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Abstract

:

Faced with the deterioration of the environment and resource shortages, countries have turned their attention to renewable energy and have actively researched and applied renewable energy. At present, a large number of studies have shown that renewable energy can effectively improve the environment and control the reduction of resources. However, there are few studies on how renewable energy improves the environment through its influencing factors. Therefore, this paper mainly analyses the relationship between wind energy and carbon emissions in renewable energy and uses Chinese data as an example for the case analysis. Based on the model and test methods, this paper uses the 1990–2018 data from the China Energy Statistical Yearbook to study and analyse the correlation between wind energy and carbon emissions and finally gives suggestions for wind energy development based on environmental improvements.
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1. Introduction


With the rapid development of the economy and rapid growth of the population, human behaviour has an increasing impact on the global environment, such as resource shortages and environmental pollution [1,2,3,4]. Therefore, sustainable development has become the focus of all countries. In recent years, global fog and haze have become severe, the environment has drastically deteriorated, and carbon emissions have remained high [5,6,7]. These issues have become the main targets of the environmental governance of all the countries in the world. Governing the environment and alleviating the energy crisis have become the top priorities. The concept of sustainable development was proposed by the World Commission for Environment and Development, which was chaired by Mrs. Brundtland in 1987, and was adopted at the 1992 United Nations Conference on Environment and Development. The latter marks the entry of countries from all over the world into an environmentally friendly and sustainable development stage. Sustainable development is the core content of the scientific concept of development. Sustainable development refers to development that meets the needs of the present without compromising the ability of future generations to meet their needs. The theoretical core of the concept of sustainable development mainly includes two aspects: One is the harmonious coexistence between man and nature, and the other is the coordination of the relationships between people. Due to serious environmental pollution and poor environmental quality around the world, carbon emissions control is an important issue for sustainable development. Countries around the world have made relevant agreements to ensure that carbon emissions can be effectively controlled, such as the Kyoto Protocol and the Paris Agreement.



It is necessary to vigorously develop clean energy, since the total amount of carbon emissions remains high. It is also important to alleviate the continued environmental deterioration to improve its future. Among them, wind power generation is one of the most mature, large-scale developmental goals and commercialization prospects of clean energy.



After reviewing a large amount of literature, we found that the previous research mainly focused on carbon emissions, economic growth and energy consumption [8,9,10]. There are few scholars who have studied the relationship between carbon emissions and renewable energy. Since China has completed wind power generation data, this paper takes China as an example to analyse the relationship between wind energy and carbon emissions. The article concludes with recommendations for sustainable development in countries around the world. The research methods in this paper are as follows. (1) We establish an autoregressive distributed lag model, which is usually defined as an ARDL model to test whether there is a long-term co-integration relationship between wind power development and total carbon emissions. (2) We use the Granger causality test to verify the causal relationship between wind power development and total carbon emissions.



This research has far-reaching significance. It can provide a theoretical reference for environmental sustainability analysis, and provide a scientific basis for sustainable development strategies, which is conducive to future wind power construction planning. The structure of the remainder of this paper is as follows. First, it introduces the relevant research background and a large amount of literature that is related to the disciplines we studied. Second, the literature review describes the development of wind power, the spatial and temporal distributions of carbon emissions, and the application of the ARDL model and the Granger causality test. Third, the research areas and data are introduced. Fourth, we take China as an example and use the ARDL model and the Granger causality test method to analyse the case. Fifth, the results are obtained, and relevant recommendations and prospects for future research are given.




2. Literature Review


2.1. Development and Application of Wind Energy


Many countries are turning their attention to renewable energy to alleviate the status quo, since the significant global warming greenhouse effect; excessive energy shortages and the inability of traditional energy sources such as oil, coal and natural gas cannot meet the growing global energy demand. Furthermore, the relatively low power density of renewable energy, the returns on energy investment, and the trends towards energy conservation and emissions reductions will all contribute to the widespread use of renewable energy. Wind energy has wide application prospects due to its small impact on the local environment and easy management [11,12,13].



Wind energy resources are abundant, inexhaustible and sustainable. The total amount of wind energy in the world is approximately 130 million megawatts, of which 20 million megawatts of wind energy is available. This is 10 times more than the total amount of hydroelectric power that can be developed and utilized on the earth, which is up to 53 billion MWh per year. Wind power is currently the most mature renewable energy. Therefore, in order to achieve sustainable social and economic development, wind power development is a key goal. Countries have knowledge gaps in their existing wind energy abilities. To understand the distribution of wind energy resources, scholars have combined the advantages of large wind speed observation networks and grid-based advantages to geographically analyse the distribution and intensity of terrestrial wind resources on the global, continental and national scales. Better use of wind energy resources can achieve economic growth, energy conservation, emission reductions, and sustainable development [14,15,16,17].



Electricity is closely related to people’s lives. However, the traditional power industry is dominated by thermal power. The environmental pollution is very serious, causing a global greenhouse effect, which is not conducive to sustainable development. Therefore, energy conservation and emission reduction in the power industry is imperative. Due to environmental impacts and fluctuations in fossil fuel prices, the application of renewable energy in the power industry has received great attention. Wind power significantly reduces the power system life cycle costs, energy costs, greenhouse gas emissions costs and annual load loss costs, effectively alleviating global environmental degradation [18,19].



Offshore wind energy resources are the most abundant wind energy resources in all regions. Therefore, the most aspect of the technology is to understand the characteristics of the best locations for installing offshore wind power plants. To achieve this goal, it is necessary to fully understand wind resources, marine life and environmental protection, and the related conflict management [20].




2.2. Time and Spatial Distributions of Carbon Emissions and the Reduction of Renewable Energy


The carbon emissions of fast-growing cities around the world are becoming increasingly severe. To alleviate the greenhouse gas pollution, scholars usually focus on the changes in the amounts of carbon emissions. For the spatial and temporal characteristics of carbon emissions, meteorological models have difficulties simulating their transportation and diffusion, partly due to the increased surface heterogeneity and fine spatial and temporal scales. The Eulerian model has been used to observe the air or to generate a high-precision time-space distribution map using a comprehensive coefficient model of the carbon density factor and the corresponding land cover type. It is necessary for the government to understand the spatial and temporal distributions of carbon emissions and take corresponding measures to reduce carbon emissions to make the energy economy sustainable [21,22,23,24].



The decarbonization of the power industry is critical to achieve the goal of reducing greenhouse gas emissions in countries around the world and addressing fossil fuel shortages. Among them, intermittent clean energy such as wind energy and photovoltaic solar power are major components of low-carbon power systems. Scholars have studied whether the use of clean energy to generate electricity is reducing carbon emissions and if its productivity is increasing. Studies have shown that clean energy generation can not only reduce the marginal costs of power generation but also reduce carbon dioxide emissions, preventing the greenhouse effect that is caused by carbon emissions from becoming more severe [25,26,27].



Wind power plays a vital role in mitigating climate change and responding to environmental pollution. However, the difficulty and instability of wind farm scheduling hinder the development of wind power. To meet the ever-increasing energy demand and energy-savings emissions reduction targets, scholars have conducted relevant research on these problems. This research includes combining wind turbines with compressed air energy storage; combining water energy and wind energy, and using deterministic dynamic programming in long-term power generation. The extended model was optimized and the hourly power system simulation tool was used to evaluate the five additional supplements of the lowest cost integration batch to maintain system stability [28,29,30,31].




2.3. Related Research on the ARDL Model


The ARDL co-integration test method was developed by Charemza and Deadman. It was proposed by Pesaran and the ARDL co-integration test is a model for checking whether there are stable relationships between variables [32,33].



The ARDL model has the following points: It only requires that the time sequence monotony does not exceed one without pre-checking whether the time series has first-order monotonicity; the ARDL boundary test is also robust enough in small sample cases; and when the explanatory variable is an endogenous variable, the ARDL model can also be derived from unbiased and effective estimates. Therefore, it has attracted the attention of many scholars [34,35,36].



Many experts have studied the application of the ARDL model in the correlation analysis. (1) Some studied the relationship between Ghana’s carbon dioxide emissions, GDP, energy use and population growth, and added renewable energy technologies to Ghana’s energy structure, which is conducive to solving Ghana’s climate change and environmental problems. There was evidence of bidirectional causality running from energy use to GDP and a unidirectional causality running from carbon dioxide emissions to energy use, carbon dioxide emissions to GDP, carbon dioxide emissions to population, and population to energy use. As a policy implication, the addition of renewable energy and clean energy technologies into Ghana’s energy mix can help mitigate climate change and its impact in the future. [37]. (2) The causal relationship between transportation consumption, fuel price, added value of the transportation sector and carbon emissions was studied. The results show that the increase in transportation consumption technology, the increase in fuel prices, and the increase in the value added of the transportation sector are all conducive to the reduction of carbon emissions. Providing new ideas to policy makers to improve the transportation environment and other issues [38]. (3) Related researchers have studied the relationship between carbon emissions and economic growth, and given corresponding policy recommendations [39,40,41,42].




2.4. Granger Causality Test and Its Application


The Granger causality test is a statistical hypothesis testing method that examines whether a set of time series x is related to another set of time series y. It is based on an autoregressive model from the regression analysis. On the basis of this, scholars have conducted in-depth research, have made great progress in the research on the nonlinearity and robustness of causality tests, and have tested extensive applications of the causal tests in economics and finance [43,44].



There have been several applications of Granger causality tests in the research and analysis of correlation. (1) Some researchers have investigated the relationship between carbon dioxide emissions, energy consumption, actual production, actual production squared, trade openness, urbanization and financial development. In the long run, energy consumption and urbanization will exacerbate environmental degradation, while financial development has no impact on it, and trade will bring about environmental improvements. Therefore, effective energy policy recommendations are given in the literature to help reduce carbon dioxide emissions without affecting the actual output [45]. (2) Related field experts have studied the relationships between carbon dioxide, energy consumption, foreign direct investment and economic growth, and concluded that the use of clean technology for foreign investment is essential to reducing carbon dioxide emissions while maintaining economic development [46]. (3) Scholars have studied the relationship between carbon emissions, energy consumption, and economic growth in various countries, and provided useful advice to relevant policy makers to ensure the reduction of carbon emissions while promoting sustainable economic development [47,48,49,50,51].





3. Materials and Methods


3.1. Data Processing


This paper uses the annual data from 1990–2018 from the Energy Statistics Yearbook for the empirical analysis. We estimate China’s carbon emissions using the following formula:


Y=∑iqi×βi



(1)







Here, Y is the total annual carbon emissions, qi is the annual consumption of China’s primary energy, and βi is the carbon emissions coefficient. By consulting the relevant data, the carbon emissions coefficient of energy consumption is found, and the average values is used to calculate the carbon emissions coefficient of each type of energy (see Table 1). We input the data into Equation (1) to obtain China’s annual carbon emissions.



The total carbon emissions in China from 1990 to 2018 are shown in Table 2.



Wind power development is measured using the total annual installed capacity of wind power every year and is recorded as X. To eliminate the possible heteroscedasticity in the original data and not change the co-integration relationships between them, this paper takes the logarithms of the variables and records them separately as lnX and lnY. The newly installed capacity and total carbon emissions of China’s wind power in 1990–2018 are shown in Figure 1.




3.2. ARDL Cointegration Test


The ARDL co-integration test is a method that was proposed by Charemza and Deadman and also Pesaran [52,53]. The main idea is to determine whether there is a long-term stable relationship between variables using the boundary test method, and then estimate the correlation coefficient between the variables under the premise of the existence of a co-integration relationship. Combined with the research content of this paper, the main calculation steps of the ARDL co-integration test are briefly introduced.



First, we construct an unconstrained error correction model (UECM).


ΔlnYt=a10+∑i=1na11iΔlnYt−i+∑i=1na12iΔlnXt−i+a13lnYt−1+a14lnXt−1+ε1t



(2)






ΔlnXt=a20+∑i=1na21iΔlnXt−i+∑i=1na12iΔlnYt−i+a23lnXt−1+a24lnYt−1+ε2t



(3)







Here, ai0(i=1,2) is a constant, Δ is the first-order difference of the variable, εit(i=1,2) is the stable white noise sequence, n is the lag order, and t is the year. The optimal lag order of each difference term in Equations (1) and (2) is determined using a priori information or related information criteria (AIC, SBC or another). Then, the F statistic is used to test the following joint hypothesis.




{Null hypothesisH0:ai3=ai4=0,i=1,2HypothesisH1:ai3≠or ai4≠0,i=1,2



(4)





If the null hypothesis is accepted, it means that there is no co-integration relationship between the variables; otherwise, it means that there is a co-integration relationship between the variables. The relevant literature gives the upper and lower thresholds of the F statistic. If the calculated F value is greater than the upper critical value, the original hypothesis is rejected. If the calculated F value is less than the lower critical value, the original hypothesis is accepted. If the calculated F value falls between the upper and lower thresholds, the unit root test is needed. If the test results show that all variables are first-order and single-order and the sequence is an I(1) process, the conclusion is based on the upper bound. If the test result indicates that all variables are 0-order and the sequence is an I(0) process, the conclusion is drawn according to the lower bound.



Under the premise that there is a co-integration relationship between variables, the correlation coefficient between variables is estimated. The parameters of the long-term dynamic equation are estimated under the condition that the lag order is determined.



Compared with the traditional co-integration test method, the biggest advantage of the ARDL test is that regardless of whether the time series in the model is an I(0) or I(1) process, the ARDL results are relatively robust, especially for small sample estimations. However, if the variable’s single order is more than one, the F statistic regarding whether there is a co-integration relationship between the test variables will be invalid [54]. Considering the characteristics of the ARDL and the number of samples in this study, the method will be used to test the co-integration relationship between variables.




3.3. Granger Causality Test


The Granger causality test is the most common method of determining whether a change in one variable is the cause of another variable’s change. The main calculation steps are briefly given with respect to the research content of this paper.



(1) Construct a lagged term regression equation containing explanatory variables and interpreted variables. If there is a cointegration relationship between the variables, the corresponding ECM model can be constructed, and, based on this, the Granger causality test is used to analyse the long-term causal dynamic relationship between the variables. Assuming that there is a cointegration relationship between wind power development and carbon emissions, the following formal ECM models can be used.


ΔlnYt=b10+∑i=1mb11iΔlnYt−i+∑i=1mb12iΔlnXt−i+λ1ECMt−1+υ1t



(5)






ΔlnXt=b20+∑i=1mb21iΔlnXt−i+∑i=1mb22iΔlnYt−i+λ2ECMt−1+υ2t



(6)







Here, bi0(i=1,2) is a constant, υit(i=1,2) is a stable white noise sequence, and ECMt is an error correction term, which is the residual of the cointegration equation. The following steps only use equation (3) as an example.



(2) Regress the current ΔlnYt for all the lagged terms ΔlnYt-i(i=1,2,⋯,m) and other variables (if any), but this regression does not include the lagged term of ΔlnXt. It returns the sum of the squared residuals.



(3) Add the lagged term of ΔlnXt to the regression equation of step (2) and then perform the regression to obtain the sum of the squared residuals.



(4) Test the null hypothesis using the calculated squared sum of the F values of the two residuals in steps (2) and (3).


H0:b12i=0,(i=1,2,⋯,m)



(7)







If the F value that is calculated at the set significance level exceeds the critical value, the null hypothesis H0 is rejected. This means that ΔlnXt belongs to this regression, indicating that ΔlnXt is the Granger cause of ΔlnYt, and the magnitude of the causal relationship can be the pair of F values.



It should be pointed out that the Granger causality test requires that the time series be covariance stable; otherwise, the pseudo-regression problem may occur. Therefore, the unit root test is needed to assess the covariance stationarity of each time series. If there is no unit root in the test, then the time series non-covariance is stable, and the first-order difference test must be conducted before the Granger causality test. In addition, the Granger causality test is sometimes sensitive to the choice of the lagged order of the regression model and needs to be screened.





4. Model Results and Analysis


4.1. Unit Root Test


As mentioned above, if the variable order is more than one, the F statistic that uses the ARDL model to check for the existence of a co-integration relationship between variables will be invalid. Therefore, we first perform a unit root test on the variables. Since the sample size that is selected in this paper is small, the DF−GLS test method is proposed. The selection of the lagged order is based on the AIC criterion, and the maximum lagged order is eight. The results are shown in Table 3.



It can be seen from the above table that the intercept of lnX and lnY plus the delay term, the intercept only, and the P value without the intercept and the delay term are all greater than 0.05; therefore, it is an unstable sequence, and ΔlnX and ΔlnY do not contain the intercept. When the delay term is P, the value is less than 0.05, which is a stationary sequence. The single integer order of the two variables is more than the first order, and so the ARDL model can be used.




4.2. Co-Integration Test Based on the ARDL Model


This section may be divided by subheadings. It will provide a concise and precise description of the experimental results and their interpretations and the experimental conclusions that can be drawn.



We use the Eviews software to run the F tests, and the results are shown in Table 4.



If the F statistic is greater than the upper critical value, the null hypothesis is rejected, indicating that there is a co-integration relationship between the variables. If the F statistic is less than the lower critical value, then there is no co-integration relationship between the variables. It can be seen in Table 4 that at the 5% significance level, the F statistic is greater than the upper critical value. Therefore, when wind power development is the dependent variable, the variable has a long-term co-integration relationship.



On the basis of this model, the stability of the selected model is tested by using the recursive residual accumulation sum test (CUSUM) and the recursive residual cumulative square sum test (CUSUM of squares). The results are shown in Figure 2 and Figure 3.



It can be seen from Figure 2 and Figure 3 that both statistics are within the 5% significance lines, indicating that the parameters in the ARDL model are stable. From Table 4, the long-term co-integration equations for wind power development and carbon emissions can be obtained.




lnX=6.1556×lnY+68.9407



(8)





From the above formula, it can be seen that for every 1% increase in carbon emissions, 1% of the growth rate of the newly installed of wind power capacity will increase by 6.1556%. It can be seen that the increase in carbon emissions will accelerate the development of wind power.




4.3. Granger Causality Analysis


Since there is a long-term co-integration relationship between China’s wind power development and carbon emissions, an error correction model can be used to analyse the Granger causal relationship between the two. We run the analysis using the Eviews software, and the results are shown in Table 5.



It can be seen from Table 5 that carbon emissions are the cause of wind power development, and wind power development will not increase carbon emissions, but it will inhibit carbon emissions and enable the environment to be effectively improved. Therefore, the growth of carbon emissions will drive the development of wind power, but the development of wind power will also inhibit the growth of carbon emissions, thereby reducing the speed of wind power development. In the long run, the final installed capacity of wind power will reach a certain value, and the amount of carbon emissions will be reduced to a certain value, achieving stable development.





5. Conclusions and Outlook


There have been a few scholars that have studied the relationship between a certain energy’s development and carbon emissions. Almost no research has been conducted on the relationship between wind power development and carbon emissions. Here, the relationship between wind power development and carbon emissions are effectively assessed using models and causality tests. The data we used are open to the public and published by the government, and the data source is authoritative and reliable.



Results are as follows.



1. The ARDL model verifies the long-term stable relationship between wind power development and carbon emissions reductions. The two interact with each other, and so the development of wind power will impact carbon emissions.



2. The Granger causality test shows that an increase in carbon emissions will contribute to the annual increase in the newly installed wind power capacity. The reductions in carbon emissions will also inhibit the development of wind power. In the long run, the two will eventually stabilize in a certain region and steadily develop. However, at present, global carbon emissions are always increasing, which will certainly drive the development of wind power. Therefore, countries around the world should increase investments related to wind power, promote wind power development, effectively curb the increase in carbon emissions, protect the environment, and conserve resources.



3. The excessive use of fossil energy makes greenhouse gas emissions harmful to the environment. The rapid growth of carbon emissions is one of the driving forces for our development of clean energy. To promote the sustainable development of China’s energy and alleviate the energy consumption crisis, China should promote the development of wind power and promote the utilization of renewable energy.



First, in order to promote sustainable energy development, alleviate environmental pollution and reduce carbon emissions, the Chinese government should vigorously develop wind power, increase investments in wind power development, and formulate relevant subsidy policies to promote the development of renewable energy. Second, the Chinese government is also facing the problem of wind power consumption, which was solved by the government through administrative means. Currently, China is in the stage of the power market reform, and the problem of wind power consumption should be solved through market means. This will be the focus of our future research.
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Figure 1. Annual carbon emissions and newly installed wind power capacity. 
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Figure 2. CUSUM TEST. 
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Figure 3. CUSUM of squares. 
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Table 1. Carbon emissions coefficients of different types of energy.
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	Data Sources
	Coal Consumption Carbon Emissions Coefficient t(c)/t
	Petroleum Consumption Carbon Emissions Coefficient t(c)/t
	Natural Gas Consumption Carbon Emissions Coefficient t(c)/t





	DOE/EIA
	0.702
	0.478
	0.389



	Japan Institute of Energy Economics
	0.756
	0.586
	0.449



	National Science and Technology Commission Climate Change Project
	0.726
	0.583
	0.409



	Xu Guoquan
	0.7476
	0.5825
	0.4435



	average value
	0.7329
	05574
	0.4226
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Table 2. The total carbon emissions in China from 1990 to 2018.
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	Years
	Total Amount
	Years
	Total Amount





	1990
	65,131.425
	2005
	151,096.135



	1991
	68,652.9008
	2006
	165,792.045



	1992
	72,093.6518
	2007
	179,477.125



	1993
	76,201.8913
	2008
	184,448.433



	1994
	80,354.932
	2009
	193,867.63



	1995
	85,513.0048
	2010
	202,395.535



	1996
	91,068.6173
	2011
	242,899.904



	1997
	89,110.1581
	2012
	248,151.036



	1998
	87,583.4832
	2013
	255,020.596



	1999
	90,768.2709
	2014
	256,274.833



	2000
	93,169.9358
	2015
	255,275.396



	2001
	95,090.6289
	2016
	254,395.482



	2002
	100,890.264
	2017
	259,093.115



	2003
	117,681.65
	2018
	263,041.807



	2004
	136,325.105
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Table 3. Unit root test result.






Table 3. Unit root test result.





	
Null Hypothesis: D(LNY) Has A Unit Root




	
Exogenous: Constant




	
Lag Length: 0 (Automatic—Based on SIC, Maxlag = 8)






	

	

	

	
t-Statistic

	
Prob. *




	
Augmented Dickey-Fuller

	
test statistic

	

	
−3.020011

	
0.0456




	
Test critical values:

	
1% level

	

	
−3.699871

	




	

	
5% level

	

	
−2.976263

	




	

	
10% level

	

	
−2.627420

	




	
Variable

	
Coefficient

	
Std. Error

	
t-Statistic

	
Prob.




	
D(LNY(−1))

	
−0.543901

	
0.180099

	
−3.020011

	
0.0058




	
C

	
0.026425

	
0.012796

	
2.065096

	
0.0494
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Table 4. F test results.
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EC = LNX − (6.1556 *LNY − 68.9407)






	
F-Bounds Test

	

	
Null Hypothesis: No level relationship




	
Test Statistic

	
Value

	
Signif.

	
I (0)

	
I (1)




	
Asymptotic: n = 1000




	
F-statistic

	
5.501287

	
10%

	
3.02

	
3.51




	
K

	
1

	
5%

	
3.62

	
4.16




	

	

	
2.5%

	
4.18

	
4.79




	

	

	
1%

	
4.94

	
5.58
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Table 5. ECM-based Granger causality test results.
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	Pairwise Granger Causality Tests
	
	
	





	Sample: 1990 2018
	
	
	



	Lags: 4
	
	
	



	Null Hypothesis
	Obs
	F-Statistic
	Prob.



	LNY does not Granger Cause LNX
	24
	3.42253
	0.0354



	LNX does not Granger Cause LNY
	
	0.38472
	0.8162
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