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Abstract. This paper examines the spatial pattern of CTI(clean energy technol-

ogy innovation) and carbon intensity by Exploratory Spatial Data Analysis 

tools(ESDA). It uses global and local indices to study the spatial correlation and 

agglomeration characteristics of China's clean energy technology innovation and 

carbon emission intensity. The results indicate that: (1) There is a spatial auto-

correlation present in the interprovincial CTI and carbon intensity across China; 

(2) Clean energy technology innovation and carbon emission demonstrate a spa-

tial agglomeration effect. This study investigates the spatial clustering character-

istics of clean energy technology innovation, providing a scientific basis for pro-

moting regional clean energy development. 
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1 Introduction 

The combustion of traditional fossil fuels has led to an increase in carbon emissions 

and a negative impact on the climate [1, 2]. Innovation in clean energy technology con-

tributes to the development of clean energy and is a key path for carbon reduction and 

carbon neutrality. China needs to improve its level of innovation in renewable energy 

technology [3]. Especially in the current situation of uneven development of innovation 

level in China. 

Energy technology innovation and carbon emissions have always been topics of 

great interest to researchers [4, 5]. Research on the spatial correlation and spatial clus-

tering of energy technology innovation is also emerging [6]. For the emerging clean 

and renewable energy in China, current research can be conducted in depth within a 

spatial framework [7]. Further research is needed on the innovation of clean and renew-

able energy technologies in China to improve understanding of their consumption [8]. 
Therefore, how to improve clean energy technology innovation and reduce regional 
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imbalances has become important, and studying characteristics technology innovation 
is of great significance for carbon reduction. 

In order to determine spatial autocorrelation (spatial dependence), this study used 
provincial spatial panel data to exam China's clean energy technology innovation and 
carbon emission intensity. Specifically, global and local indices are used to study the 
spatial correlation and agglomeration characteristics. This study used exploratory spa-
tial analysis techniques to conduct in-depth analysis of the spatial cluster characteristics 
of technological innovation and carbon emissions, investigating cluster characteristics, 
and providing scientific basis for promoting carbon reduction and clean energy con-
sumption. 

The rest of this article is listed as follows: Section 2 illustrates the methods and data 
sources, Section 3 conducts global Moran analysis and local LISA analysis and dis-
cusses them, and Section 4 concludes. 

2 Methodology 

2.1 Methodology 

Spatial heterogeneity highlights the uneven distribution in geographic space, evident 
through economic and geographical configurations such as center-periphery and core-
backward relationships, which illustrate the diverse spatial patterns. In this work, it em-
ploys both global and local spatial correlation tests to examine the spatial effects of 
CTI. 

Here, it uses Moran’s I to examine the global spatial correlation between CTI and 
carbon intensity. Global spatial autocorrelation describes the clustering pattern in the 
spatial distribution of CTI and carbon intensity across China from a comprehensive 
regional perspective. To investigate local spatial correlations, it used Local Indicators 
of Spatial Association (LISA) by GEODA[9]. 

Spatial correlation plays a crucial role in innovation research because it reflects the 
clustering of innovation elements across regions. The equation for calculating the Mo-
ran I is as follows: 

𝐼 =
n∑  ∑ wij)yi-ȳ)(yj-ȳ)

n
j=1

n
i=1

)∑  ∑ wij
n
j=1 )∑ )yi-ȳ))yi-ȳ)

n
i=1

n
i=1

. (1)

In Equation (1), yi and yj represent the environmental pressures. N represents the 
number of districts. Wij denotes the Queen’s standard binary matrix. When region i and 
region j are adjacent, Wij is assigned the value one, and zero otherwise [11]. The Moran 
index ranges from −1 to 1. 

Local spatial autocorrelation indicators can be used to identify spatial heterogeneity, 
which, in turn, serves as a foundation for policy development [10]. This the local Mo-
ran’s I is as follows: 

𝐿𝑜𝑐𝑎𝑙 𝑀𝑜𝑟𝑎𝑛'𝑠 𝐼i = ∑ 𝑁𝑊ij𝑛𝑦i𝑛𝑦j)𝑖 ⫩ 𝑗)n
j=1 . (2)
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Here, NWij represents a standardized spatial weight matrix, and nyi and nyj represent 
the standardized variable values, respectively. By analyzing the relationship between 
NWij (local Moran’s I) and nyi in the local Moran’s I statistic, it obtains four clustering 
modes: high–high mode, low–low mode, high–low mode, and low–high mode. 

The method is shown in Figure 1. 

 

Fig. 1. The method of spatial effect of clean energy technology innovation and carbon intensity 

2.2 Data 

To ensure data’s feasibility, applicability, and availability, panel data in China from 
2008 to 2020 were selected as the data sample. The data is sourced from the CEAD 
database, China Patent Database[12, 13].  

Referring to Perrons et al. (2021) [14], the number of energy patents can serve as an 
agent for CTI. The main types of energy patents are in Figure 2. 

3 Exploratory Spatial Data Analysis 

The spatial feature analysis presented in Table 1 reveal that the global Moran’s I, de-
rived from China’s interprovincial CTI and carbon intensity data, is positive and statis-
tically significant. This indicates that there is a spatial autocorrelation present in the 
interprovincial CTI and carbon intensity across China. 

The relevant statistical metrics are calculated for provincial CTI. Table 1 shows that 
the Moran’s I values for CTI were uniformly positive and statistically significant, indi-
cating that CTI demonstrates spatial dependence and autocorrelation.  

This trend underscores the necessity of incorporating spatial effects into the model-
ing process, aligning with objective reality, and supporting the findings of previous 
works. Carbon emissions serve as a crucial metric for gauging the environmental foot-
print of economic activities within a region, reflecting both the frequency and severity 
of their environmental effects.  
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Fig. 2. The type of clean energy technology innovation data 

Table 1. The Moran’s I of Carbon Emissions Intensity and CTI 

Variable t Moran’s I p-value mean sd z-value 

CEI 2008 0.2025 0.0030 -0.0372 0.0745 3.2159 

CEI 2016 0.2174 0.0040 -0.0384 0.0749 3.4177 

CEI 2020 0.1851 0.0030 -0.0380 0.0745 2.9952 

CTI 2008 0.2144 0.0030 -0.0350 0.0750 3.3260 

CTI 2016 0.1399 0.0190 -0.0351 0.0724 2.4170 

CTI 2020 0.1692 0.0090 -0.0350 0.0714 2.8603 

This section employs LISA to examine cluster characteristics of the CTI across prov-
inces. Table 2 presents the estimated outcomes of the exploratory local autocorrelation 
analysis conducted using LISA for the spatial distribution of provincial CTI.  

The LISA estimates reveal that in 2020, Shanghai, Shandong, Jiangsu, Henan, Anhui, 
Hubei, Zhejiang, and Fujian were predominantly situated in H–H quadrant, indicating 
spatial clustering and positive spatial correlation.  

Table 2. LISA estimation results of local spatial agglomeration of provincial CTI 

quad-
rant 

CTI 2008 2014 2018 2020 

Ⅰ 
H-H 
mode 

Liaoning*, 
Shanghai*, 

Jiangsu**, An-
hui**, Hubei*, 

Shanghai*, 
Jiangsu*, He-
nan*, Anhui*, 

Hubei*, 

Shanghai**, 
Jiangsu**, He-

nan**, An-
hui**, Hubei**, 

Shanghai***, 
Shandong*, 

Jiangsu***, He-
nan***,  
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quad-
rant 

CTI 2008 2014 2018 2020 

Zhejiang**, Fu-
jian* 

Zhejiang*, Fu-
jian* 

Zhejiang**, Fu-
jian** 

Anhui***, Hu-
bei***, 

Zhejiang***, 
Fujian*** 

Ⅱ 
L-H 

mode 
Jilin*, Jiangxi* 

Shanxi *, 
Jiangxi** 

Jiangxi *** 
Shanxi*, Jiangxi 

*** 

Ⅲ 
L-L 

mode 
Qing-

hai*,Gansu* 
Xinjiang* 

Xin-
jiang*,Gansu* 

Xinjiang* 

Ⅳ 
H-L 

mode 
Sichuan** / Sichuan* Sichuan* 

Note: ***, **, and * denotes significance levels at 0.1%, 1%, and 5%. 

Conversely, Shanxi and Jiangxi were positioned in the L-H quadrant, characterized 
by lower innovation levels yet surrounded by provinces with higher levels. Xinjiang 
was located in the L–L quadrant, and Sichuan in the fourth quadrant (H–L). 

The spatial differentiation characteristics and evolution patterns of provincial CTI 
spatial clusters evolved into a process of high-to-high agglomeration spatial expansion 
within the Yangtze River Delta region. This region is predominantly situated in the first 
quadrant (H–H), indicating that provinces with robust clean energy innovation capabil-
ities are clustered together with neighboring provinces that also exhibit strong clean 
energy innovation capabilities.  

The estimated results align with the actual geographical and economic distributions, 
and further corroborate the spatial agglomeration effect of CTI and carbon intensity 
across different regions. 

4 Conclusion 

This study used exploratory spatial analysis techniques to conduct in-depth analysis of 
the spatial cluster characteristics of technological innovation and carbon emissions, in-
vestigating the spatial cluster characteristics of clean energy technology innovation. As 
a result, it was found that: 

(1) It reveals that the global Moran’s I index, derived from China’s interprovincial 
CTI and carbon intensity data, is positive and statistically significant. This indicates 
that there is a spatial autocorrelation present in the interprovincial CTI and carbon in-
tensity across China. 

(2) Clean energy technology innovation and carbon emission demonstrate a spatial 
agglomeration effect. The spatial differentiation characteristics and evolution patterns 
of provincial CTI spatial clusters evolved into a process of H-H agglomeration spatial 
expansion within the Yangtze River Delta region.  
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