we 
analyze the clustering between local units and their neighboring units using the LISA analysis (Local 
Indicators of Spatial Association) (Figure 5). The details of the results are as follows:  
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Figure 5. Spatial Distribution of Local Moran’s I Calculated Using LISA for the Years 2005, 2010, 2015, 
and 2019. 

Among the 36 cities in Northeast China observed in 2005, 2010, 2015, and 2019, areas with 
significant local spatial autocorrelation are mainly concentrated in Heilongjiang and Liaoning 
provinces. Specifically, the number of positive local spatial autocorrelations is higher than that of 
negative local spatial autocorrelations, and the spatial distribution patterns of positive correlations 
are relatively regular. The L-L clusters are mainly distributed in the central regions of Heilongjiang 
and Jilin provinces and the upper-central part of Northeast China, while the H-H clusters are 
primarily located in Liaoning province and a few border cities between Liaoning and Jilin provinces. 
In contrast, the number of cities with negative local spatial autocorrelations is smaller, primarily 
consisting of L-H outliers. The L-H outliers have only appeared in Liaoning province, while the H-L 
outliers have only appeared in Heilongjiang and Jilin provinces. 

Comparing the LISA patterns across the four years reveals two distinct periods: 2005-2010 and 
2015-2019. Firstly, in Heilongjiang province, a large number of L-L clusters were observed in 2005 
and 2010. By 2015, these clusters spread to Jilin province, and an H-L outlier appeared in 
Heilongjiang. By 2019, the H-L outlier disappeared, and the number of L-L clusters decreased. In Jilin 
province, the LISA patterns were relatively simple in 2005 and 2010, with only a few significant 
clusters. In 2015, the number of significant clusters increased, showing a mix of L-L and H-H clusters, 
but by 2019, the clusters became more uniform, with only L-L clusters. Lastly, in Liaoning province, 
the clustering types were relatively uniform. Both H-H and L-H outliers were present in 2005, 2015, 
and 2019, while in 2010, all significant clusters were H-H clusters. 
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3.2.2. Spatial Dynamic Changes of Energy Carbon Emissions 

Firstly, as shown in Figure 6, the spatial distribution of the SDE for energy carbon emissions at 
36 cities in northeast China is as follows:  

(1) From the perspective of dynamic changes in the energy carbon emission center and the range 
of changes in energy carbon emissions as indicated by the SDE, the following observations can be 
made. Specifically, as illustrated in Figure 6 (a), ranking the years based on the range of energy carbon 
emissions from largest to smallest is 2015, 2019, 2005, and 2010. The changes in the range of energy 
carbon emissions are more significant than those in the emission center. Additionally, the evolution 
pattern can be summarized as follows: from 2005 to 2010, the emission center clearly shifted towards 
the southwest, with the range significantly decreasing and increasingly covering Jilin and Liaoning 
provinces. From 2010 to 2015, the SDE indicated a clear shift in the center towards the northeast and 
a considerable expansion in the range. Finally, the changes in 2019 were minimal overall, with only 
slight changes in both the range of energy carbon emissions compared to 2015 and the center, which 
shifted slightly towards the southwest. 

(2) From the perspective of each province, as shown in Figure 6 (b), (c), and (d), the performance 
of the SDE in Heilongjiang province over the four years can be summarized by grouping the years 
based on similar patterns. Specifically, the years 2005 and 2010 form one group with similar SDE 
patterns, while 2015 and 2019 form another group. The emission ranges in the 2005 and 2010 group 
are significantly larger than those in the 2015 and 2019 group. Additionally, regarding the emission 
center, the directions in all four years are consistent, arranged from northwest to southeast. The 
spatial pattern of the SDE in Jilin province over the four years is similar to that in Heilongjiang 
province. Across the four years, the main change in energy carbon emissions was in the center, with 
minimal changes in range. Specifically, the center shifted from the northeast to the southwest in 2015 
and 2019 compared to 2005 and 2010. Liaoning province showed the smallest changes among the 
provinces in Northeast China. The SDE parameters for energy carbon emissions in Liaoning province 
generally show a direction from southwest to northeast, with a relatively broad range and a centrally 
located emission center. 
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Figure 6. Spatial Distribution of SDE and SLOPE Value in Northeast China. 

Note: Figure 6 presents general information on SDE and SLOPE values in Northeast China. (a) 
The dynamic change in SDE for Northeast China as a whole for the years 2005, 2010, 2015, and 2019. 
(b), (c), and (d) The dynamic changes in SDE for Heilongjiang Province, Jilin Province, and Liaoning 
Province for the years 2005, 2010, 2015, and 2019, respectively. (e) The dynamic change in SLOPE 
values from 2005 to 2019 for Northeast China as a whole. 

Secondly, to further analyze the growth trends of energy carbon emissions at the city scale in 
Northeast China from 2005 to 2019, we conducted an analysis based on the SLOPE classification 
standard after calculating the SLOPE values (Figure 6 (e)). Based on Table 4, we classified the growth 
types into five categories based on SLOPE values: Slow Growth (SLOPE value less than 16.0); 
Moderately Slow Growth (SLOPE value ranging from 16.0 to 47.5); Medium Growth (SLOPE value 
ranging from 47.5 to 63.2); Fast Growth (SLOPE value ranging from 63.2 to 78.9); Rapid Growth 
(SLOPE value greater than 78.9). 

Specifically, there were no cities classified as “Rapid Growth” in Northeast China. The growth 
types of “Slow Growth” and “Moderately Slow Growth” were the most common among the 36 cities. 
Specifically, Heilongjiang province included three types of energy carbon emissions growth: 
“Moderately Slow Growth,” “Medium Growth,” and “Fast Growth.” The type of “Fast Growth” only 
appeared in Hegang and Qitaihe, which belong to Heilongjiang province. Except for Yichun, Suihua, 
Shuangyashan, and Jixi, which belong to the “Medium Growth” type, and Hegang and Qitaihe being 
“Fast Growth,” the other cities in Heilongjiang showed “Moderately Slow Growth.” 

Liaoning province also included three types: “Slow Growth,” “Moderately Slow Growth,” and 
“Medium Growth.” Liaoyuan is the only one among the nine cities showing “Moderately Slow 
Growth,” while the others belong to “Slow Growth,” indicating that Jilin province had the smallest 
carbon emission pressure based on the growth type among Northeast China. Jilin province only 
included two types of energy carbon emissions growth: “Slow Growth” and “Moderately Slow 
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Growth.” Among the 14 cities in Liaoning province, only Shenyang showed “Slow Growth,” Anshan 
and Dalian showed “Moderately Slow Growth,” while the others exhibited “Medium Growth.” 

3.3. Economic Tapio Decoupling Analysis of Energy Carbon Emissions at the City Scale in Northeast China 

In this section, we perform Tapio decoupling analysis for five periods: 2005 to 2007, 2008 to 2010, 
2011 to 2013, 2014 to 2016, and 2017 to 2019. Comparing these periods allows us to observe changes 
in the relationship between carbon emissions and economic growth. Additionally, we detail the steps 
involved, including the preprocessing of GDP data and the calculations of the Tapio decoupling 
index. 

3.3.1. Data Preprocessing of GDP 

The GDP data we obtained for each year are nominal GDP. Due to differing economic conditions 
each year, these values are not directly comparable as the absolute value of the RMB changes. 
Consequently, we utilize the GDP Deflator (with the base year set to 100 in the statistical yearbooks) 
to convert nominal GDP to real GDP, making it truly comparable. The process is shown in formula 
(16). 

(  ) 100 
 

Nominal GDPActual GDP
GDP deflator

×=  (15)

In formulas (15) and (16), the part of the Tapio decoupling index that involves GDP data is a 
fraction. Since the GDP deflator shows relatively small variations across those different years and is 
located in the denominator, it can be approximately simplified when calculating these formulas in 
our research. Additionally, our primary aim is to explore the relationship between carbon emissions 
and the economy, relying on the numerical range of the Tapio decoupling index for the macro 
classification of decoupling states, rather than focusing on the absolute values of the decoupling 
index. Therefore, the impact of the GDP deflator on the decoupling index can be ignored, and the 
process described in formula (16) can be omitted. Given this approach, we have reasonably addressed 
the challenge of collecting GDP deflator data for 36 cities over 15 years. Consequently, in subsequent 
research, we will directly use nominal GDP data to calculate the decoupling index for the 36 cities in 
Northeast China. 

3.3.2. Results of Tapio Decoupling Analysis of Energy Carbon Emissions 

We performed tapio decoupling analysis in five groups (Figure 7). Additionally, by combining 
the relationship between economic development and environmental protection with the meaning of 
each decoupling state, we provide the intuitive evaluations for each decoupling state based on the 
Tapio decoupling index (Table 5) as follows: Strong Decoupling is evaluated as “Best”, Weak 
Decoupling as “Good”, Recessive Decoupling as “Fair”, Strong Negative Decoupling as “Worst”, 
Weak Negative Decoupling as “Poor”, Expansive Negative Decoupling as “Bad”, Expansive 
Coupling as “Average”, and Recessive Coupling as “Below Average”. These evaluations provide a 
clear understanding of how each decoupling state reflects the balance between economic growth and 
environmental impact. 
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Figure 7. Spatial Distribution of Tapio Decoupling Analysis in Northeast China, grouped by years 
2005-2007 (a), 2008-2010 (b), 2011-2013 (c), 2014-2016 (d), and 2017-2019 (e). 

(1) Tapio Decoupling Analysis of 36 Cities in Northeast China, grouped by years from 2005 to 
2007. 

In Figure 7 (a), the simplified performance of the Tapio decoupling index for 36 cities in 
Northeast China from 2005 to 2007 is shown, with only three decoupling states: weak decoupling, 
expansive coupling, and expansive negative decoupling. Specifically, all nine cities in Jilin Province 
were in the weak decoupling state (“good”). Heilongjiang Province exhibited two types of 
decoupling states: expansive coupling (“average”), primarily distributed in the northwest of 
Heilongjiang Province, including Heihe, Yichun, Qiqihar, and Daqing, and weak decoupling 
(“good”) in other cities. Liaoning Province had the most diverse decoupling states with four types. 
Among them, Huludao, Panjin, and Anshan, where economic growth is slow and carbon emissions 
have significantly increased, showing status of expansive negative decoupling, evaluated as “bad.” 

(2) Tapio Decoupling Analysis of 36 Cities in Northeast China, grouped by years from 2008 to 
2010. 

In this group, three decoupling states were presented. The overall pattern of the decoupling 
relationships was relatively simple. Apart from the nine cities in Jilin Province that remained in the 
same decoupling state (weak decoupling evaluated as “good”), there were changes in the decoupling 
states of Heilongjiang Province and Liaoning Province compared to the 2005 to 2007 grouping. In 
Heilongjiang Province, except for Yichun, which showed expansive negative decoupling (“bad”), and 
Harbin, which showed expansive coupling (“average”), other cities experienced two kinds of 
changes: one group changed from expansive coupling to weak decoupling (“good”), while the others 
maintained weak decoupling. The changes in the decoupling states in Liaoning Province were 
significant. For instance, Huludao, Panjin, and Anshan changed from expansive negative decoupling 
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(“bad”) to expansive coupling (“average”). The rank of the degree of change in decoupling states, 
from most to least, is Liaoning Province, Heilongjiang Province, and Jilin Province.  

(3) Tapio Decoupling Analysis of 36 Cities in Northeast China, grouped by years from 2011 to 
2013 

This group exhibited a diversity of Tapio decoupling states, with the addition of strong 
decoupling and strong negative decoupling, resulting in a total of five decoupling states in Northeast 
China. Among them, strong decoupling was the most common, while weak decoupling and 
expansive coupling were the least common. Additionally, comparing with the previous group, the 
patterns of decoupling states in Liaoning Province and Jilin Province were relatively consistent, both 
showing the strong decoupling state in each city. In contrast, Heilongjiang Province showed a more 
complex and diverse pattern of decoupling states, with four decoupling states exhibited in its 13 
cities. Specifically, from northwest to southeast, the Greater Khingan Range (strong negative 
decoupling, evaluated as worst), Heihe (strong negative decoupling, evaluated as worst), Qiqihar 
(expansive coupling, evaluated as average), Yichun (expansive negative decoupling, evaluated as 
bad), Daqing (expansive negative decoupling, evaluated as bad), Suihua (weak decoupling, 
evaluated as good), Hegang (strong negative decoupling, evaluated as worst), Jiamusi (expansive 
negative decoupling, evaluated as bad), Harbin (weak decoupling, evaluated as good), Qitaihe 
(strong negative decoupling, evaluated as worst), Shuangyashan (expansive negative decoupling, 
evaluated as bad), Jixi (expansive negative decoupling, evaluated as bad), and Mudanjiang 
(expansive negative decoupling, evaluated as bad). 

(4) Tapio Decoupling Analysis of 36 Cities in Northeast China, grouped by years from 2014 to 
2016 

The increasing number of Tapio decoupling states was still occurring. In this group, there were 
six in 36 cities, with the addition of recessive coupling, weak negative decoupling, and recessive 
decoupling, while weak decoupling and expansive coupling were gone compared with previous 
groups. Specifically, in Jilin Province, there were changes in Siping and Tonghua to recessive 
decoupling (‘fair”) and recessive coupling (“below average”), respectively, while the other seven 
cities maintained strong decoupling (“best”). In this group, significant changes occurred in Liaoning 
Province, with changes in all 14 cities. For example, Huludao and Dalian changed to recessive 
coupling (“below average”) and recessive decoupling (“fair”), respectively, while the other 12 cities 
changed to weak negative decoupling (“poor’). In Heilongjiang Province, except for Heihe, which 
showed the Tapio decoupling state with expansive negative decoupling (“bad”), the other 12 cities 
were in strong negative decoupling (“worst”).  

(5) Tapio Decoupling Analysis of 36 Cities in Northeast China, grouped by years from 2017 to 
2019 

From 2017 to 2019, the number of Tapio decoupling states increased to eight, with the addition 
of strong negative decoupling and the reappearance of weak decoupling. Specifically, strong 
decoupling was the most common Tapio decoupling state, uniformly distributed across half of 
Northeast China. Expansive coupling, recessive coupling, and recessive decoupling each appeared 
only once in three different cities. Heilongjiang Province's Tapio decoupling state performance was 
uniformly consistent, while Liaoning Province and Jilin Province exhibited more complex and 
diverse changes during this period. In Jilin Province, five Tapio decoupling states were observed: 
weak negative decoupling (“poor”), strong negative decoupling (“worst”), strong decoupling 
(“best”), recessive coupling (“below average”), and recessive decoupling (“fair”). Liaoning Province 
displayed four states: expansive negative decoupling (“bad”), expansive coupling (“average”), weak 
decoupling (“good”), and strong negative decoupling (“worst”). In summary, from 2017 to 2019, the 
evaluation of Tapio decoupling states in Northeast China showed excellent performance in 
Heilongjiang Province and Liaoning Province, while Jilin Province performed relatively poorly. 

4. Discussion 

After analyzing the results in section 3, we gain insights into the quantitative and spatial 
characteristics of energy carbon emissions in Northeast China, a typical industrialized region. This 
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understanding can help address the environmental, population, and economic challenges arising 
from rapid urbanization and guide policymakers in their decision-making[42]. Above all, this section 
of the discussion provides recommendations for reducing energy carbon emissions in Northeast 
China from the perspectives of government, industry, and residents[41]. 

4.1. Recommendations from the Perspective of Government  

Firstly, the government should actively implement policies to guide high-emission enterprises 
in energy conservation and emission reduction. Northeast China, primarily focused on industrial 
manufacturing, includes high-emission industries such as large-scale military industries in 
Heilongjiang Province and automobile manufacturing in Changchun. These enterprises are major 
sources of energy consumption and carbon emissions. The government should strictly control 
resource consumption, reduce unnecessary resource wastage, and achieve low-energy development. 
For high-emission enterprises, the government should establish and implement emission reduction 
tasks, encourage evaluations on carbon emissions reduction, and complete emission reduction tasks 
through carbon trading and other means, promoting the development and improvement of the 
carbon market. 

Secondly, the government should promote technological innovation and the development of 
green resources to achieve pollution and carbon reduction. Enterprises, universities, and research 
institutions should be encouraged to innovate and optimize existing industrial technologies, 
improving the conversion and application rates of research outcomes. The rational development of 
existing green resources, such as forests, water, and land, should be explored for their potential in 
emission reduction and consumption substitution. Cross-departmental cooperation and research 
should be promoted to achieve sustainable development and utilization of resources. For urban 
emission regulation, the government should consider population and geographical location to 
develop targeted policies. Northeast China faces severe issues of population loss and aging, 
especially in sparsely populated areas of Heilongjiang Province. Policies should be implemented to 
coordinate resource flow and optimize the match between population and emissions. Additionally, 
the geographical diversity of Northeast China, with cities near the coast and borders, requires special 
attention. Managing the relationship between resources, trade, and emissions is essential to prevent 
carbon emission spillovers and cross-regional flows. 

Thirdly, the government should also support green industries to lead “green-oriented” rural 
revitalization. Green industries, such as eco-tourism and forest therapy, are low-emission and low-
energy industries that effectively balance emissions and economic development. Utilizing green 
resources can achieve rural revitalization, increase employment rates, and develop agricultural 
products, thereby enhancing regional economies. Developing forest carbon sinks and afforestation 
can improve the sustainability of resources and enhance carbon sink benefits. 

Finally, the government should strengthen the construction of industry databases to support 
emission reduction-oriented academic research. Monitoring and managing data is the foundation for 
policy formulation. Industry databases should be established to conduct quantitative statistical 
accounting, providing a basis for decision-making. By improving databases, quantitative monitoring 
of carbon emissions can be strengthened, promoting academic research and supporting industrial 
green and low-carbon innovation. 

4.2. Recommendations from the Perspective of Industry 

Industries are a crucial part of the market, influencing supply and demand dynamics, and are a 
major source of carbon emissions. Industries should leverage collective strengths, focus on the green 
transformation of products and services, and contribute to the dual carbon goals. From the product 
manufacturing perspective, while ensuring profitability, industries should increase the use of new 
energy sources to replace traditional fossil fuels, achieving the goal of green product development. 
Examples include wind, hydro, and solar power generation, as well as the rising market share of new 
energy vehicles. In the service supply sector, green transformation should be the primary goal, with 
collective efforts focusing on sustainable use with a protection-first approach. Forestry enterprises 
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like Yichun Forest Industry Group maintain forest areas under strict logging bans. In the product 
processing sector, the green transformation of packaging materials has been widely adopted, as seen 
in the use of biodegradable packaging bags and eco-friendly materials in clothing products. 

Additionally, industries should actively focus on emission reduction targets, committing to 
high-quality completion of these tasks and aligning closely with government policies. Appropriate 
methods such as carbon offset forestry and carbon trading should be selected. Enterprises should also 
act as hubs, providing platforms for the integration and development of technologies across different 
fields, leveraging cross-industry strengths for complementary advantages. Key practices include the 
integration of ecological resources with the tourism industry to form eco-tourism and the 
combination of forest resources with traditional health industries to create forest therapy. These green 
industries exhibit significant synergies between emission reductions and economic growth. 

4.3. Recommendations from the Perspective of Residents 

Firstly, residents should actively participate in the dissemination and investigation of pollution 
emissions and waste sorting. This involves engaging in educational and social research activities 
organized by communities, streets, and various departments. Residents should learn to identify 
emission sources, avoid excessive pollution, and apply these practices in daily life. By correctly 
sorting and processing waste, residents can significantly reduce the costs and efforts of waste 
reprocessing, directly lowering carbon emissions from a resource consumption perspective. 
Additionally, residents can provide key data for “behavioral” emission studies by participating in 
surveys and research on topics like waste sorting willingness and commuting behavior. This type of 
social science research can offer valuable insights for green development, helping to adjust structures 
and patterns to achieve emission reductions from the residents' perspective while raising awareness 
about sustainable strategies. 

Secondly, as the main agents of consumption behavior, residents can be encouraged and 
nurtured towards green consumption through relevant government incentive policies. Ensuring 
support for green consumption across different age groups and promoting interactive activities to 
raise energy conservation and emission reduction awareness is crucial. For instance, pilot programs 
in public spaces, such as metro stations offering only electronic tickets during certain periods, can 
promote green commuting. Additionally, building a comprehensive commuting database can further 
support the development of low-carbon cities. 

5. Conclusion 

After conducting the whole process of estimation on energy carbon emissions at city scale by 
scaling and using NTL data, we obtained the results of spatial autocorrelation in global and local, 
dynamic changes and the tapio decoupling analysis at city scale on the northeast China. The 
conclusion of the spatiotemporal evolution and patterns of them are summarized as follows:   

5.1. Conclusion of Spatial Patterns of Energy Carbon Emissions 

The spatiotemporal evolution of energy carbon emissions in the 36 cities of Heilongjiang 
Province exhibits distinct patterns. The western regions show a single emission pattern with low 
emission levels, while the eastern regions display diverse patterns with steadily increasing emissions. 
Overall, Heilongjiang Province primarily exhibits low emissions, though there has been a slight trend 
toward increasing emissions in recent years. In Jilin Province, the types of energy carbon emissions 
are more varied and complex. The overall trend is positive, shifting from predominantly high 
emissions to gradually decreasing emission levels. Liaoning Province’s emission patterns are similar 
to those of Heilongjiang, characterized by a single, increasingly severe emission pattern. Starting with 
high emissions, the province has progressively moved towards even higher emission levels over time. 
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5.2. Conclusion of Spatiotemporal Evolution of Energy Carbon Emissions 

Spatial Autocorrelation: From 2005 to 2019, the global spatial autocorrelation of energy carbon 
emissions in the northeastern provinces was significant and positive, with p-values consistently at 
0.000, indicating notable spatial clustering. The correlation was weaker in 2015, 2016, and 2017 
(Moran’ s I < 0.5) and stronger in 2010 and 2011 (Moran’ s I > 0.7). Locally, significant spatial 
autocorrelation was mainly in Heilongjiang and Liaoning. Positive autocorrelation was more 
prevalent and concentrated, with “L-L” clusters in central Heilongjiang and Jilin, and “H-H” clusters 
in parts of Liaoning and Jilin. Negative correlations were less common, with “L-H” outliers in 
Liaoning and “H-L” outliers in Heilongjiang and Jilin. 

SDE Parameters: The SDE analysis showed that emission ranges from 2005 to 2019 were most 
extensive in 2015 and smallest in 2010. Range variation exceeded centroid movement. In 
Heilongjiang, SDE parameters for 2005 and 2010 were similar, as were 2015 and 2019. The emission 
centroids moved consistently from northwest to southeast. In Jilin, centroids also aligned northwest 
to southeast, with minor range changes. Liaoning showed minimal change, with a broad range and 
central centroid from southwest to northeast. 

SLOPE Value: No “rapid growth” in emissions was observed from 2005 to 2019. “Fast growth” 
occurred only in Hegang and Qitaihe. Predominant growth types were “slow” and “very slow”. 
Heilongjiang had the most diverse growth types, Liaoning had three, and Jilin was the most uniform 
with two types. Overall, emission growth rates were fastest in Heilongjiang, followed by Liaoning, 
and slowest in Jilin. 

5.3. Conclusion of the Tapio Decoupling Relationship 

In analyzing the decoupling state of the relationship between carbon emissions and economy, 
this study evaluated the trends in economic development and carbon emissions. Heilongjiang 
Province is the only province among the three that successfully adjusted its decoupling status. Over 
the first four periods, its decoupling evaluation consistently declined, but from 2017 to 2019, it 
recovered and showed the best decoupling evaluation across the province. In contrast, Jilin 
Province’s decoupling quality gradually declined from an initially diverse pattern. The decline was 
not significant in the first four periods, but from 2017 to 2019, all cities except Yanbian Prefecture 
showed low decoupling evaluations. Liaoning Province’s decoupling evaluation remained relatively 
stable over the five periods, with no significant decline in quality, except for a period of low 
evaluation from 2014 to 2016. 
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