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Abstract 
It provides a reference for promoting China's carbon neutralization and development 
goals in the future stage and analyzing the influencing factors of carbon emissions. Using 
the cross-sectional data of 30 provinces, cities directly under the Central Government 
and autonomous regions (except the Tibet Autonomous Region) in 2019, the main 
component analysis method in multiple regression analysis is used to construct an 
evaluation index system of factors influencing carbon emissions, and the main 
component-DEA model is used to measure the main component after regression analysis 
as the input index green innovation efficiency. The study found that except for the full-
time equivalent of R&D personnel, the licensing of green inventions and forest cover, all 
other explanatory variables have a positive impact on the carbon emissions of the 
interpreted variables. In 2019, there were 2 decision-making units with a green 
innovation efficiency of 1, accounting for 6.7%, achieving effective DEA; 11 decision-
making units with a comprehensive efficiency of more than 0.6, accounting for 36.7%, 
and the remaining 63.3% of the green innovation development of provinces have great 
room for improvement. According to the research results, targeted countermeasures 
and measures are put forward to provide suggestions for China's carbon neutrality work. 

Keywords 
Carbon Emissions; Principal Component Analysis; DEA-CCR Model; Green Innovation 
Efficiency. 

1. Introduction 

In the process of implementing the 13th Five-Year Plan and the "Made in China 2025" strategy, 
the Industrial Green Development Plan (2016-2020) puts forward that under the two-pronged 
approach of scientific and technological innovation and management innovation, China will 
fully implement the construction of a green technology system, a green manufacturing system 
and a green system to accelerate green innovation. New model transformation. On the basis of 
clarifying the connotation of the green innovation system, and according to the development 
characteristics and policy background of the green innovation system at all stages, the 
development of the green innovation system is divided into three main stages: the embryonic 
stage (1978-1999), the primary stage (2000-2011), and the formation stage ( From 2012 to the 
present), and on this basis, the gradual formation of the green innovation development system. 
Carbon neutrality and carbon emission reduction are the ultimate destination of green 
development, requiring the rational use of resources, the level of technological innovation and 
the adjustment and optimization of environmental regulation. According to the statistics of the 
China Environmental Statistics Yearbook, the carbon emission intensity of 30 provinces, cities, 
municipalities directly under the Central Government and autonomous regions (except the 
Tibet Autonomous Region) in 2019 decreased by 48.1% compared with 2005. The combustion 
of fossil energy, the use of electricity resources and industrial production and manufacturing 
have become the main sources of carbon emissions. 
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Promoting green technology innovation based on low carbon emissions can not only reduce the 
cost of clean energy, solve carbon emissions in a better way, but also provide new drivers for 
economic growth. Achieving the goal of carbon neutrality requires focusing on energy 
consumption and its structure, technological innovation, government regulation, population 
spatial structure, etc. While highly developing green innovative technologies such as carbon 
capture technologies, we need to find out the influencing factors of carbon emissions and take 
optimization measures to reduce carbon dioxide emissions. Guided by the goal and drive of 
achieving a green transformation of carbon neutrality, carbon peak and development mode, 
and as the world's largest manufacturing country, the conversion of fossil energy to clean 
energy, reducing primary energy use, and promoting green technology innovation are of great 
strategic significance for China's energy security and China's high-quality development. It is 
also an inevitable trend to deal with global warming and promote the global clean energy 
revolution in the future. Scholars mainly explore the research on the influencing factors of 
carbon emissions from the perspective of technological innovation, the intensity of 
environmental regulation and government R&D funding. There is a high degree of attention to 
the coupling relationship between environmental regulation and technological innovation, 
including the promotion of increasing R&D investment to improve the level of technological 
innovation under the pressure of environmental regulation, and the inhibitory effect of 
enterprises purchasing emission reduction equipment, increasing production input and 
reducing R&D investment. In the same external environment, different internal factors 
determine the development of green innovation between regions. 
As the largest emitter of greenhouse gases, China is attributed to long-term energy-intensive 
industries. High-energy-consuming industries consume a lot of resources and cause high 
emissions of carbon dioxide and other gases. Some scholars have conducted in-depth research 
on the factors affecting carbon emissions. Wang Tianqing et al. [1] used common carbon 
emission accounting methods and used common models to explain the influencing factors of 
carbon emissions (LMDI model, STITAT model and Tapio model) to provide reference for the 
research on the influencing factors and decoupling of carbon dioxide emissions. Zhang Qingyu 
et al. [2] used EKC and STITAT models to analyze the relationship between China's per capita 
GDP and per capita carbon emissions from 1978 to 2018, as well as the factors affecting China's 
carbon emissions. 
According to previous research, many scholars believe that the factors affecting carbon 
emissions are mainly composed of environmental regulatory intensity, the level of 
technological innovation, the spatial structure of the population and government R&D funding. 
In the 1990s, the Porter hypothesis put forward by Porter [3] believed that reasonable 
environmental regulations greatly promoted the technological innovation of enterprises, thus 
improving the competitiveness of enterprises. The technological upgrading of green innovation 
and the adjustment of the structure have led to the steady development of the social economy, 
the reduction of resource consumption and the improvement of the ecological environment. 
The benefits of China's inter-provincial economy, resources, environment and other aspects are 
considerable. Compared with the traditional innovation model, Han Jing [4]  pointed out that 
China's inter-provincial green innovation level shows a step-by-step pattern, and the 
introduction of foreign investment and structural improvement and adjustment have a positive 
impact on the efficiency of green innovation. Cao Xia and Yu Juan [5] pointed out that the 
development of innovation efficiency in China's region is unbalanced. The improvement of 
environmental regulation intensity in the early stage will have a negative impact on innovation 
efficiency. Attention should be paid to the scientific use of resources and the effective 
improvement of green innovation technologies. Through heterogeneity research and efficiency 
measurement, some scholars believe that green innovation has not played a role. Sun Xiaoting 
[6] and others believe that the level of green technology innovation in the eastern, western and 
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central regions of China's provinces and cities is obviously different, and there is no obvious 
benefit in improving the collaborative innovation ability between regions. The ability of green 
technology innovation is largely related to all aspects of industrial upgrading. Many studies 
have shown that the improvement of enterprise competitiveness and industrial green 
development also benefit from the improvement of green technology innovation ability. Yang 
Zhen [7] used the improved principal component regression analysis method to study the 
impact of China's population and economic factors on carbon emissions from fossil energy 
consumption, and concluded that the population factors represented by the total population 
and economic factors represented by economic scale have a significant positive impact on 
carbon emissions. From the perspective of the intensity of government R&D funding, green 
innovation and government R&D funding are not a simple linear relationship, but an inverted 
"U" curve with the increase of the intensity of government R&D funding. Government research 
and development funding can not only share the lack of investment in green innovation funds 
of enterprises and reasonably solve the spillover problem, but also solve the problem of 
excessive greenhouse gas and harmful gas emissions caused by insufficient green innovation. 
Green innovation efficiency reflects the level of green development. Most of the existing green 
innovation efficiency research starts from both regions and industries, and mainly focuses on 
classic DEA models. As a well-known non-parametric mathematical programming method, the 
DEA method is applied to evaluate the relative efficiency of decision units of multi-dimensional 
evaluation indicators, and is suitable for the evaluation and research of green innovation 
efficiency. Mavi and Standing[8] used the CCR-DEA model to evaluate the efficiency of eco-
innovation in OECD countries. The study found that innovation in countries such as Switzerland, 
Iceland and Luxembourg developed better. Bi[9] and others use the DEA-Tobit model to 
analyze and measure the factors affecting the efficiency of technological innovation from 2007 
to 2012. It is difficult for industrial production to avoid the emergence of unexpected output. 
Wang Hui et al. [10] took exhaust gas wastewater discharge as an unintendant output, and used 
the SBM hyperefficiency model to measure the green innovation efficiency of high-tech 
industries in various provinces. 
To sum up, in the past, there was a lack of research on influencing factors such as transportation 
mode, spatial structure of the population, and the degree of land development. Based on the 
cross-sectional data of 30 provinces, cities, municipalities directly under the Central 
Government and autonomous regions (except the Tibet Autonomous Region) in 2019, this 
paper constructs an evaluation index system for the influencing factors of carbon emissions, 
using the model takes the main component after regression analysis as the production index to 
measure the green innovation efficiency, and determines the key influencing factors of carbon 
emissions according to the measurement results. 

2. Research Methods and Model Construction 

2.1. Principal Component Analysis 
In the study of most problems, each interpretative variable has a different degree of correlation 
with the interpreted variable, and it is difficult to avoid a high degree of correlation between 
the interpreted variables. Too many interpretative variables will not only lead to the complexity 
of the calculation, but also not conducive to the analysis and processing of relevant issues. First 
of all, the principal component analysis proposed by Hotelling [11] in 1933. While retaining the 
original data information, the indicators are not correlated with each other and extracting 
superior variables. Therefore, it is necessary to use multiple collinear diagnosis to determine 
the impact of interpretation variables on parameter estimation, improve interpretation 
variables with the help of correlation, use fewer improved variables to reflect the data 
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information of original interpretation variables, and analyze and solve problems with new 
variables. It has n decision units, p indicators, and standardized raw data X. 
 























npnn

p

p

xxx

xxx

xxx

X







21

22221

11211

 
 
The main component analysis steps are as follows: 

(1) Calculate the sample correlation matrix R.   XXrR
PPij 

 , where rij is 

the simple coefficient of indicator i and indicator j. 
(2) Calculate the eigenvalues and unit eigenvectors of correlation matrix R. Calculate the 
eigenvalue, let |R- i I|=0, i=1, 2,..., p, sort the non-negative eigenvalues of R according to the size 

of the value P ,,, 21  , and calculate the vector ei corresponding to the eigenvalue. 

(3) Calculate the eigenvalue contribution rate and cumulative contribution rate. The variance 

contribution rate of the i main component Fi is 
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(4) Calculate the main component load. )p...21,(),(pij ，，， jiexzL ijiji  . 

(5) Extraction of main components. According to the principal component load on each variable, 
the principal component representation of the original data is obtained: 
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2.2. DEA-CCR Model 
Envelope analysis methods originally created by Charnes, Cooper and Rhodes [12] have a 
variety of DEA models extending from classic DEA models to confrontational and oliche cross-
efficiencies, but their goal is to get the greatest output with minimal investment.. This paper 
uses the input-oriented DEA-CCR model to measure the efficiency of green innovation. There 
are n decision-making individuals, and each decision-making individual consumes m inputs and 
obtains outputs. The i input and r output of decision decision body DMUj are recorded as xij 
(i=1,2, ..., m) and yrj (r=1,2,..., s), u and v are the weight vectors of the output indicator and input 
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index respectively, and hj is the efficiency value of the evaluated individual. The following linear 
plan is established. Model: 
 

                                                                 (1) 

 
In order to measure the efficiency of green innovation, the above plan is fractional 
programming, and the C-C transformation is dual programming to a linear programming 
problem containing non-Akimedes infinitesimal quantities  , of which ê  is (1,1,...,1) TE*: 
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3. Variable Selection and Data Collation 

3.1. Establishment of a System of Indicators for Evaluating Carbon Emission 
Influencing Factors 

Table 1. Description of influencing factors variables 
Level 1 

Indicator Level 2 Indicators Level 3 Indicators Variable 
Symbols Unit Indicator 

Category 

Influencing 
factors 

Energy Consumption 
Structure Total Energy Consumption Tec Tons T 

Level Of Technological 
Innovation 

Full-time Equivalent Of R&D 
Personnel Ferdp Person-Year F 

Green Invention Patent 
Authorization Gipa Piece F 

Mode Of Transportation 
Civil Car Ownership Cco Ten Thousand 

Vehicles T 

Private Car Owner Pco Ten Thousand 
Vehicles T 

Population Spatial 
Structure 

Proportion Of Urban 
Population Poup % T 

Year-end Population Yep Ten Thousand 
Person T 

Degree Of Land 
Development 

Crop Sowing Area  Csa Thousand 
Hectares T 

Forest Cover Fc % F 
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The interpreted variables selected to study the model in this articles are carbon emission Y. The 
interpretation variable selection: total energy consumption X1, full-time equivalent of R&D 
personnel X2, green invention patent authorization X3, civil car ownership X4, private car 
owner X5, proportion of urban population X6, year-end population X7, crop sowing area X8, 
forest cover X9. Principal component regression is used to analyze the impact of independent 
variables on carbon emissions.  

3.2. Empirical Assumptions of Influencing Factors 
Global warming is largely due to the increase in carbon emissions, and the factors affecting 
carbon emissions are now combined with existing theories and literature to lay the foundation 
for empirical analysis, introducing the relationship with carbon emissions from five 
perspectives: energy consumption structure, technological innovation level, mode of 
transportation, population spatial structure and land development. The degree of influence and 
the mechanism of the influencing factors are analyzed by principal component regression, and 
the following assumptions are made: 
Hypothesis 1: Energy consumption structure. There is a significant positive correlation 
between total energy consumption and carbon emissions. The increase in total energy 
consumption means an increase in primary energy consumption such as fossil energy. The 
carbon emissions of CO2 gases, which are one of the components of carbon emissions, will 
increase accordingly. Compared with the use of clean energy such as wind and solar energy, the 
proportion of primary energy consumption in energy consumption increases, and the heavier 
the ecological burden will be. At present, thermal power generation and heating are still the 
primary mode of supply in China, and energy consumption remains high. If the input for clean 
energy use is increased, the proportion of primary energy consumption will decrease, and 
carbon emissions will decrease accordingly. On the contrary, the proportion of primary energy 
consumption will increase, and carbon emissions will increase. In this paper, the total energy 
consumption is selected to represent the energy consumption structure. 
Hypothesis 2: Level of technological innovation. The level of technological innovation is 
negatively correlated with carbon emissions. The improvement of the level of technological 
innovation greatly reduces carbon emissions. The trial of carbon capture technology and 
negative carbon technology improves the efficiency of green innovation. The improvement of 
green innovation in technology and structural adjustment have led to steady social and 
economic development, reduced resource consumption, and improved ecological environment. 
For China's inter-provincial economy and capital The benefits of source and environment are 
considerable. Compared with the traditional innovation model, the efficiency level of green 
innovation is guided by the level of technological innovation. This paper uses the full-time 
equivalent of R&D personnel and the authorization of green invention patents to measure the 
level of technological innovation. 
Assumption 3: Mode of transportation. There is a positive correlation between the ownership 
of civil vehicles and private cars and carbon emissions. With the rise of per capita GDP, the 
consumption level of residents has been effectively improved, the demand for private cars has 
greatly increased, the number of private cars has increased, and the exhaust emissions have 
become one of the important components of carbon emissions. In 19 years, the number of 
private cars in China exceeded 200 million, which is largely predicted that carbon emissions 
will rise in the future. This paper adopts the number of civilian vehicle ownership and private 
car ownership to reflect the level of traffic replacement. 
Assumption 4: Population spatial structure. The scale of population agglomeration is positively 
correlated with carbon emissions. In densely populated areas, carbon emissions tend to 
increase with population density. In the 13th Five-Year Plan, it is proposed to accelerate the 
urbanization rate of the resident population in the mainland to reach 60%, and realize the 
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efficient transfer of rural population to cities and towns. The number of people, transportation, 
energy consumption and basic consumption of production and basic consumption brought 
about by the process will increase, resulting in carbon emissions and become the "culprit" of 
global warming. One. This paper uses the proportion of urban population and the population at 
the end of the year to measure the spatial structure of the population. 
Assumption 5: Degree of land development. The choice of land development mode is positively 
correlated with carbon emissions. On the one hand, the cost of manual processing of land 
planting increases, insufficient straw recycling methods, and farmers' awareness of energy 
conservation and emission reduction is weak. On the other hand, changes in treatment methods 
have led to open burning. The resulting gases such as CO2 and SO2 have a direct impact on the 
increase in carbon emissions; while forest cover and Carbon emissions are negatively 
correlated, and windproof and sand-fixing absorb harmful gases at the same time. In this paper, 
the sowing area and forest cover of crops are selected to show the degree of land development.  

3.3. Data Sources and Data Collation 
Sources of original data of each indicator: This article uses the panel data of 30 provinces, cities, 
municipalities directly under the Central Government and autonomous regions in China (except 
the Tibet Autonomous Region) in 2019. Among them, carbon emissions are measured by 15 
sources: raw coal, refined coal, other coal washing, coke, coke oven gas, other gas, crude oil, 
gasoline, kerosene, diesel, fuel oil, liquefied petroleum gas, natural gas, heat and electricity[13]. 
It is calculated using the following formula: 
 

12

4415

12   iii ii COFNCVCEFENCO                                           (3)  

 

Among them, 2CO is China's inter-provincial carbon emissions, iEN ( 15...21 ，，，i ) is the 15 

energy consumption of inter-provincial industries, and iCEF is the carbon emission coefficient 

announced by the IPCC in 2006. iNCV is the average low calories of energy, iCOF is the carbon 

oxidation factor, and the default value is 1, 2CO gasification coefficient is 44/12. The data comes 
from China Science and Technology in 2020 Technical Statistics Yearbook, China Energy 
Statistics Yearbook, China Environment Statistics Yearbook, China Statistics Yearbook, China 
Industrial Statistics Yearbook, Provincial Statistical Yearbook and Patent Database of the State 
Intellectual Property Office. In addition, some data from Tibet in 2019 are missing. This article 
does not consider the region and excludes the sample. 

4. Empirical Analysis 

4.1. Relevance Analysis 
Table 2. Correlation coefficient table 

 X1 X2 X3 X4 X5 X6 X7 X8 X9 
X1 1.000  0.585  0.447  0.895  0.896  0.060  0.793  0.464  -0.142  
X2 0.585  1.000  0.931  0.777  0.754  0.450  0.653  0.002  0.169  
X3 0.447  0.931  1.000  0.625  0.598  0.597  0.493  -0.102  0.098  
X4 0.895  0.777  0.625  1.000  0.999  0.072  0.926  0.441  0.077  
X5 0.896  0.754  0.598  0.999  1.000  0.046  0.931  0.461  0.084  
X6 0.060  0.450  0.597  0.072  0.046  1.000  -0.113  -0.463  -0.062  
X7 0.793  0.653  0.493  0.926  0.931  -0.113  1.000  0.603  0.175  
X8 0.464  0.002  -0.102  0.441  0.461  -0.463  0.603  1.000  -0.016  
X9 -0.142  0.169  0.098  0.077  0.084  -0.062  0.175  -0.016  1.000  
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Using Stata16.0 software to analyze the correlation between the interpreted variables and each 
variable, the following correlation coefficient matrix is obtained, as shown in Table 2. 
Available from Table 2, the explanatory variable X1 (total energy consumption) has a strong 
correlation with the explanatory variables X4 (ownership of civilian vehicles), X5 (private car 
ownership) and X7 (population at the end of the year). A linear regression model between the 
interpreted variable and the interpretative variable can be established, and the model is 
reasonable. 

4.2. Colinear Diagnosis 
The number of independent variables will lead to different degrees of interpretation of 
correlation between variables, resulting in multiple collinear problems. Using Stata16.0 
software, multiple regression analysis of interpreted variables and interpretative variables is 
carried out, and the index variance expansion factor (VIF) to test multiple collinearity is 
obtained, as shown in Table 3. 
 

Table 3. Collinearity diagnostic index table 

 Variance Expansion Factor 

X1 17.922 
X2 7.257 
X3 29.075 
X4 2.501 
X5 2.075 
X6 3.265 
X7 2.114 
X8 2.426 
X9 3.002 

 
As can be seen from Table 2, the variance expansion factor of the interpretation variable X2 
(full-time equivalent of R&D personnel) is greater than 5, and the variance expansion factor of 
the interpretation variables X1 (total energy consumption) and X3 (green invention patent 
authorization) is greater than 10, indicating that there is a serious multiple collinearity between 
the interpretation variables. 
To sum up, it can be concluded that there are serious multiple collinear problems between 
explaining variables, which will also lead to errors in parameter estimation. In this paper, the 
principal component regression analysis method is used to establish a regression model to 
solve multiple colinear problems. 

4.3. Establish a Principal Component Regression Model 
The main component analysis of the explanatory variables X1, X2, X3, X4, X5, X6, X7, X8 and X9 
using Stata16.0 software to analyze the factors affecting carbon emissions. The analysis results 
are shown in Table 4. 
As can be seen from the table, the eigenvalue of the first principal component is 4.97, and the 
degree of variation is explained by 55.520%; the eigenvalue of the second principal component 
is 2.077, which explains the degree of variation of 23.080%; and the eigenvalue of the third 
principal component is 1.090, which explains the degree of variation. It is 12.110%. The 
cumulative contribution rate of the three main components has reached 90.700% overall. 
According to the principle that the cumulative contribution rate of variance is not less than 85%, 
the first three main components should be selected to establish a principal component 
regression model. 
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Table 4. Results of principal component analysis 

Variables 
Initial Eigenvalue Extract The Sums Of Loads’ Squares 

Total 
Contribution 

Rate/% 
Cumulative 

Contribution Rate/% 
Total 

Contribution 
Rate/% 

Cumulative 
Contribution Rate/% 

1 4.997  55.520% 55.520% 4.997  55.520% 55.520% 
2 2.077  23.080% 78.590% 2.077  23.080% 78.590% 
3 1.090  12.110% 90.700% 1.090  12.110% 90.700% 
4 0.367  4.080% 94.780%    
5 0.299  3.320% 98.100%    
6 0.094  1.040% 99.140%    
7 0.043  0.480% 99.620%    
8 0.034  0.380% 100.000%    
9 0.000  0.000% 100.000%    

 
Write the following three principal component functions according to the characteristic load 
matrix: 
 

F1=0.392X1-0.378X2-0.325X3+0.440X4+0.437X5+0.076X6+0.412X7+0.189X8-0.044X9 (4) 
                      

F2=0.132X1-0.317X2-0.425X3+0.067X4+0.090X5+0.601X6+0.202X7+0.535X8-0.034X9 (5) 
                             

F3=0.260X1-0.094X2-0.028X3+0.016X4+0.009X5+0.172X6+0.112X7+0.030X8-0.938X9 (6)  
 

Table 5. Principal component score and total score of 30 provinces and cities in China 
 F1 F2 F3 F 

Beijing -0.093  3.878  0.371  0.979  
Tianjin -1.960  2.162  -1.437  -0.841  
Hebei 2.170  -1.524  -0.780  0.837  
Shanxi -0.722  -0.315  -0.934  -0.646  

Inner Mongolia -0.671  -0.825  -1.135  -0.772  
Liaoning 0.030  0.217  -0.143  0.055  

Jilin -1.650  -0.359  0.496  -1.035  
Heilongjiang -0.764  -1.529  0.421  -0.801  

Shanghai -0.976  2.959  -1.397  -0.031  
Jiangsu 4.581  1.361  -1.236  2.985  

Zhejiang 2.697  1.764  1.208  2.261  
Anhui 0.447  -0.776  -0.112  0.062  
Fujian -0.597  0.913  1.633  0.085  
Jiangxi -0.885  -0.381  1.565  -0.429  

Shandong 4.640  -1.511  -1.409  2.268  
Henan 2.465  -2.491  -0.485  0.810  
Hubei 0.444  -0.390  0.260  0.207  
Hunan 0.495  -0.790  0.901  0.222  

Guangdong 6.226  2.004  0.924  4.444  
Guangxi -0.812  -0.992  1.551  -0.543  
Hainan -2.914  0.622  1.396  -1.439  

Chongqing -1.398  0.649  0.460  -0.629  
Sichuan 1.396  -1.461  0.265  0.518  
Guizhou -1.368  -0.971  0.714  -0.989  
Yunnan -0.646  -1.264  1.290  -0.545  
Shaanxi -0.676  0.063  0.485  -0.333  
Gansu -2.124  -0.723  -0.904  -1.605  

Qinghai -3.085  0.306  -1.267  -1.979  
Ningxia -2.766  0.451  -1.082  -1.723  
Xinjiang -1.485  -1.049  -1.621  -1.392  
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Using Y1 as the newly interpreted variable and F as the newly interpreted variable, the principal 
component regression equation is obtained by using the least squares estimation method. 
 

                                 Y1=0.393F                                                                       (7) 
R2=0.913, t-Statistic=3.727 

Prob. =0.0008 
 
Among them, 0.393>0 is in line with the economic significance test. R2=0.913, indicating that 
the fit of this model is high, and the adjoint probability of t test is less than 0.008, indicating that 
F has a significant effect on Y1 and the model setting is effective. 
The standardized principal component function F is returned to the principal component 
equations (4), (5) and (6) to obtain the standardized regression equations: 
 

Y1=0.069X1-0.127X2-0.122X3+0.098X4+0.096X5+0.067X6+0.085X7+0.010X8-0.063X9 

4.4. Green Innovation Efficiency Analysis 
Using Deap2.1 software, the total energy consumption and the full-time equivalent of R&D 
personnel obtained from the main component analysis are used as input indicators, the green 
invention patent authorization as the input-oriented efficiency measurement, and the green 
innovation efficiency results after the model is solved (see Table 6). Comprehensive efficiency 
refers to the measurement of green innovation level, resource allocation efficiency and other 
aspects, reflecting the comprehensive evaluation of the development of green innovation; pure 
technical efficiency refers to production efficiency subject to management methods and 
technical level; and scale efficiency refers to the difference between the optimal production 
scale and the actual scale, that is, the investment scale affects the comprehensive. The size of 
the efficiency value. 
As can be seen from Table 6, the overall efficiency of green innovation and development in 30 
provinces in China showed a good trend in 2019, with a average value of 0.576. The 
comprehensive efficiency of 12 provinces, including Beijing, Tianjin, Liaoning, Jilin, 
Heilongjiang and Shanghai, is higher than the average, and most of the 18 provinces below the 
average are concentrated in the eastern region. The comprehensive efficiency of Henan is 0.281, 
indicating that although the eastern region has an advantageous geographical location. 
However, the allocation of resources is not reasonable enough, resulting in comprehensive 
inefficiency. In terms of pure technology efficiency, the green innovation and development of 
Beijing, Heilongjiang, Guangdong, Hainan and Qinghai has achieved optimal pure technology 
efficiency. The provinces with a scale efficiency higher than 0.99 include Beijing, Liaoning, Jilin, 
Heilongjiang, Shanghai, Zhejiang, Hubei and Sichuan. At this time, the scale efficiency is optimal, 
indicating that input and output are in the best state, and the efficiency of green innovation and 
development is relatively high. 
According to the comprehensive efficiency index, there were 2 decision-making units with a 
green innovation efficiency of 1 in 2019, accounting for 6.7%, achieving effective DEA; 11 
decision-making units with comprehensive efficiency greater than 0.6, accounting for 36.7%. 
The remaining 63.3% of the provinces have great room for improvement in green innovation 
development. 
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Table 6. China's inter-provincial industrial green innovation efficiency in 2019 
 TE PTE SE  

Beijing 1.000 1.000 1.000 - 
Tianjin 0.627 0.642 0.976 irs 
Hebei 0.370 0.391 0.947 irs 
Shanxi 0.466 0.511 0.911 irs 

Inner Mongolia 0.472 0.576 0.820 irs 
Liaoning 0.654 0.659 0.992 drs 

Jilin 0.978 0.984 0.994 irs 
Heilongjiang 1.000 1.000 1.000 - 

Shanghai 0.814 0.815 0.999 irs 
Jiangsu 0.513 0.650 0.788 drs 

Zhejiang 0.363 0.365 0.995 irs 
Anhui 0.600 0.610 0.983 irs 
Fujian 0.319 0.332 0.961 irs 
Jiangxi 0.253 0.277 0.913 irs 

Shandong 0.457 0.462 0.988 irs 
Henan 0.281 0.293 0.958 irs 
Hubei 0.594 0.595 0.999 - 
Hunan 0.489 0.502 0.974 irs 

Guangdong 0.463 1.000 0.463 drs 
Guangxi 0.499 0.551 0.905 irs 
Hainan 0.689 1.000 0.689 irs 

Chongqing 0.468 0.488 0.958 irs 
Sichuan 0.523 0.525 0.996 irs 
Guizhou 0.478 0.545 0.877 irs 
Yunnan 0.425 0.468 0.907 irs 
Shaanxi 0.892 0.929 0.960 drs 
Gansu 0.855 0.916 0.933 irs 

Qinghai 0.514 1.000 0.514 irs 
Ningxia 0.481 0.701 0.687 irs 
Xinjiang 0.742 0.937 0.792 irs 
Average 0.576 0.657 0.896 irs 

4.4.1. Effectiveness Analysis 
In order to achieve DEA effectiveness, it is necessary to meet the minimum solution of the 
sufficient and necessary conditions * = 1 and s*+=0, s*-=0 (   is the radial optimization 
quantity of each decision unit from the effective front; s*+ represents the relaxation variable; 
and s*- represents the residual variables). The scale and technical efficiency of the decision-
making individual at this time are effective; when * = 1 and When s*+≠0 or s*-≠0, the decision 
unit is weak DEA effective, but scale efficiency and technical efficiency are not optimal at the 
same time. It can be optimized by maintaining inputs to improve output or reducing inputs and 
still maintain the original output; if *  <1, it means that the DEA is invalid, indicating that the 
economic activity is neither. It is the best scale or the technology, and the allocation relationship 
between indicators needs to be adjusted on this basis. 
According to the validity discrimination rules, the effective areas of DEA in the development of 
green innovation in 2019 were Beijing and Heilongjiang provinces, accounting for 6.7%. At the 
same time, scale efficiency and technical efficiency were effective; the remaining 28 provinces 
were DEA invalid, accounting for 93.3%, indicating China's green innovation development. It 
has long-term development space. 
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4.4.2. Scale Income Analysis 

When  <1 ( 



n

j
j

1

 , it is the return value of the size of the decision-making unit), it indicates 

that the return on scale is increasing. Based on the input level of the decision-making unit, an 
appropriate increase in input can promote the increase in output; if  = 1, it means that the 
return on the size of the decision-making unit remains unchanged, the optimal value of scale 
will be achieved; and  >1, the return on scale is decreasing, at this input level. There is no need 
to increase the input. 
As can be seen from Table 6, the three provinces of Beijing, Heilongjiang and Hubei were in the 
stage of constant salary in 2019. Among the five provinces with the best pure technology 
efficiency, Guangdong is in the stage of decreasing large-scale remuneration, Hainan and 
Qinghai are in the stage of increasing large-scale remuneration, and the remaining two 
provinces are unchanged. Among the non-technically effective provinces, Liaoning, Jiangsu and 
Shaanxi are in the stage of decreasing scale returns. Although they have superior geographical 
locations and sufficient spatial resources, they lack scientific management methods and 
technology to allocate resources reasonably. The remaining 22 provinces are in the stage of 
increasing returns on scale, indicating that they continue to increase investment in green 
innovation and obtain higher ones. Production. At the same time, consider the scale and the 
impact on the comprehensive efficiency. 

5. Conclusions and Recommendations 

5.1. Main Conclusions 
(1) From the final principal component regression equation, it can be concluded that except for 
the full-time equivalent of R&D personnel (X2), green invention patent authorization (X3) and 
forest cover (X9), all other explanatory variables have a positive contribution to the carbon 
emissions (Y) of the interpreted variable. Among them, total energy consumption (X1), civilian 
vehicle ownership (X4), private car ownership (X5) and year-end population (X7) have a 
significant impact on carbon emissions. Each 1% increase in these four items will lead to an 
increase in carbon emissions by 0.069%, 0.098%, 0.096% and 0.0 85%. Therefore, it is 
concluded that the total energy consumption directly affects the level of carbon emissions, and 
the CO2 emissions from energy consumption directly increases the total carbon emissions; the 
larger the number of cars, the increase in primary energy use such as gasoline and diesel, and 
the emission of automobile emissions has a positive impact on the growth of carbon emissions; 
the total population at the end of the year. Quantity means the change of productive resources, 
modes, the conversion of transportation and the increase of population aggregation, which will 
promote the increase of carbon emissions. The sown area of crops (X8) has a general impact on 
carbon emissions. For every 1% increase, carbon emissions will increase by 0.010%. That is, a 
reasonable improvement in straw treatment can slow down the output of carbon emissions. 
The full-time equivalent of R&D personnel (X2), the authorization of green invention patents 
(X3) and forest cover (X9) have a negative impact on the growth of carbon emissions. The level 
of technological innovation is directly proportional to scientific and technological investment 
and talent input. The development and use of green innovative technologies can greatly reduce 
carbon emission levels and the number of high-tech talents. The increase in quantity and quality 
will also indirectly reduce carbon emissions. 
(2) In 2019, there were 2 decision-making units with a green innovation efficiency of 1, 
accounting for 6.7%, achieving effective DEA; 11 decision-making units with a comprehensive 
efficiency of more than 0.6, accounting for 36.7%. The remaining 63.3% of the provinces have 
great room for improvement in green innovation development. In 2019, the three provinces of 
Beijing, Heilongjiang and Hubei were in the stage of constant scale and compensation. Among 



Volume 3 Issue 7, 2022 

DOI: 10.6981/FEM.202207_3(7).0008 

72 

Frontiers in Economics and Management 

ISSN: 2692-7608 

the five provinces with the best pure technology efficiency, Guangdong is in the stage of 
decreasing large-scale remuneration, Hainan and Qinghai are in the stage of increasing large-
scale remuneration, and the remaining two provinces are unchanged. Among the non-
technically effective provinces, Liaoning, Jiangsu and Shaanxi are in the stage of decreasing 
scale returns. Although they have superior geographical locations and sufficient spatial 
resources, they lack scientific management methods and technology to allocate resources 
reasonably. The remaining 22 provinces are in the stage of increasing returns on scale, 
indicating that they continue to increase investment in green innovation and obtain higher ones. 
Production. At the same time, consider the scale and the impact on the comprehensive 
efficiency. 

5.2. Recommendations 
In order to achieve carbon peak by 2030 and carbon neutrality by 2060, in order to reduce 
carbon emissions, we need to start with its influencing factors, we should focus on the following 
aspects: 
1) Increase investment in the research and development of green innovative technologies and 
clean energy technologies, eliminate high-energy machinery and equipment, adjust the price of 
fossil energy, guide the public to use primary energy reasonably, and shift the focus to the use 
of clean and green energy. 
2) While the number of urban population is increasing, we will deepen the concept of low-
carbon life, enhance the quality of talents, and lay a stable foundation for promoting 
technological innovation, developing clean energy and reducing carbon emissions. 
3) Develop low-carbon transportation with the help of policy drivers, increase the number of 
public transportation vehicles, build more public transportation land, reduce the travel of 
private cars, and increase fiscal and tax preferences to promote the use of new energy vehicles. 
4) We will strengthen the control of agricultural straw incineration, promote waste crushing, 
breeding or burial, improve the efficiency of land production, and reduce the emission of 
polluting gases. 
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