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Industrial carbon emission reduction is not only the need to cope with climate change and environmental pollution, but also an important way to achieve sustainable economic development. This paper first constructs an evaluation system of urban green development index from four dimensions: economy, society, resources and environment. Then, the undesirable super-efficiency SBM model is used to measure the static industrial carbon emission efficiency, and the spatiotemporal characteristics of the dynamic industrial carbon emission efficiency are analyzed by combining the Malmquist index. Finally, the urban green development index was incorporated into the Tobit regression model, and the impact of energy intensity, urban structure and other factors on industrial carbon emission efficiency was considered. This paper cited 18 cities in Sichuan Province from 2015 to 2022 as an example for analysis. The results show that the overall green development level of Sichuan from 2015 to 2022 shows a downward trend, and there is great room for improvement in the level of green development. The average industrial carbon emission efficiency in Sichuan is 0.740, and the difference in industrial carbon emission efficiency is mainly due to the difference in pure technical efficiency. From 2015 to 2022, Sichuan’s industrial carbon emission efficiency showed a trend of first stable and then decreasing. There is a significant positive correlation between the level of green development and the efficiency of industrial carbon emissions. Altogether, the industrial carbon emission efficiency model established in this paper is of vital magnitude to the low-carbon development of regional industry.
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1 INTRODUCTION
1.1 Background
With the rapid development of the economy and the acceleration of urbanization, energy consumption and environmental problems are becoming increasingly serious (Ye et al., 2019). In detail, total energy consumption augmented from 1.47 billion tons of standard coal equivalent in 2000 to 5.97 billion tons of standard coal equivalent in 2024. Industry is the predominant driving force to energy consumption and carbon dioxide emissions (Muhammad et al., 2020). China’s industrial carbon emissions account for about 80% of total carbon emissions (Wang et al., 2024). Industrial carbon emissions have emerged as a pressing issue that cannot be overlooked and demands immediate attention. Green development has become an issue of common concern to the international community. In 2015, the Chinese government put forward the concept of “green development,” which means that while developing the economy, it should concentrate on ecological environmental protection and sustainable use of resources to actualize coordinated development of the economy, society and ecology (Lin and Liu, 2022).
This paper selects Sichuan Province as a case study. Sichuan Province is one of the paramount economic centers in western China. While its economy is developing speedily, it is also facing the dual challenges of environmental protection and energy consumption. Sichuan Province is actively exploring green development models, but faces a multitude of difficulties in achieving urbanization, encompassing environmental pollution. The level of industrialization in Sichuan Province continues to increase, the processing manufacturing industry and high-tech industries continue to grow, and industrial carbon emissions account for a crucial part of Sichuan’s total carbon emissions. In contrast to other provinces, Sichuan Province has a unique geographical environment and abundant natural resources, which poses special challenges to urban green development. Meanwhile, Sichuan Province is also part of the upper reaches of the Yangtze River and the Minjiang River Basin, and has strong relevance and interactivity with environmental protection and green development in other provinces. Thus, studying the spatiotemporal differentiation and influencing factors of regional industrial carbon emission efficiency in Sichuan Province has pivotal practical significance for a comprehensive understanding of the correlation between regional economic development and environmental protection.
The purpose of this study is to push ahead sustainable economic development and facilitate economic transformation and upgrading. This study first measures the city’s green development index to assess the city’s green development level. Aside from that, the undesirable super-efficiency SBM model is utilized to measure the static industrial carbon emission efficiency and delve into the carbon emission efficiency of each city at a specific time. Subsequently, the Malmquist index is employed to look into the changing characteristics of dynamic industrial carbon emission efficiency as well as its temporal and spatial discrepancies, and to dig into the changes in efficiency in different time periods. Last but not least, the green development index is incorporated into the Tobit regression model on the basis of evaluating the changes in static and dynamic industrial carbon emission efficiency. Additionally, its impact on industrial carbon emission efficiency is analyzed in combination with multiple factors comprising energy intensity and urban structure. This paper conducts an in-depth analysis of 18 cities in Sichuan Province, which is intended to provide reference and lessons for the green and sustainable development of regional industry. This study is not only advantageous for us to delve into the association between green development and carbon emission efficiency, but also can offer adequate data support for policy formulation and practice of relevant departments. The rest of the paper is structured as follows: Section 2 presents the research methodology, Section 3 provides an overview of the study area and data sources, Section 4 presents the results of this study, and Section 5 presents the research conclusions and recommendations.
1.2 Literature review
The green development index is an important reference for measuring the level of green development, and the construction of urban green development index plays an important role in regional sustainable development. Common evaluation methods for green development index include entropy method, cluster analysis, DDF-GML index system (Yu and Luo, 2024), Quantile Regression model (Lin and Tan, 2019), DEA model, and GML index method (He H. F. et al., 2024). Scholars have carried out multi-dimensional research on the construction of green economy evaluation system. Based on the green economy measurement framework, the United Nations Environment Programme has developed a comprehensive evaluation system covering three dimensions: resource efficiency, economic transition, and human wellbeing (UNEP, 2012). The Organisation for Economic Co-operation and Development has established a system of indicators for green growth, including economic systems, environmental quality and people’s wellbeing (OECD, 2011). Ouyang et al. (2009) systematically evaluated the level of urban green development in China through indicators such as investment intensity in environmental governance and urban green space coverage. Huang et al. (2012) constructed an evaluation index system for urban green development from three dimensions: urban construction, industrial development and technological innovation. The construction of the evaluation index system of green development index should be in line with the overall idea of combining green and development, and realize the unified and coordinated development of economy, society, ecology and resources.
Carbon emission efficiency refers to the amount of carbon emissions produced per unit of output, which is a kind of input-output efficiency. First of all, in terms of input-output indicators of carbon emission efficiency, the early research mainly focused on the evaluation of single factor indicators such as carbon productivity, carbon index (Mielnik and Goldemberg, 1999), and carbon intensity (Sun, 2005). However, due to the consideration of a single factor, it can only reflect the carbon emissions per unit of output (Zhang and Gong, 2022), and cannot reflect the impact of other elements on carbon emissions. As a result, scholars integrate other factors of production into a multi-input model to assess carbon emission efficiency, such as capital, labor, energy, and others (Keskin, 2021; Zhang et al., 2021; Zhou et al., 2022). Compared with the single-factor carbon emission efficiency, the total factor carbon emission efficiency fully reflects the complexity of economic activities and has the advantages of being more comprehensive, accurate and scientific.
Secondly, in terms of measurement methods, common methods for measuring carbon emission efficiency include stochastic frontier analysis (SFA) and data envelopment analysis (DEA). SFA needs to determine the specific form of the production frontier and can only consider a single output (Zhu and Lan, 2023), while DEA can process multiple-input, multiple-output data without setting the specific form of the production function (Taylan and Konstantinos, 2022; Zhu et al., 2023). Therefore, DEA is widely used in carbon emission measurement (Zhang et al., 2023; Liu and Zheng, 2023). With the deepening of research, the traditional DEA model lacks the consideration of undesired outputs, and cannot solve the problem of relaxation of input-output variables. Scholars are beginning to improve methods to measure carbon emission efficiency, such as the super-efficient SBM model (Shu et al., 2024; Wang et al., 2023), the Environmental DEA Crossover Model for Information Entropy Improvement (Han et al., 2018), and the Non-radial Direction Distance Function (Zhou et al., 2019).
The combination of DEA and Malmquist index is an effective way to quantify the dynamic change of carbon emission efficiency. The Malmquist index can measure the characteristics of efficiency over time (Lou, 2022), and the Malmquist index can be decomposed into changes in technological efficiency and changes in technological progress (Zheng, 2021), which can help managers identify specific areas of improvement that contribute the most to efficiency improvement. Wei et al. (2024) used the Malmquist index to evaluate the carbon emission efficiency of China’s transportation industry from 2010 to 2020. Cheng and Li (2022) investigated the carbon emission performance of China’s construction industry from 2004 to 2016 through the Malmquist index. Cheng and Li (2022) based on the relationship between energy input and carbon dioxide emissions, the Malmquist index measures the global total factor carbon emission productivity. Ding et al. (2019) combined a cross-efficiency model with the Malmquist Productivity Index to explore the dynamics of carbon emission efficiency in provinces in China. Most of the existing studies are limited to a single static or dynamic perspective, and a “static-dynamic” binary analytical framework has not yet been formed. By constructing a measurement system combining dynamic and static, this study can not only characterize the spatial heterogeneity characteristics of industrial carbon emission efficiency, but also analyze its temporal evolution dynamic mechanism, so as to provide methodological support for improving low-carbon economic policies.
In addition, with the deepening of the research on carbon emission efficiency, domestic and foreign scholars have formed a multi-dimensional and multi-scale research system in the field of research on the influencing factors of carbon emission efficiency. Zhang et al. (2023) systematically reveals the mechanism of structural imbalances in labor and energy allocation on the inhibition of China’s industrial carbon emission efficiency. Si et al. (2023) confirmed the synergistic effect of industrial structure optimization, transportation network improvement and economic development improvement on tourism efficiency. Guo and Li (2023) systematically analyze the key role of government policy support and logistics infrastructure modernization in improving the energy efficiency of the logistics industry. Lin et al. (2021) constructs an analytical framework that includes four dimensions: openness to the outside world, energy consumption intensity and structure, and R&D investment, revealing the differentiated driving paths of regional industrial carbon emission efficiency. Zhang et al. (2018) confirmed that the deepening of opening-up and the upgrading of industrial structure are the core driving forces to break through the bottleneck of carbon emission efficiency. Xie et al. (2021) revealed the contribution of technological progress to carbon emission efficiency by constructing a dynamic panel data model. Based on the existing research and the characteristics of regional industrial development, this paper selects six factors, namely economic development level, green development level, urban structure, industrial structure, energy intensity, and scientific research intensity, as the explanatory variables of industrial carbon emission efficiency.
The main contributions of this study are as follows: (1) This paper constructs an urban green development index system from the four dimensions of economy, society, resources and environment, aiming to comprehensively evaluate the level of urban green development and realize the coordinated development of urban economy, society, resources and environment. (2) Most of the studies only stop at the measurement of static efficiency, and lack the analysis of dynamic indicators. In order to comprehensively explore the industrial carbon emission situation, this paper uses undesirable super-efficiency SBM and Malmquist index to analyze the characteristics of industrial carbon emission efficiency from both static and dynamic aspects. (3) Although many scholars have studied the influencing factors of carbon emission efficiency, few studies have considered the impact of green development level on industrial carbon emission efficiency. This paper considers the impact of the level of green development on the efficiency of industrial carbon emissions, which can help the industrial sector improve production methods and reduce carbon emissions.
2 METHODS
In order to promote regional green development, this paper first constructs the urban green development index from four aspects: economy, society, resources and environment, and then uses the undesirable super-efficiency SBM model to measure the industrial carbon emission efficiency by taking the original price of industrial fixed assets, the number of industrial employees, and the industrial terminal energy consumption as inputs, and the industrial sales revenue and industrial carbon emissions as outputs, and further uses the Malmquist index to analyze the dynamic industrial carbon emission efficiency. Then, the green development index was incorporated into the Tobit regression model, and the impact of economic development level, urban structure, industrial structure, energy intensity, and R&D intensity on industrial carbon emission efficiency was analyzed. The research framework is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Research framework.
2.1 Carbon emissions calculation
The accounting methodologies of energy carbon emissions are generally divided into top-down and bottom-up approaches (Wang and Zhu, 2024). The top-down method is usually adopted to measure carbon emissions from global or national data. This method usually collects global and national economic statistics and energy use data, encompassing data from multifarious links comprising production, consumption, import, and export, and uses complex mathematical models and algorithms for calculation (He L. et al., 2024). This method is comparatively difficult to calculate. The bottom-up method is a carbon emission accounting method grounded in energy use data. On the basis of multifarious energy consumption data, this method not only calculates the carbon emissions of each energy source by employing standard energy consumption and energy carbon emission coefficients, but also further sums up to obtain the total carbon emissions of a certain region. It’s pivotal to mention that this method unnecessarily involve excessive complex models and algorithms. On the contrary, it is comparatively intuitive and easy to be implemented, which thereby is extensively employed in associated research on carbon emissions.
Regarding the availability of energy-relevant data in Sichuan Province, this paper adopts a bottom-up approach to calculate carbon emissions, that is, converting the terminal energy consumption of raw coal, washed coal, coke and other energy sources into standard coal consumption, multiplying it by the carbon emission factor of each energy source, and finally summing up to obtain the total carbon emissions (Equation 1):
[image: image]
Among them, [image: image] represents the industrial energy carbon emissions in region [image: image], [image: image] is the industrial carbon emissions of the [image: image] type of energy in region [image: image], [image: image] is the consumption of standard coal of type [image: image] energy in region [image: image], [image: image] is the coefficient of converting the [image: image] energy into standard coal, [image: image] represents the carbon emission factor of the [image: image] energy source.
2.2 Green development index
2.2.1 Indicator system construction
This paper constructs an evaluation index system of urban green development index from four perspectives: economic development, social security, resource allocation and environmental protection. Economic growth is a prerequisite for the green and sustainable development of a region, and only continuous economic growth can further drive growth in other aspects. The level of economic development is reflected in GDP, scientific and technological development, etc., so the economic dimension selects GDP, energy consumption per unit of GDP, the proportion of R&D expenditure in GDP, and the proportion of tertiary industry. Social living conditions refer to the level of people’s quality of life, construction of living facilities, etc., and the indicators of unemployment rate, urbanization rate, per capita disposable income, social security and employment expenditure are selected from the social dimension. Resources are the basic material conditions for social development, and the rational overall allocation of resources is of great significance to social development. In this paper, the per capita park green space area, energy consumption per unit of industrial added value, water penetration rate, and gas penetration rate are selected from the resource dimension. The environmental dimension mainly includes pollution and treatment, and the sewage treatment rate, green coverage rate of built-up areas, domestic waste treatment rate, and carbon emission intensity indicators are selected. Table 1 shows the index system of urban green development index in Sichuan Province.
TABLE 1 | Indicator system of urban green development index.
[image: Table 1]2.2.2 Green development index calculation
With an aim to eliminating the impact of dissimilar dimensions on the evaluation results, this paper first standardizes the various evaluation indicators in the green development index. The standardization of positive and negative indicators is presented as follows (Equations 2, 3):
[image: image]
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Among them, [image: image] represents the value after standardization, [image: image] and [image: image] represent the minimum and maximum values of the [image: image] indicator in region [image: image] in the [image: image] year, respectively.
Then calculate the information entropy and weight of each indicator (Equations 4, 5):
[image: image]
[image: image]
Among them, [image: image], [image: image] is the number of regions, [image: image] is the number of years.
Finally, according to the linear weighted comprehensive evaluation formula, the green development index of the region in the year is obtained as follows (Equation 6):
[image: image]
2.3 Undesirable super-efficiency SBM model
The Data Envelopment Model (DEA) is a method to evaluate the relative effectiveness of the same type of decision-making unit based on multi-input and multi-output variables. Tone further proposes a super-efficient SBM model based on undesirable outputs, which considers the problem of “relaxation” in production, and directly incorporates the relaxation variables into the objective function to solve the relaxation problem of input-output variables. Moreover, the efficiency value of the decision unit of the super-efficient SBM model is not limited by [0,1]. When the super-efficiency value of the decision-making unit is greater than 1, the high-efficiency decision-making unit greater than 1 can be further accurately distinguished, and the efficiency evaluation problem is optimized. Therefore, in order to measure the efficiency of industrial carbon emissions more accurately, this paper considers the super-efficiency SBM model of undesired output. The specific model settings are as follows:
Assume there are [image: image] decision making units, denoted as [image: image]. Each [image: image] has [image: image] inputs, denoted as [image: image], and [image: image] outputs, where the expected output is denoted as [image: image], the undesired output is denoted as [image: image], and the super-efficient SBM model of undesired output is (Equation 7):
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Among them, [image: image], [image: image] and [image: image] are the relaxation variables for inputs, expected outputs, and undesired outputs, respectively. [image: image] is the industrial carbon emission efficiency value of [image: image]. When [image: image], [image: image] are invalid; When [image: image], [image: image] is relatively effective; When [image: image], [image: image] are valid. The higher the [image: image] value, the higher the industrial carbon emission efficiency.
According to the current situation of industrial carbon emissions in Sichuan Province and the characteristics of the industry itself, combined with the principle of data availability, this paper systematically constructs an evaluation index system of industrial carbon emission efficiency from five aspects: capital input, labor input (Guo et al., 2024), energy input, expected output, and undesired output, as shown in Table 2. The original capital price of industrial fixed assets is selected as capital input, the number of industrial employees is labor input, industrial energy consumption is energy input, industrial operating income is expected output, and industrial carbon emissions are undesired output.
TABLE 2 | Index system of industrial carbon emission efficiency in Sichuan Province.
[image: Table 2]2.4 Malmquist index
The efficiency values calculated by the DEA model cannot be compared continuously in dissimilar time periods. The Malmquist index makes up for this shortcoming. This method measures the ratio of the efficiency of the current year to the efficiency of the previous year in a certain area, which is described from the viewpoint of dynamic changes. This method was first suggested by Sten Malmquist and is often utilized to measure changes in production efficiency. This paper analyzes the dynamic changes in industrial carbon emission efficiency in cities in Sichuan Province from 2015 to 2022 by calculating the Malmquist index. The formula is as follows (Equation 8):
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Among them, [image: image] and [image: image] are the input and output of the decision making unit at time [image: image] and [image: image] respectively. If [image: image], it means that the efficiency has improved from year [image: image] to year [image: image]; If [image: image], it means that the efficiency has declined; If [image: image], it means that the efficiency remains at the original level during this period.
The Malmquist index can be decomposed into technical efficiency change ([image: image]) and technical progress change ([image: image]) (Equations 9–11):
[image: image]
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If [image: image], it means that the decision-making unit is closer to the production frontier and the technical efficiency has improved. If [image: image], it means that the existing technology is not suitable for the decision-making unit. If [image: image], it means technological progress or technological innovation, and the production frontier has moved forward.
2.5 Tobit model
The industrial carbon emission efficiency value of each decision-making unit is evaluated by the undesirable super-efficiency SBM model, so that the comprehensive technical efficiency is taken as the dependent variable and the relevant environmental variables are selected as the independent variables, and the environmental factors affecting the industrial carbon emission efficiency are further studied. In this paper, the Tobit model is used to conduct an empirical analysis of the influencing factors of industrial carbon emission efficiency. Compared with other regression models, the Tobit model can solve the problem of truncated values under the model of continuous variables, and can better understand the relationship between variables and the degree of influence on the dependent variables, which has certain flexibility and applicability. At the same time, the Tobit model can also handle the case of right-biased distribution, making the results more accurate. The formula for Tobit is as follows (Equation 12):
[image: image]
Among them, [image: image] is the explanatory variable industrial carbon emission efficiency. [image: image], [image: image], [image: image], [image: image], [image: image] and [image: image] are the proportion of the added value of the tertiary industry in GDP, the green development index, the urbanization rate, the per capita GDP, the energy consumption per unit of industrial added value, and the proportion of R&D expenditure in GDP, respectively. [image: image] is the constant term, [image: image] is the explanatory variable coefficient, and [image: image] is the random perturbation term.
Based on the research status and the actual industrial development of Sichuan Province, this paper selects six factors, namely economic development level, green development level, urban structure, industrial structure, energy intensity and scientific research intensity, as the explanatory variables of industrial carbon emission efficiency: (1) economic development level: this paper measures the economic development level by per capita GDP. (2) Green development level: the green development index is used as the measurement standard. (3) Urban structure: urban structure is measured by urbanization rate. (4) Industrial structure: the proportion of the added value of the tertiary industry in GDP is used as the standard to measure the industrial structure. (5) Energy intensity: energy intensity is measured by energy consumption per unit of industrial added value. (6) R&D intensity: R&D expenditure is measured by the proportion of R&D expenditure in GDP.
3 METHOD APPLICATION
3.1 Study area
This paper selects 18 cities in Sichuan Province from 2015 to 2022 as research objects. Ascribable to the lack of data in some parts of Aba, Ganzi and Liangshan, they are not comprised in the research scope. As the economic center of southwest China, the Sichuan Provincial Government attaches enormous importance to the development of low-carbon economy. The “13th Five-Year Plan” and “14th Five-Year Plan” propose low-carbon and green development of industry. In line with the “Sichuan Statistical Yearbook”, the added value of industrial enterprises above designated size in Sichuan Province augmented by 3.8% in 2022 compared with the previous year. Ascribable to the diverse development stages, industrial composition and geographical conditions of various cities in Sichuan Province, their energy consumption and carbon emissions vary considerably in space. For this reason, under the background of low-carbon and green development, studying the industrial carbon emissions of diverse cities in Sichuan Province will help provide a scientific theoretical basis for future industrial development.
3.2 Data source
The research data predominantly comes from statistical yearbooks, government reports and website surveys. In detail, the per capita resource volume and industrial water consumption in the urban green development index data are extracted from the Sichuan Water Resources Bulletin from 2015 to 2022, the R&D expenditure to GDP ratio data are obtained from the Sichuan Science and Technology Funding Statistical Bulletin (http://tjj.sc.gov.cn/scstjj/tjgb/2022/9/7/657b925e009f43e5af845ad8f38f77ad.shtml), and other data are taken from the Sichuan Statistical Yearbook from 2016 to 2023 (http://tjj.sc.gov.cn/scstjj/c105855/nj.shtml). Industrial data includes operating income, number of employees, original price of fixed assets, total energy consumption and consumption by energy type. Industrial energy consumption data originate from the Statistical Yearbooks of 18 cities from 2016 to 2023, and the total industrial assets, number of industrial employees and original price of industrial fixed assets sourced from the Statistical Yearbook of Sichuan Province from 2016 to 2023. The standard coal conversion coefficients of multifarious energy sources originate from the China Energy Statistical Yearbook, and the carbon emission coefficients are sourced from relevant literature (Wen and Zhang, 2019; Hu et al., 2023).
4 RESULT
4.1 Analysis on the level of urban green development
In order to measure the level of coordinated social development, this paper measures the green development index from four dimensions: economy, society, environment and resources, as shown in Figure 2. From the perspective of regional differences, Chengdu has the highest level of green development, with an average green development index of 0.77 during the study period, of which the green development index in 2015 was 0.84. Secondly, Mianyang has a relatively high level of green development, with an average green development index of 0.53. There is little difference in the level of green development in other cities, and the green development index value fluctuates in the range of 0.25-0.46. From the perspective of time change, the overall green development level of 18 cities in Sichuan Province has decreased from 2015 to 2022, and there is great room for improvement in green development. The average green development index of Sichuan Province was 0.44 in 2015 and 0.40 in 2020, and the green development index decreased by 8.14% during the study period. From 2015 to 2022, the level of green development in most cities in Sichuan Province showed a gradual downward trend. Guang’an’s urban green development level decreased the most, from 0.56 in 2015 to 0.31 in 2020, a decrease of 44.59%. Secondly, the level of urban green development in Panzhihua, Mianyang and Ya’an decreased relatively more, by 25.81%, 19.56% and 20.28% respectively. The level of urban green development in Suining, Leshan, Nanchong, Meishan, Dazhou and Bazhong showed an upward trend, with an increase of 10.56%, 23.01%, 19.83%, 5.77%, 20.37% and 38.81% respectively.
[image: Figure 2]FIGURE 2 | Green development levels of 18 cities in Sichuan Province.
Figure 3 displays the industrial carbon emissions of 18 cities in Sichuan Province from 2015 to 2022. As clearly revealed by the results, the overall industrial carbon emissions of 18 cities in Sichuan Province augmented during the study period, which corresponds to the downward trend in the green development level. Specifically, the total industrial carbon emissions displayed a downward trend from 2015 to 2018, which is consistent with the research findings of Li et al. (2022). The total industrial carbon emissions from 2015 to 2018 were 895.44 [image: image], 869.82 [image: image], 810.76 [image: image], and 746.27 [image: image], separately. The total industrial carbon emissions presented an upward trend from 2018 to 2022, and the total industrial carbon emissions were 785.16 [image: image], 861.97 [image: image], 1027.38 [image: image], and 1006.74 [image: image], severally. This is because after experiencing the epidemic, the economy progressively recovered and industrial production activities augmented, which gives rise to an increment in carbon emissions. Panzhihua is the city with the highest level of industrial carbon emissions, with an average industrial carbon emission of 162.45 [image: image]. Panzhihua is the first vanadium product production base in China and the second worldwide. It is also the largest full-process titanium industrial base in China and a paramount one worldwide. In consideration of this, it consumes considerable energy and emits enormous industrial carbon. On top of that, Chengdu has a high level of industrial carbon emissions, with an industrial carbon emission of 140.43 [image: image] in 2021. Ziyang and Bazhong have lower industrial carbon emission levels, with average industrial carbon emissions of 4.17 [image: image] and 3.71 [image: image] separately.
[image: Figure 3]FIGURE 3 | Industrial carbon emissions in 18 cities in Sichuan Province.
4.2 Analysis of static industrial carbon emission efficiency characteristics
The input-output data of 18 cities in Sichuan Province from 2015 to 2022 were brought into the DEA model for analysis, and the static industrial carbon emission efficiency results of the cities were obtained, as shown in Table 3. From the perspective of time, from 2015 to 2022, the industrial carbon emission efficiency of Sichuan Province showed a trend of “decreasing-rising-declining.” In 2015–2017, the efficiency decreased. At this stage, facing the problem of overcapacity in traditional industries, and the environmental protection policy has not been strictly implemented at this time, enterprises do not have enough incentive to reduce emissions, resulting in reduced energy efficiency and increased carbon emissions. From 2017 to 2019, efficiency rebounded. At this stage, Sichuan Province adjusted its industrial structure and reduced the proportion of energy-intensive industries, thereby improving the efficiency of carbon emissions. From 2019 to 2022, the efficiency of industrial carbon emissions decreased again. During the pandemic, industrial production was hit, and companies temporarily relaxed environmental protection measures in order to maintain production, resulting in an increase in carbon emissions. In addition, in the process of economic recovery, in order to stimulate economic growth, priority is given to the recovery of energy-intensive and high-emission industries, resulting in a reduction in carbon emission efficiency. The overall level of industrial carbon emission efficiency in Sichuan Province is low, with an average industrial carbon emission efficiency of 0.740. Zigong, Deyang and Ziyang have relatively high industrial carbon emission efficiency, with average industrial carbon emission efficiency of 1.081, 1.010 and 1.043, respectively. Zigong implements the policy of “retreating from the city and entering the park,” eliminating backward production capacity and retaining efficient enterprises to promote refined and low-carbon production. Deyang Industry focuses on low-carbon fields such as nuclear power and wind power equipment, and has been selected as a national “Green Manufacturing Demonstration Park.” Relying on the Chengdu-Chongqing Economic Circle, Ziyang focuses on the development of emerging low-carbon industries such as new energy vehicles. As a result, these cities have a comparative advantage in industrial production and carbon emission management. In contrast, Neijiang, Dazhou and Ya’an have relatively low carbon emission efficiency, among which Dazhou has the lowest industrial carbon emission efficiency, with an average efficiency of 0.413, indicating that there is serious resource waste and carbon emission redundancy in their industrial production. This is due to the fact that Dazhou has abundant coal resources, its energy structure is heavily dependent on fossil energy, and its industrial structure is biased towards high-carbon industries.
TABLE 3 | Urban static industrial carbon emission efficiency.
[image: Table 3]The static industrial carbon emission efficiency can be decomposed into the pure technical efficiency of industrial carbon emissions and the scale efficiency of industrial carbon emissions, and the pure technical efficiency and scale efficiency are shown in Figure 4. It can be seen from the figure that the difference in urban industrial carbon emission efficiency is mainly due to the difference in pure technical efficiency, with the average pure technical efficiency value of only 0.844 and the average scale efficiency value of 0.897. From 2015 to 2022, the net technical efficiency of industrial carbon emissions in Sichuan Province showed an overall upward trend, and the average pure technical efficiency of Sichuan Province in 2019 was 0.941. During the study period, Chengdu, Deyang, Guang’an, Bazhong and Ziyang all had a pure technical efficiency value greater than 1, which means that these cities performed well in terms of technology and management. Chengdu implements total energy consumption control and energy-saving target management, and at the same time, introduces advanced production technology and equipment, so that enterprises can use resources and energy more efficiently, so as to maintain a relatively stable level of carbon emissions per unit of output.
[image: Figure 4]FIGURE 4 | Decomposition of static industrial carbon emission efficiency.
4.3 Dynamic industrial carbon emission efficiency characteristics analysis
In this paper, the Malmquist index is further used to analyze the changes in the dynamic industrial carbon emission efficiency of 18 cities in Sichuan Province (Figure 5). From 2015 to 2022, the dynamic industrial carbon emission efficiency of Sichuan Province showed a trend of first stable and then decreasing. From 2015 to 2021, the dynamic industrial carbon emission efficiency of Sichuan changed little, and from 2021 to 2022, the dynamic industrial carbon emission efficiency of Sichuan was 0.802, a decrease of 26.86% compared with the initial stage of the study. In 2022, Sichuan suffered from extreme drought, with a decline in hydropower generation and a surge in thermal power generation, resulting in an increase in industrial carbon emission intensity and a significant deterioration in industrial carbon emission efficiency. The Malmquist index of most cities is greater than 1, which indicates that the industrial carbon emission efficiency of most cities has improved during the study period. Among them, Leshan and Yibin have a large dynamic industrial carbon emission efficiency, with an average dynamic industrial carbon emission efficiency of 1.184 and 1.181, respectively. In recent years, Leshan has vigorously implemented the strategy of strengthening the city through industry and accelerated the construction of a modern industrial system dominated by industry, resulting in great dynamic changes in its industrial carbon emission efficiency. The dynamic industrial carbon emission efficiency of Guang’an and Bazhong is small, with the average dynamic industrial carbon emission efficiency of 0.921 and 0.875, respectively.
[image: Figure 5]FIGURE 5 | Dynamic industrial carbon emission efficiency.
In general, dynamic industrial carbon emission efficiency can be decomposed into technical efficiency change ([image: image]) and technical progress change ([image: image]). Figure 6 exhibits the average technical efficiency change and technical progress change of cities from 2015 to 2022. Except for Ziyang and Zigong, the average change value of technological progress in other cities in Sichuan Province is greater than 1, indicating that these cities promote the outward movement of production frontiers through technological innovation, while the technological progress of Ziyang and Zigong lags behind. Guangyuan’s technological progress changed the most, with a change value of 1.084. In addition, the technological progress of Ya’an and Panzhihua changed greatly, and the change values of technological progress were 1.060 and 1.082. The change value of technological efficiency in most cities is smaller than the change value of technological progress, which indicates that most cities have not done enough to improve the efficiency of the use of existing technologies, and mainly rely on technological progress to improve the overall efficiency. For example, the average change in technical efficiency in Neijiang is 0.989, while the average change in technological progress is 1.056. The average industrial carbon emission technical efficiency change values of Bazhong and Guang’an were small, and the average industrial carbon emission technical efficiency change values were 0.863 and 0.892, respectively.
[image: Figure 6]FIGURE 6 | Decomposition of dynamic industrial carbon emission efficiency.
4.4 Analysis of factors affecting industrial carbon emission efficiency
In an effort to facilitate the betterment of industrial carbon emission efficiency and investigate the path to elevate industrial carbon emission efficiency in Sichuan Province, this paper uses Tobit regression to investigate the influencing factors of industrial carbon emission efficiency in Sichuan Province. The findings are depicted in Table 4.
TABLE 4 | Regression results of factors affecting industrial carbon emission efficiency.
[image: Table 4]It can be seen from Table 4 that: 
(1) The impact of the proportion of added value of the tertiary industry in GDP on the efficiency of industrial carbon emissions is at the statistical level of 5%, and there is a positive correlation. This indicates that the efficiency of industrial carbon emissions will increase with the increase of the added value of the tertiary industry as a proportion of GDP. The increase in the proportion of the tertiary industry is accompanied by the contraction of industrial scale, which promotes the industrial sector to carry out intensive production and improve efficiency. The development of the tertiary industry can provide low-carbon technology support for industry, such as intelligent manufacturing, energy management systems, etc., and then improve the efficiency of industrial carbon emissions.
(2) Compared with the previous study (Liu, 2022), this study found that the level of green development was positively correlated with the efficiency of industrial carbon emissions, and the significance was high. The improvement of green development is usually accompanied by the combined effect of multiple factors such as the application of environmental protection technology, policy and regulatory constraints, changes in market demand, and corporate social responsibility. Together, these factors are driving the industrial sector towards a greener and more efficient sector, which in turn promotes the efficiency of industrial carbon emissions.
(3) The impact of urbanization level on industrial carbon emission efficiency is at the statistical level of 10%, and the significant coefficient of impact on industrial carbon emission efficiency is positive. With the improvement of urbanization, the improvement of urban infrastructure, industrial agglomeration and other factors, the allocation of resources in the industrial production process is more reasonable, technological innovation is more active, and energy utilization is more efficient, which will have a positive effect on the efficiency of industrial carbon emissions.
(4) The impact of per capita GDP on industrial carbon emission efficiency is positive, but not significant. The results show that the increase in per capita GDP may promote technological progress and the improvement of production efficiency, but the impact of this increase on carbon emissions is often constrained by a variety of factors. Therefore, relevant departments should strengthen the adjustment of industrial structure, promote the application of green technologies, strengthen environmental supervision, and promote regional coordinated development, rather than relying solely on economic growth to improve the efficiency of industrial carbon emissions.
(5) The energy consumption per unit of industrial added value has a significant inhibitory effect on the efficiency of industrial carbon emissions, and it has passed the significance test of the 1% level, which is consistent with expectations. Energy consumption per unit of industrial added value refers to the amount of energy consumed per unit of industrial added value, which reflects the energy efficiency. Higher energy consumption means more energy is required to produce industrial products of the same value, which leads to higher carbon emissions. Therefore, high energy consumption per unit of industrial added value will reduce the efficiency of carbon emissions.
(6) The proportion of R&D expenditure in GDP has a significant role in promoting the efficiency of industrial carbon emissions. R&D funds can be transformed into technological progress, thereby promoting the upgrading of industrial technology, reducing the input of high-carbon and high-polluting resource elements to a certain extent, improving their resource utilization, and reducing energy consumption and carbon emissions. Therefore, increasing the proportion of R&D spending is crucial for key energy consumption companies.
5 CONCLUSION AND RECOMMENDATIONS
In the context of green development, this paper enriches the urban green development index system and evaluates the level of urban green development. The undesirable super-efficiency SBM model is adopted to dig into the industrial carbon emission efficiency of cities in Sichuan Province from 2015 to 2022 from both static and dynamic aspects. Afterwards, the urban green development index is incorporated into the Tobit model, and the impact of factors such as urban structure on industrial carbon emission efficiency is considered. The results show that: (1) The overall green development level of cities in Sichuan Province decreased from 2015 to 2022. The average green development index of Sichuan Province was 0.44 in 2015 and 0.40 in 2020, and the green development index decreased by 8.14% during the study period. There is great room for improvement in the level of green development. (2) The overall level of static industrial carbon emission efficiency in Sichuan Province is low, and the average industrial carbon emission efficiency is only 0.740. The difference in the efficiency of urban industrial carbon emissions is mainly due to the difference in the efficiency of pure technology. From 2015 to 2022, the dynamic industrial carbon emission efficiency of Sichuan Province showed a trend of first stable and then decreasing. (3) The level of green development is positively correlated with the efficiency of industrial carbon emissions, and the significance is high. The impact of the proportion of added value of the tertiary industry in GDP on the efficiency of industrial carbon emissions is at the statistical level of 5%, and there is a positive correlation.
This study explores the spatiotemporal differentiation and influencing factors of regional industrial carbon emission efficiency in the context of green development, and provides a theoretical basis for sustainable urban development. First of all, in the carbon emission calculation, because it is impossible to obtain the key data of carbon emissions in the production process of the cement and steel industries, such as cement production and steel production, at the city level, this study limits the accounting boundary to the carbon emission range of energy terminal consumption, and does not cover the carbon emissions generated by the cement and steel industries. In future studies, we will try to obtain detailed production data for the cement and steel industries to further improve the carbon emission accounting boundary. Second, due to the unavailability of industrial solid waste data in the study area, we are temporarily unable to include it in the index system. We will continue to pay attention to this data in future studies in order to further improve the indicator system in subsequent studies.
In consideration of the above findings, this paper comes up with the following suggestions for the low-carbon development of Sichuan industry:
(1) Promote cleaner production technologies. Since the average industrial carbon emission efficiency of Sichuan Province is 0.740, and the main difference is the difference in pure technical efficiency, the promotion of technological innovation is crucial to the low-carbon development of Sichuan industry. Relevant government departments should vigorously encourage and support industrial enterprises to adopt cleaner production technology and equipment, reduce energy consumption and waste emissions, and promote the application of cleaner production technology through policy measures such as capital subsidies and tax incentives.
(2) Strengthen policy support and incentives. From 2021 to 2022, the dynamic industrial carbon emission efficiency has decreased, and the industrial carbon emission efficiency has great potential to be improved. Therefore, it is necessary to adopt a variety of policy measures to establish a sound reward and punishment mechanism to further encourage enterprises and citizens to participate in low-carbon development.
(3) Promote regional coordinated development. The level of green development has a significant impact on the efficiency of industrial carbon emissions, while the per capita GDP has no significant impact on the efficiency of industrial carbon emissions. Therefore, it is necessary to adjust and optimize the industrial structure according to the characteristics and resource advantages of each city, promote the application of green technology, strengthen environmental supervision, and promote regional coordinated development. Rather than relying solely on economic growth to improve the efficiency of industrial carbon emissions.
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Dazhou 0475 0326 0.366 0353 0.402 0408 0515 0455 0413
Yaan 0361 0340 0.394 0383 0.449 0389 0539 0568 0428
Bazhong 1305 L115 1137 0.826 1.003 1017 0678 0368 0931
Ziyang 0855 1070 L1115 1133 1342 1.086 1049 0692 1043
Mean 0732 0712 0.698 0.707 0.804 0766 0796 0705 0740
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