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In order to examine the key determinants of carbon dioxide emissions and judge whether China’s carbon dioxide emissions can reach their peak value before 2030, this study first uses the extended STIRPAT model to analyze the determinants of China’s carbon dioxide emissions from 1995 to 2019 and then uses the model regression result to forecast the carbon dioxide emissions from 2020 to 2040 under six scenarios to investigate their prospect. It is found that population size, GDP per capita, energy intensity, the share of coal consumption, urbanization level, the share of secondary industry, and investment have significant positive effects on carbon dioxide emissions. Among them, the influence of population size is the biggest and energy intensity is the weakest. China’s carbon dioxide emissions can reach their peak in 2029 under the baseline scenario. Increasing the rate of population growth, energy intensity, and share of coal consumption will push back the peak year. A lower rate of economic growth and share of the secondary industry will bring the peak year forward. Therefore, it is necessary to optimize the industrial structure and energy consumption structure, reduce the energy intensity, and control the population size in order to achieve the goal of peaking carbon dioxide emissions as soon as possible.
Keywords: carbon dioxide emissions, STIRPAT model, scenario analysis, peaking carbon dioxide emissions, China
INTRODUCTION
With the rapid development of the world economy, the expansion of the population, the modernization of transportation, the massive consumption of fossil energy, and a significant increase in greenhouse gases in the atmosphere have led to a rise in the temperature and sea level, as well as more frequent extreme weather events, climate change has become a common challenge for all mankind. The increase in greenhouse gases is mainly due to carbon dioxide, the main contributor to global warming. Therefore, taking positive action at the global level to reduce carbon dioxide emissions is considered to be a top priority.
Since the reform and opening-up, China’s economy has experienced sustained rapid growth and made remarkable achievements. But for a long time, the extensive growth mode brought tremendous pressure on resources and the environment. Since 2007, China has become the largest emitter of carbon dioxide in the world, accounting for about 30% of the global total emissions in 2018 (Ren and Long, 2021), and as of 2019, the carbon dioxide emissions are still not peaking or showing a slowing trend (IEA, 2021). Facing the grim situation of carbon dioxide emissions reduction, as a responsible major country in the world, China plays an important role in reducing carbon dioxide emissions. At the general debate of the seventy-five session of the UN General Assembly, the Chinese government declared that China will increase its national autonomous contribution and adopt more effective policies and measures for peaking carbon dioxide emissions before 2030, toward carbon neutrality by 2060. The goal of peaking carbon dioxide emissions and carbon neutrality is one of the most important tasks for China to carry out the concept of ecological civilization. Carbon neutrality was listed as one of China’s eight key economic tasks in 2021, which is enough to reflect the importance of carbon neutrality (Wen et al., 2022). As a result, the Chinese government has set the targets of differentiated peak emissions by region and industry (Fan and Lu, 2022). However, China still faces many difficulties in achieving the carbon dioxide emissions reduction target due to the large gap in regional economic development. In this context, whether China can realize the promise of peaking carbon dioxide emissions by 2030 is a hot issue that people are concerned about and discussing (Fang et al., 2022; Tang et al., 2022).
The carbon dioxide emissions are affected by many factors, and the changes in these factors will directly affect the carbon dioxide emissions and the formulation of China’s emissions, reduction policies, and strategies. Therefore, it is necessary to analyze the major determinants of carbon dioxide emissions, explore the form and intensity of their effects on carbon dioxide emissions, and forecast China’s carbon dioxide emissions in the next 20 years based on the changes in these determinants. The analysis results are of great significance for China to choose the solution path to reduce carbon dioxide emissions so as to achieve the peaking carbon dioxide emissions as soon as possible.
LITERATURE REVIEW
With the increasing severity of climate change, in recent years, the determinants of carbon dioxide emissions have gradually attracted the wide attention of scholars in different countries and regions around the world, and the key determinants are analyzed from different perspectives. For instance, Xu and Lin (2015a) research the relationship between economic growth, energy intensity, and carbon dioxide emissions in China. Shi (2003), Fan et al. (2006), Zoundi (2017), Lin and Raza (2019) explored the impact of the population change on carbon dioxide emissions. Martínez-Zarzoso and Maruotti (2011), Xu and Lin (2015b) analyzed the impact of urbanization on carbon dioxide emissions. Bento and Moutinho (2016) and Bélaïd and Youssef (2017) explored the relationship between non-renewable, renewable electricity production, and carbon dioxide emissions. Du et al. (2012) show that economic development, technological progress, and industrial structure are the most important factors influencing carbon dioxide emissions in China. Shuai et al. (2018) show that the ratio of tertiary to secondary industries and fixed asset investments are the key factors for carbon dioxide emissions in China. Alola (2019) finds that trade policy; monetary policy, and immigration index have a positive and significant impact on carbon dioxide emissions. Wu et al. (2020) investigate the effect of energy consumption on carbon dioxide emissions under different environmental regulations. Wu et al. (2021) study the impact of internet development on energy saving and emission reduction. Yang et al. (2021) find that fiscal decentralization and urban sprawl have a significant impact on air pollution. Hao et al. (2022) explore the relationship between environmental emergencies, environmental decentralization, and regional corruption. Işık et al. (2019) test the EKC hypothesis through the independent variables of real GDP, population, and renewable energy, and fossil energy consumption.
In addition to the abovementioned factors, other factors are investigated in some research. We need to use mathematical models to quantitatively analyze how these factors influence carbon dioxide emissions. The common models include the IPAT model, STIRPAT model, and LEAP model. Shuai et al. (2017) thinks that the three models are based on the actual statistical data and the results of their analysis are more convincing. Because the STIRPAT model is a multivariable nonlinear model and can be expanded to incorporate additional factors, it became a well-known model that is widely adopted to uncover the impact factors of pollutant emissions (Wang et al., 2017). For example, Shahbaz et al. (2016), Lin et al. (2017), Dong et al. (2019), Wu et al. (2019), Tang and Hu (2021), Liu et al. (2022) analyzed the determinants of carbon dioxide emissions by applying the STIRPAT model. Of course, other methods are used in other studies. For example, Işık et al. (2017) use the Zivot-Andrews unit root tests and the autoregressive-distributed Lag (ARDL) models to investigate the dynamic causalities between influencing factors and carbon dioxide emissions. Dogan and Seker (2016) analyze the impact of renewable and non-renewable energy sources on carbon dioxide emissions by using dynamic ordinary least squares estimation. Zhang Y. J. et al. (2017) constructs a system generalized method of moments (SGMM) model to assess the impact of environmental innovation on carbon dioxide emissions. Yao et al. (2018) use the threshold regression model and the mediating effect model to analyze the influencing factors of carbon dioxide emissions. Gong et al. (2022) use the factor decomposition model to analyze the influencing factors and effects on carbon dioxide emissions. Shum et al. (2021) uses the LASSO model to rank the relative importance among the set of factors affecting carbon emissions.
Regarding China’s peaking carbon dioxide emissions, experts and scholars use different models to forecast the peak year and peak value. A scenario analysis is the most widely used method, and it is also often combined with the STIRPAT model to forecast carbon dioxide emissions in different scenarios (Cui et al., 2021; Fan and Lu, 2022). On the national level, some scholars argued that China will peak in 2030 by improving the energy efficiency (Xu et al., 2021) but others argued that it will be hard to realize China’s commitment to the international community (Chen et al., 2020). In addition, there are some forecasting studies on different industries and regions, such as Fan and Lu (2022), which analyzes the possibility of the peaking carbon dioxide emissions from Chinese ports, and Ren and Long (2021), which explores whether Guangdong Province can achieve the peaking carbon dioxide emissions by 2030.
Above all, regarding whether China can achieve peaking carbon dioxide emissions commitment on time, the academia has not yet reached an agreement (Wu et al., 2022). The policies and recommendations for emissions reduction vary from study to study. It is found that the existing literature mostly forecast China’s carbon dioxide emissions in 2030, and to see if it reaches their peak, but there is no concern about the later rebound of carbon dioxide emissions. About the analysis of the determining factors of carbon dioxide emissions, most of the literature only considered a few factors, not comprehensive.
Based on this, this study attempts to improve the existing literature. The contributions of this study are as follows: First, it forecasts China’s carbon dioxide emissions according to the development trend of the determinants in the future. Different from the existing literature that only forecast 2030; this study extends the forecast period to 2040 to observe whether the carbon dioxide emissions will continue to decrease after 2030. Such a long-term forecast could help the Chinese government develop more targeted policy measures to achieve carbon neutrality by 2060. Second, as many factors as possible are selected as variables, not only including economic, population, and other recognized factors, but also the introduction of investment, urbanization, and other factors to a certain extent will dominate China’s economic structure, and can more fully reflect the external interference factors of carbon dioxide emissions. The extended STIRPAT model is used for estimation, at the same time, by combining ridge regression to overcome multicollinearity, the estimated effect of the STIRPAT model is improved and the result is more reasonable. Third, six scenarios are designed to investigate the influence of different variables on peaking carbon dioxide emissions and to reveal how different policies would affect carbon dioxide emissions. The research in this study is helpful to identify the carbon dioxide emissions in various scenarios in China in the future. Based on the results of the scenario simulation, the government can set up a reverse forcing mechanism in time, formulate corresponding measures and policies, and find an effective way to reduce emissions.
METHODOLOGY AND VARIABLE DESCRIPTION
STIRPAT Model and Forecast
The STIRPAT model is derived from the IPAT equation. The IPAT equation, which is proposed by Ehrlich and Holdren (1971), holds that the environment (I) is the result of the combined effect of the population (P), level of economic development (A), the progress of science and technology (T), and the formula is [image: image]. However, the IPAT model assumes that the driving factors are linear with the environment, which is inconsistent with the actual situation. Japanese scholar Kaya (1990) transforms the IPAT model into the Kaya model to reflect the quantitative relationship between population, economy, energy, and carbon dioxide emissions. The formula is:
[image: image]
where [image: image] is GDP per capita, represents the level of economic development, [image: image] is energy intensity, and [image: image] is the amount of carbon dioxide emissions per unit of energy consumption. Dietz and Rosa (1994) introduce random factors into the IPAT and Kaya model to construct the STIRPAT model. The formula is:
[image: image]
where [image: image] is the model constant term, [image: image] is the coefficient of P, A, T, and [image: image] is the random disturbance term. Except for P, A, T, we selected some other determinants of carbon dioxide emissions as the control variables (Xk), and an extended STIRPAT model based on the STIRPAT model is constructed as follows: 
[image: image]
To reduce possible heteroscedasticity, log both sides of the model to get:
[image: image]
Assuming that the relationship between the above factors and carbon dioxide emissions in the STIRPAT model persists over the long-term, then we can use this relationship to forecast China’s carbon dioxide emissions in 2020–2040 and to see if can reach their peak by 2030. In this study, the scenario analysis method is used for the forecast. By first setting the 2020–2040 values for each of the determinants and then bringing them into the STIRPAT regression result, carbon dioxide emissions can be calculated.
The setting of the forecast value of each variable in the scenario analysis method should refer to the relevant policy planning, the law of development of developed countries, and be compared with the change rate of different stages in the past, ensure that the data are set in line with the actual situation of economic and social development. First, a set of baseline scenarios is set, and then we adjusted the setting of a key variable to investigate the effect of this variable change on the peaking carbon dioxide emissions.
Variable Description
Carbon Dioxide Emissions
The specific formula for calculating carbon dioxide emissions is as follows:
[image: image]
where [image: image] is the consumption of type i energy, [image: image] is the conversion factor from physical units to coal equivalent, [image: image] is the factor of carbon emissions (Table 1), and 44/12 is the conversion factor of carbon to carbon dioxide. The selected energy sources include coal, coke, crude oil, fuel oil, gasoline, kerosene, diesel oil, and natural gas. Thirty provincial-level data (excluding Tibet, Hong Kong, Macao, and Taiwan) from 1995 to 2019 are selected here to calculate the total national carbon dioxide emissions. All data come from China Statistical Yearbook and China Energy Statistical Yearbook.
TABLE 1 | Factor of carbon emission.
[image: Table 1]Formula (5) is used to calculate China’s carbon dioxide emissions from 1995 to 2019, as shown in Figure 1. It can be seen that during the study period, overall, China’s carbon dioxide emissions are on the rise, but the rate of increase in each stage is different. From 1995 to 2002, China’s energy-intensive enterprises were shut down as a result of the adjustment of energy and environmental policies, and the impact of the Asian financial crisis and other factors slowed the growth of carbon dioxide emissions. From 2003 to 2011, under the influence of China’s macroeconomic policies, such as expanding domestic demand, the economy continued to grow at a relatively fast pace, especially the rapid expansion of energy-intensive industries such as cement, which has led to a marked acceleration in the growth of carbon dioxide emissions in this period. After 2011, the government departments at all levels have gradually increased their attention to resources and the environment, new energy-saving and emission-reduction policies have been introduced, and energy-saving and emission-reduction targets have been set, so the growth rate of China’s carbon dioxide emissions has been gradually slowing down.
[image: Figure 1]FIGURE 1 | China’s carbon dioxide emissions in 1995–2019 (100 million tons).
Other Variables
In this study, the variables of interest are P, A, and T. The population size is used to measure P (Zoundi, 2017; Lin and Raza, 2019), and GDP per capita is used to measure A (Dong et al., 2019; Shuai et al., 2018). Reference Poumanyvong and Kaneko (2010), Zhou and Liu (2016), energy intensity (EI) is used as the progress of science and technology (T). According to the determinations selected in the related literature, the control variables (Xk) selected in this study include the share of coal (ES) and the share of renewable energy (RE) in total energy consumption (Bento and Moutinho, 2016; Bélaïd and Youssef, 2017), urbanization level (UR, Martínez-Zarzoso and Maruotti, 2011; Xu and Lin, 2015b), the share of secondary (SS) industry and the share of tertiary (TS) industry in GDP (Wu et al., 2019), degree of dependence on foreign trade (FT, Alola, 2019), and investment (INV, Shuai et al., 2018).
The statistical description of the variables is shown in Table 2. The GDP is expressed in 2000 prices. Here, the selected related data is from 1995–2019 in China.
TABLE 2 | Statistical description of variables.
[image: Table 2]EMPIRICAL RESULTS AND SCENARIO ANALYSIS
Empirical Results
Results of the STIRPAT Model
Using the formula (4) to analyze the determinants of carbon dioxide emissions in China, the least square estimation (OLS) is used first. The result shows that apart from GDP per capita and energy intensity, the estimated coefficients of other variables are not significant and the result of RStudio running suggested that the condition number is too large and there may be serious problems such as multicollinearity. To further determine whether the data is multicollinearity, this study first calculates the correlation coefficients between any two variables. The test result shows that the absolute values of correlation coefficients between any two independent variables are more than 0.6 except lnFT, and the tests of significance of correlation coefficients show that there are linear relationships between variables except lnFT; this indicates the existence of multicollinearity.
In order to solve the multicollinearity problem and guarantee the validity and accuracy of the regression model, the ridge regression method is adopted in this study. Ridge regression is a kind of biased estimation regression method specially used for multicollinearity data analysis. In essence, it is an improved least square estimation method. By abandoning the unbiased nature of least squares, the regression coefficient obtained at the cost of losing part of the information and reducing the precision is more practical and reliable, and the tolerance to the ill-conditioned data is much stronger than that of the least-squares.
First, we need to determine the ridge parameter (k, the final value of k usually lies in the range of (0, 1)). Since the ridge regression is biased, the k value should not be too large in order to retain information as much as possible and should take the k value when the ridge trace is basically stable (Xiong et al., 2020). The formula (4) is regressed and the results show that when k = 0.059, the regression coefficients tend to be stable. The regression coefficients of lnRE, lnTS, and lnFT are not significant, so we get rid of these factors. The final regression results are shown in Table 3.
TABLE 3 | Results of ridge regression.
[image: Table 3]In order to get more robust estimates and ensure the reliability of the conclusions, this study tests the robustness by removing the control variables, changing the sample interval, and adjusting the ridge parameters. The test results show that the regression coefficients’ sign of the three variables of interest is not changed, and the influence degree on carbon dioxide emissions is relatively stable, which ensures the robustness of the estimation results.
Discussion
The coefficients of all variables are positive and in line with their economic significance, indicating that the larger the population size, GDP per capita, energy intensity, share of coal consumption, urbanization level, the share of secondary industry, and investment, the higher the carbon dioxide emissions will be. However, there are significant differences in the degree of influence of each factor on carbon dioxide emissions.
Among the variables of interest, the population size has the strongest influence with a coefficient of 1.8737. This is perhaps unsurprising, China has a huge population size, and its growth will directly lead to a shortage of living space and a demand for large-scale construction and infrastructure, resulting in huge energy consumption, and an increase in carbon dioxide emissions. Such a result is consistent with most existing studies (Cui et al., 2017; Wu et al., 2019; et al.). Although China’s natural population growth rate has been declining over the past two decades, rapid urbanization has led to a significant increase in per capita energy consumption and carbon dioxide emissions, and thus the population size is an important determinant of China’s carbon dioxide emissions.
Although the coefficient (0.2935) is much smaller than the population size, GDP per capita has a positive effect on carbon dioxide emissions; this result is consistent with our expectation. Because China is a developing country, as the economy grows, carbon dioxide emissions continue to increase, the turning point of the Environmental Kuznets Curve (EKC) has not yet arrived (Du et al., 2012), especially in the period 1995–2019 of this study, which means China can not achieve a win-win combination of emission reduction and economic growth. However, as China’s economy has changed from a high-speed growth stage to a high-quality development stage, the intensity of the effect of GDP per capita on carbon dioxide emissions is expected to decline, but the positive relationship will maintain for a longer period.
Although the coefficient is minimal (0.1742), the effect of energy intensity on carbon dioxide emissions is positive. Because China’s energy consumption is dominated by fossil fuels, especially coal, it produces more carbon dioxide emissions at the same energy intensity. The energy intensity represents the level of technology, as technology improves, energy consumption per unit of GDP or energy intensity decreases, further reducing carbon dioxide emissions. This has been confirmed by many studies, such as Du et al. (2012), Dong et al. (2019). In contrast, reducing energy intensity is an important and practical way to reduce carbon dioxide emissions.
Among the control variables, the share of coal consumption has the strongest impact on carbon dioxide emissions. In China, the share of coal consumption is more than 50%, and coal consumption produces more carbon dioxide emissions than other energy, so the high share contributes to the high emissions. But the high share of coal is determined by China’s energy endowment (it has more coal, less oil, and gas), which is hard to reverse in the short term. This is one of the main difficulties China faces in reducing its carbon dioxide emissions.
The influence of the share of secondary industry is weaker than that of coal but stronger than other variables. The secondary industry is energy and carbon-intensive industry, thus the rise of its share contributes significantly to the increase of carbon dioxide emissions, this is consistent with Wei et al. (2017) and Wu et al. (2019). Given that China is the world’s factory and its manufacturing sector is deeply involved in the global division of production. In order to meet the demand of the international market, it is difficult for the share of secondary industry to decline significantly, which is an important constraint on reducing carbon dioxide emissions.
The coefficient of urbanization level is positive. China is in the process of urbanization, and the accelerated development of housing, transportation, and other infrastructure will increase carbon dioxide emissions (Parshall et al., 2010; Hao et al., 2016). Compared with the average urbanization rate of more than 80% in developed countries, China’s current urbanization rate is only about 60%. The process of urbanization still has a long way to go and the pressure of carbon dioxide emissions caused by urbanization will exist for a long time.
Investment has a positive effect on carbon dioxide emissions (Zhao et al., 2016). The investment contributes to carbon dioxide emissions through economic growth. Because China’s economy is an investment-led model, investment has long been an important driver of China’s economic growth and has often driven the development of infrastructure-related industries such as steel and cement. These are very energy-intensive industries, and their growth has led to an increase in carbon dioxide emissions.
Scenario Analysis
Scenario Setting
In the process of China’s economic development, the government plays an active guiding role, and the medium-and long-term development plans formulated by the government are usually well implemented. Therefore, it is reasonable to take the target set by government planning as the reference standard for scenario simulation. For those variables that the government has not set planning objectives, the value of the variables should be set according to the law of recent changes. In addition, China has already entered the middle-income countries, and in the process of transferring to the high-income countries, the speed of economic development and the rate of investment have both decreased correspondingly; therefore, we can set the change of China’s economic index in the next 20 years according to the change rate of the economic index in other developed countries at a similar stage of development. On this basis, the variables in the baseline scenario (scenario 1) are set to forecast China’s carbon dioxide emissions in 2020–2040. Reference to Fan and Lu (2022), the baseline scenario is neutral and the most likely scenario. However, it is also important to consider the impact of various future favorable or unfavorable factors, so possible optimistic or pessimistic scenarios for peaking carbon dioxide emissions need to be discussed by raising or lowering the values of the variables. Then, based on the baseline scenario, the rate of change of a variable was adjusted to set scenarios 2–6 to test the effect of the change of that variable on the peaking carbon dioxide emissions.
Scenario 1, is the baseline scenario. Since the official data for 2020 for each independent variable have been released, based on this, we can forecast the carbon dioxide emissions in 2020. According to the report on the work of the government in 2022, China’s GDP will grow by 8.1% in 2021 and is expected to grow by 5.5% in 2022. Therefore, this scenario set the GDP growth rate is 8.1% in 2021, 5.5% in 2022–2025, 5.4% in 2026–2030, 5.3% in 2031–2035, and 5.2% in 2036–2040. According to the National Population Development Plan (2016–2030), the total population of China will reach about 1.45 billion by 2030. Using this as the forecast value of 2030, the average annual growth rate of the population in 2020–2030 can be calculated, the growth rate is used to forecast the population size in each year from 2021 to 2040, and further calculate the GDP per capita in each year. According to the report of China’s medium-and long-term energy development strategy (2030,2050), the energy intensity in 2030 will be 68% lower than that in 2005, the energy intensity for 2030 can be calculated, and then the average annual growth rate in 2020–2030 is calculated to forecast the energy intensity from 2021 to 2040. Based on the law of decline in the share of coal consumption in recent years in China, the share of coal consumption is set to decline by 1 percentage point per year between 2021 and 2040. The China National Human Development Report 2013 of the United Nations Development Programme forecasts that China’s urbanization rate will reach 70 percent by 2030, based on this, the average annual growth rate in 2020–2030 can be calculated to forecast the urbanization rate from 2021 to 2040. According to the law of decline in the share of secondary industry in recent years in China, the share of secondary industry is set to decline by 0.5 percentage points per year from 2021 to 2040. Referring to the investment rate of the moderately developed countries, the investment rate is set at 30% in 2040, and then the average annual growth rate in 2020–2040 is calculated to forecast the investment rate from 2021 to 2040. The investment rate times GDP to get the gross fixed capital formation in 2021–2040.
Scenario 2, to examine the effect of population size on carbon dioxide emissions in 2021–2040, the population size is adjusted in this scenario. Considering the full implementation of the “two-child policy” in 2015, the population is likely to maintain rapid growth for a longer period of time, so the population size is assumed to grow at an average annual growth rate from 2015 to 2020, the population size from 2021 to 2040 can be forecast. The size of the population calculated in this way is larger than scenario 1 and this is a pessimistic scenario for peaking carbon dioxide emissions.
Scenario 3, to explore the effect of economic growth on carbon dioxide emissions in 2021–2040, we assumed an 8.1% GDP growth rate in 2021 and 5.5% in 2022, since then it is declined by 0.1 percentage points per year. This is because the economic downward pressure is likely to continue to increase due to the impact of the coronavirus disease 2019 (COVID-19), the global demand for Chinese products continues to decline, and China’s growth rate is likely to continue to decline moderately. This low economic growth is optimistic for peaking carbon dioxide emissions.
Scenario 4, this scenario adjusts the energy intensity. Although the government has set a reduction target, the rate of decline in energy intensity over the past 5 years has been relatively slow. Refererring to Su et al. (2021), the energy intensity is assumed to grow at a fixed average annual growth rate in 2015–2020, the energy intensity from 2021 to 2040 can be forecast. This relatively slow rate of decline in energy intensity is a pessimistic scenario.
Scenario 5, this scenario adjusts the energy consumption structure. In the past 10 years, the share of coal consumption has dropped significantly, but the dominant position of coal is still just needed, the rapid decline in the future may be hindered. So the share of coal consumption is set to decline by 0.9 percentage points per year from 2021 to 2040, the rate of decline is slower than scenario 1, that is, the share of coal consumption per year is higher than scenario 1. This is a pessimistic scenario for peaking carbon dioxide emissions
Scenario 6, this scenario adjusts the industrial structure. Referring to the changes in industrial structure in moderately developed countries, and reference to Ren and Long (2021), the share of secondary industry is set at 25 percent in 2040, and the average annual growth rate in 2021–2040 is calculated to forecast the share of secondary industry from 2021 to 2039. In this case, the share of secondary industry is lower than scenario 1, this is an optimistic scenario for carbon dioxide emissions.
Scenario Results Analysis
According to the set values of the variables in the above six scenarios, the carbon dioxide emissions of China from 2021 to 2040 in each scenario are forecast, as shown in Figure 2 and Table 4. It can be seen that in scenarios 1, 3, and 6, China’s carbon dioxide emissions will peak by 2030 or before, and China will be able to achieve its peaking carbon dioxide emissions target. Under scenario 1, a peak of 18.5189 billion tons will be achieved in 2029, an increase of 359 million tons over 2019. Scenarios 2, 4, and 5 will peak between 2030 and 2040, with peaks in 2033, 2034, and 2033, respectively. It is worth noting that the main purpose of scenario analysis is not to accurately estimate carbon dioxide emissions under specific economic conditions but to reveal how different policies would affect carbon dioxide emissions and then find an effective mitigation pathway (Zhang X. et al., 2017). Therefore, we need to find the pathway to reducing carbon dioxide emissions by comparing different scenarios.
[image: Figure 2]FIGURE 2 | Projected carbon dioxide emissions in six scenarios (100 million tons).
TABLE 4 | Scenarios and forecast.
[image: Table 4]Data Source: Calculated based on the scenario forecast.
In scenario 2, as compared to scenario 1, what changed is population size. It is larger than scenario 1. This has two effects on carbon dioxide emissions, one is that the increase in population size increases carbon dioxide emissions according to the regression results of the STIRPAT model, and the other is that, with GDP unchanged, the population growth reduces GDP per capita, which in turn reduces carbon dioxide emissions. Although the two drivers are opposite, the regression coefficient of the population size variable is higher than GDP per capita, which ultimately leads to higher emissions than scenario 1, with the peak year delayed to 2033 and a peak of 19.0056 billion tons. This is mainly because population size is assumed to grow at an average annual growth rate in 2015–2020 in scenario 2, and China liberalized its one-child policy in 2015, which accelerated population growth and led to an increase in carbon dioxide emissions and a later peak year. Therefore, appropriate control of population size is still necessary to achieve the peaking carbon dioxide emissions as soon as possible.
Compared to the rate of economic growth in scenario 1, the GDP growth rate is lower in scenario 3. which reduces GDP per capita and carbon dioxide emissions when the population remains the same. Scenario 3 will peak at 18.3969 billion tons in 2026 which is similar to scenario 1. It can be seen that the lower economic growth rate will lead to a peak year forward. In other words, the higher economic growth will push back the turning point of the carbon dioxide emissions curve, because if China’s economy is allowed to grow as rapidly as it has over the past few decades, it is bound to continue its extensive growth model of high input and high output, leading to a continued increase in carbon dioxide emissions. This is the main reason why the Chinese government has proposed to promote high-quality development in recent years, not a high rate of development.
Compare scenario 4 with scenario 1 show that, all other things being equal, the 2030 peaking carbon dioxide emissions can not be achieved if energy intensity is projected to decline at the rate of the last 5 years. In this scenario, the carbon dioxide emissions peaked at 19.0624 billion tons in 2034. The reason is that China’s energy intensity has declined slowly in the last 5 years and energy efficiency has not improved significantly. The high energy intensity leads to high emissions, which is not conducive to achieving the peaking carbon dioxide emissions as soon as possible. Therefore, it is reasonable to set the future targets of energy intensity reduction like scenario 1, and the cost of reducing energy intensity is also relatively low. If continuous energy intensity reduction is held back due to the increasing cost and technical difficulties, carbon trading schemes will be one of the most effective measures for encouraging business organizations to improve energy utilization efficiency (Zhou et al., 2014).
Compared with scenario 1, scenario 5 increases the share of coal consumption, resulting in carbon dioxide emissions higher than scenario 1. In this scenario, the carbon dioxide emissions peaked at 18.8222 billion tons in 2033. This means that energy structural adjustment has great potential to reduce carbon dioxide emissions and reducing the share of coal consumption is one of the main measures that can be taken to achieve the goal of peaking carbon dioxide emissions by 2030. Accelerating energy pricing reform is a necessary pathway to energy structural adjustment (Lund, 2007). The government should continue to raise the price of coal consumption, but due to the current high cost and price of clean energy development, to increase their consumption, it can be subsidized.
Compared with scenario 1, scenario 6 reduces the share of secondary industry in GDP, resulting in a faster decline in carbon dioxide emissions, with the peak year moving forward to 2022 and the lowest peak value of 18.1806 billion tons. So the optimization of industrial structure is expected to exert greater emissions reduction potential. In the past 30 years, the industrial sector has been playing the dominant role in China’s carbon dioxide emissions. In contrast, the development of tertiary industry has helped to reduce carbon dioxide emissions. Therefore, optimization of industrial structure is also an urgent task for China to achieve the goal of carbon dioxide emissions.
Each curve in Figure 2 has an inverted U shape, which proves the existence of the EKC curve, but the rate of change and turning point of each curve is different. Scenarios 2, 4, and 5 have a similar trend; the forecast values are higher than scenario 1. This is because scenarios 2, 4, and 5 raise the value of the determination of carbon dioxide emissions, resulting in a later peak year, and a slower rate of decline after the peak. But the curves of scenarios 3 and 6 are lower than scenario 1 and decrease rapidly after reaching their turning points, this shows that optimizing the industrial structure and reducing the economic growth rate is a very effective measure.
CONCLUSIONS, RECOMMENDATIONS, AND LIMITATIONS
Conclusions
Based on the extended STIRPAT model, a fitting model of carbon dioxide emissions and population size, GDP per capita, energy intensity and other factors is constructed, and ridge regression is used to analyze the effects of driving factors on carbon dioxide emissions. Then six scenarios are set up to forecast the peaking carbon dioxide emissions of China from 2020 to 2040. The findings:
(1) Population size, GDP per capita, energy intensity, the share of coal consumption, urbanization level, and the share of secondary industry, and investment all have significant positive effects on carbon dioxide emissions. It shows that the increase in these driving factors will lead to an increase in carbon dioxide emissions. Among them, the influence of population size is the largest, followed by the share of coal consumption, the share of secondary industry, and urbanization level, and energy intensity is the weakest.
(2) The scenario forecast finds that under the baseline scenario China’s carbon dioxide emissions will peak in 2029 and is able to achieve the goal of peaking carbon dioxide emissions. Increasing the rate of population growth, energy intensity, and the share of coal consumption will increase carbon dioxide emissions and push back the peak year. A lower rate of economic growth and a lower share of secondary industry would lead to lower emissions and an earlier peak year.
(3) To ensure the smooth realization of China’s goal of peaking carbon dioxide emissions, it is necessary to control the population size reasonably, reduce energy intensity, optimize the industrial structure and energy consumption structure, reduce the share of coal consumption, and share of secondary industry. At the same time, China should take the ecological civilization construction as the development idea, guaranteeing the economy high-quality development, but not the high-speed.
Recommendations
Achieving the goal of peak carbon dioxide emissions in 2030 will require multiple efforts:
First, China should continue to reduce energy intensity. Although China’s energy intensity has declined in recent years, it is still higher than the world average. Because technological developments and improvements influence the structures and functions of societies (Işık, 2013), the government should actively guide and encourage enterprises to participate in international cooperation and introduce advanced technologies in the field of energy. At the same time, China should continue to improve the independent research and development capability of core energy technologies, provide financial support, and assistance to enterprises in their technological innovation work, increase investment in green technology research and development, and reduce the loss of resources in the process of production, exchange, and consumption to improve energy efficiency. Due to the generally high energy intensity in the western region, it is very important to reduce the energy intensity in the western region, especially in Shanxi and Ningxia provinces. The government should encourage the developed eastern regions to provide green technology and financial support to the West in order to balance regional development.
Second, speed up the adjustment of industrial structure. This is not only an important way to achieve peaking carbon dioxide emissions as soon as possible but also a condition for carbon neutrality by 2060. Although China’s share of the secondary industry dropped below 40% in 2019, it is still relatively high compared with developed countries. Therefore, China should speed up the reduction of the share of secondary industry. A scientific and reasonable plan for reducing the production capacity of high-energy consuming industries should be made as soon as possible at the national level in China, clear the objectives and tasks of all regions and high-energy-consuming enterprises to reduce their production capacity. Governments at all levels should accelerate the green transformation of steel, petrochemical, chemical, non-ferrous metals, building materials, textiles, leather, and other industries, and encourage the use of energy-saving and environmental-friendly materials in the construction industry. At the same time, China should develop vigorously the modern service industry, develop new-generation information technology, biotechnology, high-end equipment, new energy, new materials, other strategic emerging industries, and promote the convergence of emerging technologies and industries such as the internet, artificial intelligence, big data, and 5G. Green finance should also be taken seriously, developing green credit and green direct financing, and strengthen the assessment of green financial performance of financial institutions.
Third, continue to optimize the energy consumption structure. Due to the imperfect security mechanism of non-fossil energy development and the high cost of new energy, China still consumes most of its energy from fossil energy, especially the share of coal consumption is still higher than 50%. Therefore, China should accelerate the development of clean energy, research and develop low-carbon cutting-edge technologies, accelerate the development of key core technologies, and improve the absorption level of renewable energy such as wind, solar, and hydroelectricity. The government should continue to raise the price of coal consumption and limit the speed of coal mining. At the same time, China should improve the mechanism to ensure the development of non-fossil energy, accelerate technology research and development to reduce the production cost of renewable energy, give tax preference or financial subsidy to new energy products, and reduce the consumer prices of it to encourage people to buy new energy products such as new energy vehicles, and continue to increase the proportion of new energy consumption.
In addition, since the COVID-19 spread around the world, the global economic outlook is more uncertain than ever before (Işık et al., 2020). The pandemics may profoundly impact human beings (Ahmad et al., 2021). The impact has led to a reduction in social activities and industrial production and a significant reduction in energy demand and carbon dioxide emissions. But this uncertainty may be temporary and carbon dioxide emissions are likely to rebound in the next few years. So to ensure that the peaking carbon dioxide emissions is reached on schedule, China must incorporate strong climate governance actions into future planning, underpinned by structural economic change and choose a recovery path that is conducive to green stimulus and less investment in fossil fuels.
Limitations
However, it should be noted that our study may have several limitations. For one thing, limited by the availability of energy data, the sample size of data is relatively small and the result of the STIRPAT model may only reflect the situation from 1995 to 2019. Although the coefficients of variables are as expected, their size may be different from that of a large sample, so the sample size should be expanded in future research. For another, the selection of control variables may not be comprehensive, there may be some missing information and future research should increase the number of determinants to obtain more perfect information. Moreover, in this study, only six scenarios are set for forecast analysis, which may not fully reflect the impact of each determinant on carbon emissions. In the follow-up study, more scenarios should be set to find more pathways.
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