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Abstract 
Green innovation is a critical path and concept for achieving energy conservation and 
emission reduction. It is critical to investigate the potential of green innovation for 
energy conservation and emission reduction. This paper quantifies the impact of green 
innovation on carbon emission reduction in my country using panel data from 30 
provinces. After calculating the Moran index, a spatial econometric model is used to 
investigate the impact of green innovation variables on carbon emissions in my country. 
The findings show that carbon emissions have spillover and transfer effects on 
neighboring provinces; my country's green innovation efficiency can significantly 
promote carbon emission reduction, with the main means being increased openness, 
human capital, and energy efficiency. 
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1. Introduction 

China's fast expansion is due to its wide economic base. However, when the economy shifts 
from high to medium high growth, issues such as resource scarcity and severe pollution begin 
to emerge. If China continues to depend on factors input, its growth opportunities would be 
constrained. Climate change is a shared environmental concern confronting the globe, and the 
transition to a low-carbon economy has gained widespread acceptance. The aggregation impact 
and spillover effect of the regional economy must be used to optimize and improve the 
industrial structure and effectively address surplus capacity. The performance of green 
innovation under industrial aggregation is positive externality in energy conservation and 
emission reduction, and the aggregation of innovation elements has non-linearity and 
externality in promoting industrial upgrading. Accelerating the spread of new knowledge and 
technologies can help to foster ongoing innovation and achieve a win-win goal of sustainable 
development and environmental protection. 
At present, the theoretical research and empirical analysis of the impact of green innovation on 
carbon emissions are still in the exploratory stage, the limited studies restraint the 
development of the green innovation. In the background of the economic transformation, 
studying the green innovation efficiency and its spatial spillover effects will encourage the 
green innovative practices and develop the energy saving and emission reduction. What’s more, 
the studies will promote the optimization and upgrading for industrial structures, realize the 
sustainable development. 
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2. Measurement of Green Innovation Efficiency 

2.1. DEA-Malmquist 
Malmquist Productivity Index was first proposed by Malmquist, Fare et al. expanded it to an 
output-oriented index, which was used to evaluate the dynamic productivity [1,2]. Under 
constant returns to scale (CRS) conditions, the Malmquist Productivity Index from t to t+1 is: 
 

𝑀(𝑦 , 𝑥 ) =
d (𝑥 , 𝑦 )

d (𝑥 , 𝑦 )

d (𝑥 , 𝑦 )

d (𝑥 , 𝑦 )
×

d (𝑥 , 𝑦 )

d (𝑥 , 𝑦 )
                (1) 

 
M >1 indicates an increase in productivity level, M = 1 indicates the productivity level stays 
stable and M < 1 means a decrease in productivity level. The formula (1) can be decomposed as: 
 

𝑀(𝑦 , 𝑥 , 𝑦 , 𝑥 ) =
d (𝑥 , 𝑦 )

d (𝑥 , 𝑦 )
×
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d (𝑥 , 𝑦 )
                         (2) 

 
The first part on the right-hand side of the equation (2) is Efficiency Change (EC) and the second 
part is Technological Change (TC). The efficiency change can be divided into Pure Efficiency 
Change (PEC) and Scale Efficiency Change (SEC). 
Here the index of urban productivity change indicates the change in the level of allocation, 
utilization, and scale agglomeration of urban factor resources. Technological progress index 
denotes the technological changes in urban production. The pure technical efficiency change 
index only represents the change in the level of allocation and utilization of urban factor 
resources and the scale efficiency change index represents the change in the level of urban scale 
agglomeration. EC(CRS)>1 means that the city efficiency increases at time t and period t+1, 
EC(CRS)=1 means that there is no change in the city efficiency and EC(CRS)<1 indicates the 
decrease of the city efficiency. Moreover, the value of TC, TPFC, PEC and SEC also have the 
corresponding meanings. 
Coefficient of variation (CV) is a statistic that measures the relative difference between 
observations within a group, which is usually used to compare the magnitude of dispersion of 
data in different groups [3]. The larger the CV value of tourism efficiency in a group, the greater 
the degree of heterogeneity of tourism efficiency within the group, and the smaller the CV value, 
the smaller the degree of heterogeneity of tourism efficiency within the group and the more 
balanced the distribution of tourism efficiency. CV can be defined as: 
 

𝐶𝑉 =
𝜎

𝜇
=

𝛴 (𝑥 − 𝜇)
𝑛

𝜇
                                                            (3) 

 
where σ is the standard deviation, μ is the mean value of the sequence, xi is the ith data of the 
sequence, and n is the number of the data size. 

2.2. Data 
The constant investment of innovation resources, as well as the ongoing development, diffusion, 
and use of knowledge, are the primary means of improving national innovation capabilities. 
Enterprises are the driving force behind innovation, and the government-created innovation 
environment is a critical safeguard. Table 1 shows how this research creates China's national 
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green innovation variable system. This study uses data from the China Statistical Yearbook, 
China Science and Technology Statistical Yearbook, and China High-tech Industry Statistical 
Yearbook to pick 30 provinces in China (excluding Tibet, Taiwan, Hong Kong, and Macau) as a 
sample from 2001 to 2017. 
 

Table 1. Indicator system 
Classification Variable Indicator 
Innovation Input Funds Internal expenditure of R&D funds 

Labors R&D personnel equivalent 
Energy Energy intensity 

Expected Output Scientific Papers Number of scientific papers per capita 
Patent Number of invention patents granted per capita 
New product Proportion of new product sales revenue 

2.3. Calculation and Analysis of Green Innovation Efficiency 
Tables 2 and 3 show the green innovation efficiency calculation results. It can be concluded that 
most regions' innovation efficiency has improved significantly, and the R&D innovation 
efficiency of China's most dynamic economic regions has improved. The improvement of 
China's R&D innovation efficiency has played a significant role in promoting, as evidenced by 
the TFP Index and various decomposition indexes. Furthermore, the performance of various 
R&D innovation efficiency indicators varies by region. Since China's innovation-driven 
development strategy was implemented, the efficiency of R&D innovation has varied greatly 
across regions, and performance has been uneven. The efficiency of the eastern, central, and 
western regions is not distributed in a stepwise decreasing pattern, as shown by TFP Index, 
Pure Technical Efficiency Variation Index, and Scale Efficiency Variation Index, and the reasons 
for the backwardness of R&D innovation efficiency in some provinces and cities need to be 
carefully investigated. 
 

Table 2. Green innovation efficiency measured by time 

Time 

Technical 
Efficiency 

Change 
Index 

Technological 
Progress 

Change Index 

Pure 
Technical 
Efficiency 
Variation 

Index 

Scale 
Efficiency 
Variation 

Index 

TFP Index 

2001—2002 1.021 1.055 0.978 1.044 1.077 
2002—2003 0.916 1.153 0.944 0.971 1.056 
2003—2004 1.062 0.826 1.05 1.011 0.877 
2004—2005 0.992 1.028 0.973 1.02 1.02 
2005—2006 0.989 0.985 1.007 0.982 0.974 
2006—2007 0.969 1.026 0.987 0.982 0.995 
2007—2008 1.024 1.024 1.035 0.99 1.048 
2008—2009 0.944 0.963 0.976 0.968 0.91 
2009—2010 1.072 0.955 1.056 1.015 1.024 
2010—2011 0.929 1.039 0.971 0.956 0.965 
2011—2012 1.061 0.954 1.046 1.015 1.012 
2012—2013 0.998 1.048 0.97 1.028 1.045 
2013—2014 1.039 1.083 1.022 1.017 1.125 
2014—2015 1.107 0.995 1.082 1.024 1.102 
2015—2016 1.039 1.06 1.018 1.021 1.102 
2016—2017 1.025 0.969 1.115 0.92 0.994 



Volume 3 Issue 7, 2022 

DOI: 10.6981/FEM.202207_3(7).0004 

32 

Frontiers in Economics and Management 

ISSN: 2692-7608 

 

Table 3. Green innovation efficiency measured by region 

  
Technical 

Efficiency Change 
Index 

Technological 
Progress Change 

Index 

Pure Technical 
Efficiency Variation 

Index 

Scale Efficiency 
Variation Index 

TFP 
Index 

Beijing 0.956 1.015 1 0.956 0.971 
Tianjin 0.965 1.024 0.974 0.991 0.988 
Hebei 0.979 1.04 1.038 0.944 1.018 

Liaoning 1.002 1.031 1.018 0.984 1.032 
Shangha

i 
1.006 1.002 1.002 1.004 1.009 

Jiangsu 1.023 0.987 1.014 1.008 1.009 
Zhejiang 0.981 1.013 1 0.981 0.994 

Fujian 0.977 1.032 0.982 0.995 1.008 
Shandon

g 
0.991 0.996 0.99 1.001 0.987 

Guangd
ong 1 1.017 1 1 1.017 

Hainan 1 0.974 1 1 0.974 
Shanxi 1.015 0.999 1.054 0.964 1.015 
Inner 

Mongoli
a 

1.005 1.002 1.034 0.972 1.007 

Jilin 1.012 1.01 1.016 0.996 1.023 
Heilongj

iang 
1.022 0.983 1.028 0.994 1.005 

Anhui 1.019 0.97 1.014 1.005 0.989 
Jiangxi 1.061 1.002 1.058 1.002 1.062 
Henan 1.08 1.016 1.069 1.01 1.098 
Hubei 1.014 0.995 1.003 1.011 1.01 
Hunan 0.987 1.006 0.987 1 0.993 

Guangxi 0.98 1.014 0.982 0.998 0.994 
Sichuan 1.035 0.999 1.034 1 1.034 
Guizhou 1.049 1.009 1.042 1.007 1.059 
Yunnan 1.003 1.025 0.999 1.005 1.028 
Shaanxi 1.026 0.979 1.026 1 1.004 
Gansu 0.995 1.002 0.995 1 0.997 

Qinghai 1.051 0.998 1.006 1.044 1.048 
Ningxia 1.059 1.001 1.024 1.033 1.06 
Xinjiang 1.013 1.03 1 1.013 1.043 
chongqi

ng 
1.015 1.064 1.016 0.999 1.08 

3. Analysis of Spatial Spillover Effects 

3.1. Model 
Because spatial interaction exists in reality, it is vital to assess the spatial autocorrelation of the 
research items before creating a model to examine the spillover impact of green innovation. 
The presence of geographical independence is one of the null hypotheses of spatial correlation, 
as is the existence of positive or negative spatial autocorrelation. There are other methods for 
determining geographic correlation, including the global or resident Moran index, the Geary 
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index, and the Getis index [4]. Because the Moran index is unaffected by deviations from normal 
distribution, it is commonly used to measure the spatial correlation of all geographic units in a 
region. The global Moran index of green innovation efficiency is shown as: 
 

𝐼 =
∑ ∑ 𝑊 (𝐶 − 𝐶̅) 𝐶 − 𝐶̅

𝑆 ∑ ∑ 𝑊
                                                 (4) 

 

𝑆 =
1

𝑛
(𝐶 − 𝐶̅) , 𝑦 =

1

𝑛
𝛴 𝐶                                                    (5) 

 
where 𝐶  is the green innovation efficiency of region 𝑖, and 𝑆  and 𝐶̅ represent the expectation 
and standard deviation of regional green innovation efficiency, respectively. 𝑊  is a spatial 
matrix, and we use an adjacency matrix to define a spatial weight matrix, that is, if region 𝑖 is 
adjacent to region 𝑗, then 𝑊 = 0. Considering the interactive effects that different regions are 
spatially close to but not adjacent to,we also selects a spatial weight matrix of geographic 
distances. The elements in the matrix are the reciprocal of the geographic example 𝑑  of region 
𝑖 and region 𝑗, namely 𝑤 = 1/𝑑 . The weight matrix 𝑊  is processed by row unitization, that 
is, the sum of the elements of each row of the matrix is 1. 
The Moran exponent ranges from -1 to 1, and the closer the absolute value is to 1, the greater 
the degree of spatial autocorrelation. When I > 0 , it means that there is a positive spatial 
correlation, on the contrary, when I < 0, it means that there is a negative spatial correlation. 
The normal statistic 𝑍 = (𝐼 − 𝐸(𝐼))/ 𝑉𝐴𝑅(𝐼)  is used to test whether the Moran index is 
significant, where E(I) and VAR(I) are the expectation and variance of the Moran index I, 
respectively. If the Z-statistic is greater than the critical value 1.96 of the normal distribution 
function at the 5% level, it indicates that the spatial distribution of green innovation efficiency 
has a significant spatial autocorrelation relationship. The global Moran index can test the 
overall spatial correlation of the region, but there is no way to determine the specific structure 
and related contributions of local spatial aggregation. Therefore, we introduce the local Moran 
index and draw the Moran index scatter plot to more intuitively reflect the autocorrelation of 
the sample object and adjacent areas. The partial Moran index of green innovation efficiency is 
shown as: 
 

𝐼 =
𝐶 − 𝐶̅

𝑠
, 𝛴 𝑊 𝐶 − 𝐶̅                                              (6) 

 
The horizontal and vertical axes divide the two-dimensional plane into four quadrants in the 
Moran index scatterplot, which correspond to the four spatial aggregation forms between the 
sample object and adjacent areas: the first quadrant represents high-high aggregation (high-
efficiency areas are surrounded by high-efficiency areas), the second quadrant represents low-
high aggregation (low-efficiency areas are surrounded by high-efficiency areas), the third 
quadrant represents low-low aggregation (low-efficiency areas surrounded by low-efficiency 
areas), the fourth quadrant represents high-low agglomeration (high-emitting areas 
surrounded by low-emitting areas). High-high aggregation and low-low aggregation imply a 
positive spatial correlation between the sample items, whereas high-low aggregation and low-
high aggregation suggest a negative geographic correlation between the sample objects. 
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Due to the existence of spatial correlations, using a non-spatial panel data model based on 
cross-sectional data might result in erroneous and inefficient estimations. This paper 
establishes a geographic panel study to evaluate the spatial spillover impact of green innovation 
using a spatial autoregressive model (SAR), a spatial error model (SEM), and a spatial 
autoregressive model with spatial autoregressive error term (SARAR). The SAR and SEM refer 
to two separate spatial interaction impact modalities. SAR believes that a region's green 
innovation efficiency is influenced not only by its own green innovation characteristics, but also 
by the green innovation efficiency of neighboring areas. The geographically weighted average 
of carbon emissions in neighboring areas is used to calculate the region's green innovation 
efficiency. The expression is is shown as: 
 

𝐶 = 𝜌 𝐶 + 𝛽𝑋 + 𝜀                                               (7) 

 
The SEM assumes that omitted factors that impact an area and neighbouring regions produce 
regional interaction effects. The fraction not explained by green innovation efficiency in this 
region's carbon emissions may be included in the error term, and the spatial interaction is 
assessed by the link between the error term and the spatial lag of error. The expression is 
shown as: 
 

𝐶 = 𝛽𝑋 + 𝜇

𝜇 = 𝜆 𝑤 𝜇 + 𝜀
                                                              (8) 

 
The SAR and SEM were integrated to create SARAR, a more extended spatial econometric model 
that ensured the findings' robustness. SARAR looks at the relationship between green 
innovation and error terms in a given area. The expression is show as: 
 

⎩
⎪
⎨

⎪
⎧𝐶 = 𝜌 𝑊 𝐶 + 𝛽𝑋 + 𝜇

𝜇 = 𝜆 𝑊 𝜇 + 𝜀

                                            (9) 

 
Where 𝐶  is the vector of per capita carbon emissions in year t in region i, 𝑋  represents the 
vector of each explanatory variable in year t in region i, and 𝛽  is the regression coefficient, 
which reflects the impact of each explanatory variable on regional per capita carbon emissions. 
𝑊  is the row-normalized spatial weight matrix. 𝜌 is the regression coefficient after the space, 
which reflects the influence and direction of the green innovation efficiency of the adjacent 
region on the green innovation in the region. 𝜆 is the spatial error coefficient, which measures 
the influence of the error term of the green innovation factor of the adjacent region on the 
regional green innovation efficiency. 𝜇 is the disturbance term and 𝜀 is the random error term, 
all of which are independent and identically distributed normal random variables. When 𝜆 is 
significant, it means that there is a spatial correlation between missing variables or 
unobservable random shocks that are not included in the efficiency of green innovation. 
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3.2. Data 
This paper takes 2001-2017 as a period, and selects Chinese provinces (excluding Tibet, 
Ningxia, Taiwan, Hong Kong and Macau) as a sample. Based on the characteristics and data 
quality of regional innovation capabilities, the dependent and independent variables of the 
spatial econometric model are shown in Table 4. 
 

Table 4. Model Explanation and Explained Variables 
Level Variable Meaning 

Explained variable Carbon emission Total carbon emissions 
Explanatory variables   

Regional innovation Innovative achievements Number of scientific papers 
Energy efficiency Total energy consumption 

Opening Total import and export 
Enterprise innovation R&D activities Expenditure of R&D funds 

R&D Human Number of R&D personnel 
Industrial innovation Intellectual property protection Industrial structure 

3.3. Analysis on the Spillover Effect of Green Innovation 
The table shows the global Moran index of China's carbon emissions from 2001 to 2017. The 
results show that the Moran index value of carbon emissions is positive at the 1% significance 
level under the circumstances of the adjacency matrix and the geographical distance weight 
matrix, confirming the presence of spatial autocorrelation of regional carbon emissions. As a 
result, spatial econometric approaches must be used for regression estimation. The Moran 
index trend of China's carbon emissions is shown in Figure 1, and the spatial aggregate of 
China's carbon emissions is changing. There was a little decline between 2000 and 2003, 
indicating a reduction in the degree of carbon emissions buildup, but not a major reduction. It 
began to decline after recovering in 2003-2004, and it dropped across the board in 2008-2012, 
which might be attributed to energy saving, emission reduction, or industrial improvement, 
although regional carbon emissions still show substantial geographic correlations. 
 

 
Figure 1. Moran index calculation results 

 
In order to further analyze the relationship of carbon emissions between provinces and their 
neighboring provinces, this paper makes scatter plots of Moran index in 2001 and 2017 
respectively. Most provinces fall into the first and third quadrants, and most of the provinces 
belonging to the high-high aggregation type are located in the northeast region, and the low-
low aggregation type provinces are mainly located in the southwest region. Hainan spans the 
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second and third quadrants, and Heilongjiang spans the first and second quadrants. In 
particular, the Northeast region has long been dominated by heavy industry, which belongs to 
the type of high-high aggregation, and carbon emissions have spillover and transfer effects on 
surrounding provinces. Through industrial upgrading, green innovation, energy saving and 
emission reduction, these spillover and transfer effects can be gradually reduced. Therefore, 
industrial synergy activities between different regions may have a positive impact on green 
innovation. In order to realize the low-carbon transformation of China's economy, it is 
necessary to promote and strengthen industrial collaborative innovation and cooperation in 
emission reduction between different regions, especially in regions with large energy 
consumption and unbalanced industrial structure. 
 

 
Figure 2. Moran index scatter plot of carbon emissions in 2001 and 2017 

 
The spatial autoregressive model (SAR) and the spatial error model (SEM) are used in this 
paper to quantify the contribution of each related factor to regional green innovation reduction. 
The table 5 shows the results. When comparing the non-spatial panel model and the spatial 
panel model, the non-spatial panel model's model fitting results are skewed because it ignores 
the correlation between regions. In my country, there is a significant spatial dependence of 
carbon emissions between regions. Carbon emissions in this region are influenced not only by 
their own influencing factors, but also by neighboring regions' carbon emission activities. In 
addition, the table calculates the contribution of each factor to carbon emissions. 
 

Table 5. Spatial regression model of green innovation on carbon emissions 
Variable Fixed effects Random effects SAR SEM 

R&D activities 
0.043** 
(0.040) 

0.061*** 
(0.002) 

-0.041*** 
(0.000) 

-0.067*** 
(0.000) 

Intellectual property protection 
-0.181*** 
(0.002) 

-0.205*** 
(0.000) 

-0.160*** 
(0.002) 

0.103*** 
(0.061) 

Opening 
0.304*** 
(0.000) 

0.300*** 
(0.000) 

0.350*** 
(0.000) 

0.293*** 
(0.000) 

Innovative achievements 
0.131*** 
(0.000) 

0.123*** 
(0.000) 

-0.082*** 
(0.000) 

0.103*** 
(0.000) 

R&D Human 
-0.027 
(0.013) 

-0.026 
(0.019) 

0.127*** 
(0.000) 

0.171*** 
(0.000) 

Energy efficiency 
0.265*** 
(0.000) 

0.246*** 
(0.000) 

0.269*** 
(0.000) 

0.281*** 
(0.000) 
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Taking the SAR model as an example, the following results can be obtained: 
First, Opening and R&D Human are around 0.350 and 0.127, respectively, and pass the 
significance test at the 1% level when the weight matrix is established. This indicates that the 
greater the amount of import and export commerce, as well as the degree of human resources, 
the greater the regional carbon emissions. This demonstrates that China's industrialisation is 
characterized by high input, high energy consumption, and high pollution, and that green 
innovation is fast increasing in tandem with economic production. IThe government should 
create and execute effective green industry support policies to produce a "green" provincial-
level industrial structure, promote healthy economic growth, and promote coordinated 
industrial emission reductions. 
Second, at the 1% significance level, the coefficient of internal R&D fund spending is 0.043, 
indicating that internal R&D fund expenditure can significantly cut carbon emissions. Increased 
investment in researchers represents an increase in innovation-related practitioners. 
Increasing R&D investment, rationally optimizing R&D investment structure, increasing R&D 
personnel investment in knowledge resources and innovation power, and leveraging the high-
tech industrial cluster environment and knowledge sharing can all help industrial clusters 
improve their innovation spillover capability. 
Third, the coefficient of Innovative achievements is significantly negative at the 1% significance 
level.  That is to say, high-tech firms' professional production and technical development may 
greatly reduce regional carbon emissions. Enterprises commercialize and update the industrial 
chain, as well as raise the degree of independent innovation, by turning high-tech industry 
research findings into patentable goods. The government will need a variety of policy measures 
to encourage and guide businesses to implement high-level technologies for digestion, 
absorption, and re-creation, as well as to guide industries in different regions to jointly 
introduce technologies and form technological innovation alliances that will help them exert 
their own innovation advantages. 

4. Conclusion 

Innovation is not only a key driver of societal development, but it is also the most effective way 
to save energy and reduce emissions. In the energy business, green innovation and knowledge 
spillovers play a significant role in lowering carbon emissions. This paper uses the DEA model 
to calculate the efficiency of green innovation, and then uses a spatial econometric model to 
investigate the impact of green innovation space spillovers on carbon emission reduction in my 
country, as well as to investigate the spatial differences in green innovation factors on carbon 
emission reduction spillover effects. The Moran index map illustrates that carbon emissions 
have spillover and transfer impacts on neighboring provinces. China's green innovation 
efficiency may considerably boost carbon emission reduction, with the key measures being 
improved openness, human capital, and energy efficiency. 
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