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Energy intensive industries (EIIs) in China are predominantly reliant on fossil fuels. Consequently, such high fossil fuel dependency has amplified carbon emission levels and blocked the low-carbon transition. It is inappropriate to discuss the solution of the dependency before investigating fossil-fuel price distortion and its impact on the industrial energy consumption. Therefore, this paper built a dynamic trans-log cost function model based on provincial panel data of China’s Ells between 2004 and 2016, to investigate inter-fuel substitution effects caused by own price elasticities and cross price elasticities, and analyzed the impact of fossil-fuel price distortions on low-carbon transition. The level of price distortions in coal, gasoline and diesel was evaluated, based on which the CO2 mitigation potentials in China’s EIIs were estimated. Results show that: 1) in each EII sector, the own price elasticities of all fuels were negative while the cross price elasticities among coal, oil and electricity were positive, suggesting substitution effect exists; 2) the average level of price distortions in coal, gasoline and diesel is 7.48, 11.1 and 32.19%, respectively, which means the prices of coal tend to be more market- oriented than the other two fuels; 3) removing coal price distortions can potentially reduce CO2 emissions in China’s EIIs by 905.78 million tons, while the effects of removing oil price distortions were uncertain, unless the substitution of coal for oil was restrained. Therefore, there is still much room for improvement in China’s fossil-fuel market reform. Possible policies are required to improve the production in EIIs and the low-carbon transition by adopting cleaner energy resources to substitute fossil-fuels.
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HIGHLIGHTS

➢ Focus on the low-carbon transition in China’s energy intensive industries
➢ The degree of fossil-fuel price distortions is estimated
➢ Substitution relationship among energy inputs is analyzed
➢ CO2 mitigation potentials are estimated by removing fossil-fuel price distortions.
1 INTRODUCTION
Energy Intensive Industries (EIIs) in China have maintained high-speed growth for over 3 decades since China’s reform and opening-up. In 2016, the total industrial value of the EIIs reaches 9,849 billion yuan, 42 times of the level in 1985, which represents one third of the total industrial value of all sectors. In the meanwhile, energy consumption from the EIIs has increased almost 9 times from 222 Mtce in 1985–2158 Mtce in 2016, accounting for 70.0% of energy consumption in all sectors (Figure 1). From the perspective of energy input structure, coal-related fossil-fuels are 71.7% of total energy sources, followed by electricity and oil-related fossil-fuels (Figure 2). The high proportion of fossil-fuels has led to serious environmental issues due to CO2 emissions. According to Wang et al. (2019a), CO2 emitted by China’s EIIs takes up 79.7% of total emissions.
[image: Figure 1]FIGURE 1 | Energy consumption and industrial output in China’s EIIs.
[image: Figure 2]FIGURE 2 | Fuel consumption structure in China’s EIIs.
In order to maintain steady economic growth and build a cleaner environment, the policies that aimed at declining the reliance on fossil energy have attracted governments’ attention in recent years. Many studies have focused on the impact of carbon emissions caused by inputting fossil fuels on economic growth. In China, the EIIs, which heavily relies on raw material production and processing, has become one of the key challenges for economic transformation and upgrading. In this context, low-carbon transition of the EIIs is inevitable and of great significance for the sustainable development of China’s economy. On the other hand, environmental issues such as climate warming and frequent haze have forced the industry to make a low-carbon transition. Controlling the fossil-fuel consumption and cutting the pollution emissions of the EIIs have become the key point of China’s industrial low-carbon transition. Chinese government has also put forward a series of goals, such as, controlling the total amount of energy consumption during the 13th 5 years plan, achieving a 15% reduction in energy consumption per unit output value by the end of the 13th 5 years plan, reaching the peak of carbon emissions at around 2030 while striving to reach that peak as early as possible.
However, fossil-fuel price distortions caused by the lag of energy market reform is distorting the relative prices of energy options, leading to excessive use of fossil-fuels and hence hindering the low-carbon transition in China’s EIIs. In China, as energy products are important input factors in the process of China’s economic development, the price of traditional fossil-fuels has been kept at a low level for a very long period (Wang and Tian, 2015; Sun et al., 2016), which has made a large number of outdated capacities that should be phased out still profitable, and thus slowed the low-carbon transition to cleaner energies. The fossil-fuel price distortions will have a negative impact on the low-carbon transition in two ways: firstly, the low cost of fossil-fuels enables the EIIs to gain profits simply by consuming more energy inputs, which inhibits the motivation for long-term profit growth through Research and Development (R&D)and technology investment; Secondly, the low costs of fossil-fuels encourages the EIIs to use more traditional fossil-fuels, which impedes the substitution of clean energies for traditional fuels. Therefore, the distorted fossil-fuel prices have brought about excessive dependence and overuse of traditional energies in China’s EIIs, inhibited the input of other production factors and substitution of clean energies, thus become a barrier to the low-carbon transition.
Therefore, the objectives of the paper are to measure the degree of fossil-fuel price distortions and impact on the low-carbon transition in China’s EIIs. In China, the EIIs are consist of six industries, namely the processing of petroleum, coking and nuclear fuel industry; production and supply of electric and heat power industry; raw chemical materials and chemical products manufacturing industry; non-metallic mineral products manufacturing industry; smelting and pressing of ferrous metals industry; and smelting and pressing of non-ferrous metals industry. The first two industries, both energy industries, are not covered in the paper as they use energy as factor inputs and in the meanwhile produce energy as outputs, and thus the degree of fossil-fuel price distortions which relies on the relationship between the marginal product and price of factor inputs cannot be captured as the price distortions could come from both directions. As a result, this paper focuses on the rest four industries and main contributions include three aspects; 1) The degree of fossil-fuel price distortions is measured; 2) A dynamic economic model is built to study the relationship between energy inputs and the output and analyze fuel substitution effects in China’s EIIs; 3) The impact of fossil-fuel price distortions on carbon emissions and the low-carbon transition is further evaluated.
The structure of this paper is organized as follows: Section 1 introduces energy uses in China’s EIIs and purpose of this study; Section 2 summarizes relevant literature on the topic of energy price distortions and the impact on low-carbon transition; Section 3 presents the methodology adopted and variables and data sources used; Sections 4, 5, elaborate the empirical analysis of China’s EIIs and then conclusions and policy suggestions are made in Section 6.
2 LITERATURE REVIEWS
Energy prices have long been regulated by the government, and thus the marketization degree of energy products remains very low. There are extensive studies that focus on the lagging energy marketization reform and the resulting energy price distortions. Shi and Sun (2017) established a two-sector economic model to demonstrate a negative correlation between price distortions and economic growth caused by China’s energy market regulation. Ouyang et al. (2018) paid attention to regional characteristics of energy market-oriented reforms, and studied the impact of energy price distortions on energy efficiency through analyzing the energy market-oriented reform policies of key cities. Li et al. (2019a) built a model based on the neoclassical growth theory to capture the negative impact of energy price distortions on environmental pollution. Wang et al. (2019b) studied the relationship between oil price distortions and carbon emissions in China’s transport sector. It can be seen from the abovementioned literature that the research on energy price distortions is gradually evolving from national level to industrial and regional level.
From the perspective of quantitative study, most measurements of price distortions in energy market are presented as energy price distortion index. The basic idea of the measurement is first to estimate the marginal output of energy input according to the production function, i.e., evaluate the expected return per unit of energy inputs, and then measure the degree of distortions in energy price by the ratio of the expected return to the actual return per unit of energy inputs. Therefore, the energy price distortion index studied by a large number of literature is, in essence, describing the distortions in the ratio of marginal revenue product (MRP) to energy prices (Shi and Sun, 2017). Besides the energy price distortion index, some others build economic models such as the total cost function and factor share equations to measure the optimal price of factor input, and then compare this optimal price with actual price of energy products to estimate the energy price distortions. For example, Khademvatani and Gordon (2013) used a limited profit function model to measure the shadow price of energy products; Haller and Hyland (2014) and Ouyang and Sun (2015) adopted the translog cost function model to measure the degree of energy price distortions. These measurements reveal the gap between actual price and the optimal price (benchmark price) of energy products.
As fluctuations in energy price have direct impact on the quantity of factor inputs and outputs, the direct prediction of fossil energy consumption was relatively complex and difficult, Manigandan et al. (2021) analyzed the association between many exogenous variables and forecasted the natural gas production and consumption in United States. Many other studies focus on the issue of price elasticity and factor substitution. Berndt and Wood (1975) initially employed energy factor into the trans-log model proposed by Christensen et al. (1973) to estimate the factor substitution effect between energy and capital. Then a large number of literature have studied the factor substitution effect between energy and other input factors, such as Kim and Heo (2013), Haller and Hyland (2014), Adetutu (2014), Sharimakin (2019). As energy inputs are consist of various fuel types, increasing attention has been drawn on discussing both factor substitution (between energy and other input factors) and fuel substitution (between different fuel sources) concurrently, such as Li and Lin (2016), Wang and Lin (2017), Huh et al. (2018), Presley and Lin (2018), Marques et al. (2018), Li et al. (2019b). However, the results obtained by these studies on the relationship between energy and other factors are controversy, with some suggest that energy and capital as well as energy and labor are substitutes, while others argue that both are complements. But when it comes to fuel substitution, most results agree that a substitute relationship exists.
As China’s economy is entering into a “new normal” with a slower growth but increasing focus on the environment, it is critical for the EIIs to shift from an extensive development pattern towards high efficiency and sustainable production. In the aspect of low-carbon transition in the EIIs, existing literature have discussed the influencing factors to a clean development and the potential for energy conservation and emission reduction from different perspectives. For example, from the viewpoint of energy efficiency, Tian and Lin (2018) studied factors influencing energy intensity in China’s EIIs through the index decomposition method (IDA) and production decomposition method (PDA), and their results showed that technology improvement effect is the most important influencing factor to energy intensity; Guo et al. (2018) used data envelopment analysis (DEA) method to measure the total factor energy efficiency of China’s EIIs, and results suggested that strengthening environmental regulation and improving the environmental efficiency of energy consumption are effective ways to achieve sustainable development. With respect to carbon emission performance, Yuan and Zhao (2016) used the input-output decomposition method to analyze the influencing factors of carbon emission in China’s EIIs, and decomposed the changes in carbon emissions into three underlying factors: emission intensity, technology and output demand; Lin and Tan (2017), Du et al. (2018) adopted the logarithmic mean divisia index (LMDI) method and scenario analysis to study influencing factors of carbon emissions and evaluate carbon emission reduction potential in China’s EIIs. In terms of energy conservation and emission reduction management, Li et al. (2014) summarized the economic regulation policies that China’s EIIs are facing; Zha et al. (2017) investigated the energy-saving technologies and the impact of technology guidance policies on energy conservation and emission reduction; Ouyang and Ju (2017) analyzed the management aspect of energy conservation and emission reduction in China’s EIIs.
The above-mentioned literature has studies the clean growth of China’s EIIs from different aspects and stressed the inevitability of a low-carbon transition. However, one of the most important problems faced by the EIIs, which is the distortions in energy prices, has not been discussed sufficiently. Therefore, this paper focuses on how the energy price distortions affect input factors and productivity thus hamper the low-carbon transition in China’s EIIs.
3 METHODOLOGY AND DATA DESCRIPTION
3.1 Methodology
China’s EIIs are characterized by high energy inputs and carbon emissions, partly because of that the prices of fossil-fuels in China have long been regulated at a very low level. In this paper, a production function model is built to reflect the impacts of energy price fluctuations on input-output relationship in the production process. In China’s EIIs, essential input factors are capital, labor and energy sources; while energy inputs are consist of various fuel types, mainly coal-related fuels (co), oil-gas fuels (og) and electricity (el). Therefore, the production function can be expressed as Eq. 1. Where, co refers to coal related fuels including raw coal, cleaned coal and coke; og represents oil fuels including gasoline, diesel and kerosene and natural gas. Similar as Yang et al. (2014) and Li and Sun (2018), natural gas is merged with oil fuels due to its small percentage in total energy inputs. In China’s EIIs, coal-related fuels are the dominant type of energy sources, which account for around 70% of total energy inputs.
[image: image]
In order to analyze the impacts of input factor prices on input-output relationship, we further derive the cost function from the production function, with the assumption that output is exogenous. In order to avoid constant elasticity of substitution, with refer to Berndt and Wood (Chen et al., 2019), Ma et al. (Zheng et al., 2020), and Wang et al. (Niu et al., 2021), a trans-log cost function is adopted to analyze the energy price elasticity.
[image: image]
The cost function Eq. 2 satisfies the assumptions of non-neutral technical progress and non-constant returns to scale. In the meanwhile, it also satisfies the adding up, homogeneous and symmetric restrictive conditions as described in .
[image: image]
Obtained from the Shephard lemma, the factor share function of capital, labor and energy can be written as Eq. 4, Which can reflect the relationship between factor prices and factor inputs. It is noteworthy that the sum of all factor shares is equal to 1, therefore, we have to drop one equation to avoid the singularity when doing the estimation.
[image: image]
Then we turn to consider separating energy inputs into three different types (coal, oil-gas and electricity). With the assumption of constant returns to scale, the total energy price function (in Eq. 5) that derived from the trans-log energy cost function, can reflect the relationship between total energy price ([image: image]) and the price of each energy form.
[image: image]
Based on Eq. 5, the cost share equation for coal, oil-gas and electricity can then be written as.
[image: image]
According to Eq. 6, the cost share for each type of fuel input can be estimated, thus by adding them together the cost share for total energy inputs can be obtained. However, it is worth noting that there could be hysteretic effect in economic variables such as investment and output. Therefore, we further bring the hysteretic variables in the model to reflect actual production process. By adding lagged variables of cost share ([image: image] and [image: image]) and considering random factor, the cost share equations of factor inputs and fuel inputs can be expressed as Eqs 7, 8.
[image: image]
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The above-mentioned equations enable quantitative analysis on the relationship between the relative prices of and the relative quantities of the factor inputs. Then Eq. 9 is used to estimate price elasticities of different inputs.
[image: image]
Where [image: image] is the cross price elasticity of the ith factor and [image: image] is the own price elasticity of the ith factor. To promote a low-carbon transition in China’s EIIs, in this study, the relationship between fossil-fuel input and fossil-fuel price is analyzed, shown as .
[image: image]
Where [image: image] represents the integrated elasticity of each energy input, which has taken into consideration the effect of both factor substitution and fuel substitution.
3.2 Data Description
In this paper, we adopt China’s provincial panel data of 30 provinces (or cities) over 2004–2016 since the data for Xizang is not available. As mentioned in Section 1, data in the four EIIs are taken into account, i.e., 1) raw chemical materials and chemical products manufacturing industry (chemical industry); 2) non-metallic mineral products manufacturing industry (non-metallic industry); 3) smelting and pressing of ferrous metals industry (ferrous metals industry); and 4) smelting and pressing of non-ferrous metals industry (non-ferrous metals industry). Data on industrial output, input and the price of each input factor in the four EIIs are essential for the model built in the paper.
For inputs and outputs, data are obtained from CEIC (2018) database and statistical yearbook of each province. These data are collected sector by sector, and then summed up to represent the EIIs in China.
Data on industrial output of the EIIs can be obtained directly from the statistical yearbooks of these provinces, which are then converted into the 2004 price level by deflating industrial product price index. The variable of “gross industrial value” is used to represent output, as “industrial value added” is not available in China’s EIIs.
With regards to industrial factor inputs, data on EIIs are also available from the statistical yearbook of each province. The indicator of numbers of employees in each EII is used to represent labor input in the industry. As there is no statistical data on capital stock in China, the capital stock of each industrial sector is calculated by the perpetual inventory method (PIM) as [image: image], where [image: image] is the depreciation rate and [image: image] is the fixed investment. Similar to Zhang et al. (Ju et al., 2017), the indicator of the “net value of fixed investment” is used to represent the capital stock in the base year. As energy sources used in the EIIs include coal products, oil-gas products and electricity, total energy consumption is calculated by totaling up each type of fuel consumed by each industrial sector, which are obtained from the provincial statistical yearbooks.
Data on fuel input prices in the provincial EIIs come from the CEIC (2018) database. As coal prices are not available at provincial level, the transaction prices for clean coal in the capital city is regarded as the coal prices for each province. For oil prices, as gasoline and diesel are the main oil inputs, the weighted average prices of gasoline and diesel in the capital city is used to reflect changes in oil prices. For electricity prices, the indicator of “electricity price for industry and commerce” is used. Based on the abovementioned data sources for each type of fuel, the weighted average sum of coal prices, oil prices and electricity prices is calculated, and used to represent the total energy price. For the price of labor input, we adopted the indicator of “average real wages” in each province. The real capital price is represented by the real interest rate, which is calculated as [image: image] , where [image: image] is the nominal interest rate and [image: image] is the inflation rate-both can be obtained from CEIC (2018) database. After multiplying each price data by the corresponding input quantity, the corresponding cost in the cost function can be obtained for subsequent calculation.
4 EMPIRICAL ANALYSIS OF THE RELATIONSHIP BETWEEN FUEL PRICE AND FUEL INPUTS
4.1 Estimating the Relationship of Fuel Price and Fuel Inputs
Based on the model built in Section 3, the relationship between fuel price and fuel inputs in the EIIs is analyzed. Coefficients are estimated by the seemingly unrelated regression (SUR). The labor share equation (SL) and coal share equation (Sco) are dropped when conducting the SUR of factor share function and fuel share function, to avoid the singularity as mentioned in Section 3. The model results shown in Table 1 suggest all coefficients are significant. The conventional R2 for the energy share, capital share, oil share and electricity share equations are 94, 90, 97, and 92%, respective, which suggests very small differences between the observed data and the fitted values. In addition, the sign of each regression coefficient (either positive or negative), which shows the direction of the correlation for each variable, can be interpreted very well.
TABLE 1 | The estimating results in factor and fuel share equations in the EIIs.
[image: Table 1]As shown in Table 1, the factor share was positively correlated with its own price and negatively correlated with other factor prices, while the relationship of fossil-fuel input was not obvious, and the hysteretic variable showed a great positive impact on both factor and fossil fuel share. Then, the own price elasticities and cross price elasticities of fuel input can be calculated through Eqs 9, 10, and results show that the cost share for coal products, oil-gas products and electricity is 0.34, 0.26, and 0.39 respectively. The cost share of coal obtained in this study is a bit smaller, compared to 0.47 estimated by Li and Lin (2016) for the manufacturing sectors and 0.55 evaluated by Li and Sun (2018) for all sectors. But the differences in cost share of coal are mainly due to the different industrial sectors analyzed and different study periods chosen. In addition, considering the large share of coal products in total inputs (70% as abovementioned), the cost share of coal is much smaller, due to the fact that coal products are generally much cheaper than oil products and electricity when converting them into the same unit (Mtce).
As shown in Table 2, the substitutability and complementarity between fuel inputs are affected by the price elasticities. Results show that:1) Firstly, the own price elasticities of all fuel inputs are negative, suggesting that whenever the price of a fuel type rises, and demand for that type of fuel decreases. This finding of negative own price elasticities is accordance with the economic theory. For China’s EIIs, the absolute value of own price elasticity of coal (ηco-co = −0.480) is smaller than that of oil-gas (−0.673) and electricity (−0.609), which means that coal shows higher price rigidity than the other two fuel inputs, reflecting the production reality of China’s EIIs. Over the research period, although the overall proportion of coal input is decreasing, the average coal input is still over 50% of total energy inputs. 2) Secondly, the cross price elasticities among coal, oil and electricity are positive, which means that these energy inputs show substitute relationships. The substitute relationships among different fuel inputs have strong policy implications: the pricing mechanism of the fossil-fuels can affect the fuel demands. As China’s EIIs is facing strong pressure for a low-carbon transition, fossil-fuels should be substituted by cleaner energy (such as solar power, hydropower, and nuclear power) to reach the goal of mitigating carbon emissions.
TABLE 2 | The estimating fuel price elasticities in China’s EIIs.
[image: Table 2]4.2 Analyzing the Differences of Fuel Substitution Effects in Each EII Sector
To analyze the relationship between fuel price and fuel demand in specific energy intensive sectors, the fuel substitution elasticities of the four EII sectors are further estimated by SUR method, with results shown in Table 3.
TABLE 3 | The estimating fuel price elasticities in four energy intensive sectors.
[image: Table 3]As can be seen in Table 3, similar to the results for the whole EIIs, the own price elasticities of fuels are all negative, while the cross price elasticities are all positive in each of the EII sectors. However, it is noteworthy that the absolute value of own price elasticities of coal in the ferrous metals industry (η*co-co = −0.253) and the non-metallic industry (η*co-co = −0.404) are relatively small. The reason was directly correlated with the production process of the two sectors. It implies the demands for coal in these two sectors are relatively inelastic, as a result, coal price changes will not affect the demands for coal much in these two sectors. Therefore, rather than focusing on pricing mechanism, other methods such as technical progress and energy conservation management, may be more effective for the controlling of CO2 emissions in these two sectors. In the meanwhile, the cross price elasticities are quite different in these EII sectors. For example, the substitution elasticities between coal and electricity in the chemical sectors are only 0.176 (coal to electricity) and 0.133 (electricity to coal), which might because of that the equipment and technology constraints have limited the potential fuel substitution. For the ferrous metals industry, results show that it will be easier and more sensible to use electricity to substitute oil rather than substitute coal-related fuels. Some literatures have reached similar conclusions, and electricity substitution is a better option (Chen et al., 2019; Zheng et al., 2020; Niu et al., 2021). Therefore, when evaluating the impact of fossil-fuel price distortions, the differences in substitution elasticities in specific EII sectors should also be considered.
5 EMPIRICAL ANALYSIS ON PRICE DISTORTIONS OF FOSSIL-FUELS
5.1 Estimating Fossil-Fuel Price Distortions
As coal-related fuels and oil-related fuels are the main energy inputs in China’s EIIs, we further analyze the price distortions of fossil-fuels, including coal, gasoline and diesel. According to Ju et al. (2017), the level of price distortion is represented by the price distance between the benchmark price and the end-user price in reality, which can be shown as .
[image: image]
Where PDi is the price distortion of the ith type of fossil-fuels (i = coal, gasoline and diesel), EPi is the end-user price in China under government regulation, and RPi is the reference price which reflects the actual supply-demand conditions in the market. In China’s EIIs, data on end-user fossil-fuel prices are obtained directly from the CEIC database. With regards to the benchmark price for coal, similar to Lin and Jiang (2011), it is obtained by adding the coal prices for Free On Board (FOB) at Qinhuangdao port with average shipping cost. And the benchmark price for oil is evaluated by considering international prices for oil products and transportation cost (Li and Sun, 2018). As energy market in the US is considered to be highly market oriented, we adopt the US price of gasoline and diesel as the international price. These data on fossil-fuel prices are collected and summarized in Table 4, which shows in most years (except coal prices in 2013 and gasoline prices in 2016), the end-user prices of fossil fuels in China were lower than the corresponding benchmark prices, suggesting that the domestic prices of fossil-fuels in China have long been distorted and underestimated.
TABLE 4 | The benchmark price and end-user price over 2004–2015 (Yuan/Ton).
[image: Table 4]Based on the price data in Table 4, the level of price distortions in fossil-fuels can be evaluated, and results are shown in Figure 3. For oil price distortions, as the state-controlled pricing mechanism for refined oil in China was experiencing market-oriented reform during the study period, price distortions for both gasoline and diesel saw high volatility. The highest level of price distortions for gasoline and diesel happened in 2012 and 2008, which was 18 and 60.31% respectively. After that, the level of price distortion was diminishing, reflecting that domestic oil prices in China began to be in line with international prices. The fluctuation of coal price distortions was relatively gentle and the average level of price distortions was merely 7.48%. In China’s energy market, the prices of coal tend to be more market oriented, compared to that of oil products. Since 2005, Chinese government started to intervene coal prices. In 2013, the government decided to cancel the double-track coal pricing mechanism and since then coal price was eventually determined by the market. As a result, the price distortions of coal reached its lowest point in 2013 and was almost disappeared.
[image: Figure 3]FIGURE 3 | The price distortion proportion of fossil-fuels.
5.2 Estimating CO2 Mitigation Potential by Removing Price Distortion
China’s EIIs are under great stress to reduce energy consumption and carbon emissions, however, the low-carbon transition is hindered by price distortions in fossil-fuels. The underestimated fossil-fuel prices could encourage the EIIs to use more fossil-fuel inputs and inhabit the market mechanism to be effective. Therefore, removing price distortions in fossil-fuels would be an important approach to promote the low-carbon transition. Based on the abovementioned model results on the level of price distortions and price elasticities for fossil-fuels, we further look into carbon mitigation potential by removing fossil-fuel price distortions.
Assume that the price distortions in fossil-fuels are removed, i.e., the end-user prices are just equal to the benchmark prices, that will promote efforts in controlling carbon emissions through three major approaches. First, the rising fuel prices will have a negative impact on fuel inputs in the production process therefore reduce carbon emissions. Second, increases in fuel prices will encourage substitution effects between energy sources and other input factors, as well as among different fuel forms, depending on their cross-price elasticities. Third, as electricity can be used to substitute fossil-fuels in the EIIs, the accelerated electrification allows renewables to play an important role to further reduce carbon emissions. The total carbon mitigation potential could be calculated by 
[image: image]
Where CMPi is the carbon mitigation potential by removing the price distortions in the ith fossil-fuel, Ci is the carbon dioxide emission coefficient, and PDi is the level of price distortions. Based on the price elasticities estimated in Section 4, the carbon mitigation potential of removing coal price distortions and oil price distortions can be calculated, with results shown in Tables 5, 6.
TABLE 5 | Carbon mitigation potential by removing coal price distortions (million tons of CO2).
[image: Table 5]TABLE 6 | Carbon mitigation potential by removing oil price distortions (million tons of CO2).
[image: Table 6]As shown in Table 5, the total carbon mitigation effect of removing coal price distortions is significant, except in 2013, suggesting that the removal of coal price distortions can reduce carbon emissions and promote the sustainable transition. The largest carbon reduction potential recorded in 2007–2008, 2010 and 2015- all above million tons of CO2 reduction-mainly due to the high level of price distortions in these years. At the time of 2011–2012, as the level of coal price distortions in coal was very small (see Figure 3), the carbon mitigation potential was also much lower: 9.5 and 2.23 million tons of CO2 reduction, respectively. Over the years between 2004 and 2016, through removing coal price distortions could have reduced CO2 emissions by 905.78 million tons in China’s EIIs.
For the removal of oil price distortions, it would be a bit different. The shares of gasoline and diesel in total energy inputs in China’s EIIs are quite small, but removing oil price distortions could lead to these small shares of oil products being substituted by large input of coal. And as the carbon emission coefficient of coal is much higher than that of oil, the removal of oil price distortions may not reduce carbon emissions. Take the year of 2004 (in Table 6) for example, the level of price distortions in gasoline and diesel was 15.29 and 27.59%, respectively (see Figure 3). Removing the price distortions of gasoline would cause a decrease in gasoline input due to the own price elasticity and an increase in electricity input due to the cross price elasticity and potentially lead to CO2 emission reduction of 0.38 and 9.26 million tons, respectively. However, it could also contribute to a large increase in coal input and thus put on potential CO2 emissions of 52.49 million tons. Therefore, the combined effect of removing gasoline price distortions could end up increasing CO2 emissions instead. This conclusion is in line with a previous study by Li and Sun (2018), and the combined effect of removing price distortions in fossil fuels in different sectors are sometimes controversy. As a result, it is important for policy makers to consider the prices of coal when removing oil price distortions, and prohibit the substitution using coal products as that will lead to more carbon emissions. With reasonable policies in place, in an effort to promote a low-carbon transition in the EIIs, this paper assumes coal will not be used to substitute oil products, and evaluates the carbon mitigation potential (i.e. considering the oil/electricity substitution only) as the last column in Table 6, which suggest the removal of oil price distortions could have reduced CO2 emissions by 785.68 million tons in China’s EIIs. The resulting mitigation potential was approximately consistent with the emission reduction potential calculated in Takayabu (2020) adopting scenario analysis, which could demonstrate the estimating mitigation potential.
6 CONCLUSION AND POLICY PROPOSALS
China is entering into the next stage of its structural reforms, featured with a slower growth rate but increasing focus on environment and sustainability. As major carbon emitters, the EIIs are facing great pressure to accelerate the imperative low-carbon transition. Among various of difficulties and barriers, the long been distorted fossil-fuel prices are with no doubt a major one. Therefore, this paper builds a dynamic fuel substitution model to study the impact of the price distortions in fossil-fuels on the low-carbon transition. Based on provincial panel data between 2004 and 2016, this paper evaluates the level of price distortions in China’s EIIs; analyzes the own price elasticities and cross price elasticities among fossil-fuel inputs to understand the impact of changes in fossil-fuel prices; and investigates the carbon mitigation potential through removing price distortions in fossil-fuels. Some interesting conclusions can be drawn from the above analysis.
1) Despite there are quantitative differences in price elasticities in each EII sector, the own price elasticities of fossil-fuel inputs are all negative, suggesting that energy pricing reform in China is an effective way to restrain demands for fossil-fuels. In the meanwhile, the cross price elasticities of fossil-fuel inputs are all positive, implying that a substitute relationship exists among coal, oil and electricity, thus an increase in prices of one fuel type will increase demands for other fuels.
2) Over the research period, positive price distortions in coal and oil products are observed in China’s EIIs, which means that removing the price distortions would lead to an increase in fuel prices. The average level of price distortions in coal, gasoline and diesel is 7.48, 11.1 and 32.19%, respectively. The overall fluctuation in the level of coal price distortions is relatively flat, while that of oil price distortions is quite significant.
3) If coal price distortions were removed, there could be 905.78 million tons of reduction on CO2 emissions in China’s EIIs over 2004–2016. The removal of coal price distortions can affect CO2 mitigation potential through cutting coal input and substituting coal with cleaner fuels including oil and electricity, due to the existence of the own price and cross price elasticities,. Therefore, removing coal price distortions can promote a low-carbon transition in China’s EIIs.
4) If oil price distortions were removed, the combined effect may not lead to a reduction on CO2 emissions, as the increase in oil prices could encourage enterprises of the EIIs to use a more dirty fuel (coal) to substitute oil products and thus give rise to even more CO2 emissions. However, if only a cleaner energy (electricity) can be used to substitute oil products, it can facilitate the low-carbon transition in China’s EIIs.
Based on these conclusions mentioned above, policy suggestions are given as follows.
Firstly, in China the price distortions in fossil-fuels still exist, as a result, promoting market-oriented price reform is still important for the low-carbon transition in China’s EIIs. The market-oriented price reform will enable the market mechanism to be effective, i.e., fuel demands will be determined by fuel prices and their price elasticities, encourage EIIs to adopt other production factors and cleaner energy sources to substitute fossil-fuels, so as to promote the low-carbon transition.
Secondly, when the market mechanism is effective, the government should also guide the EIIs enterprises to adopt cleaner energy sources to substitute fossil-fuels and limit the use of coal. It is especially helpful in the situation when domestic oil prices fluctuate with the rising international oil prices, the resulting oil prices in China may encourage EIIs enterprises to use more coal to substitute oil products. Therefore, the low-carbon transition in China’s EIIs requires both market price mechanism and the right kinds of policy guidance in place.
Finally, this paper only discussed the impact of fossil-fuel price distortions in EIIs on low-carbon transformation at the national and industrial level. In fact, if sufficient and reliable data can be collected to analyze the topic from the perspective of provincial heterogeneity, the conclusions will be more practical and policy significant.
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