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Abstract

:

With rapid urbanisation in China, sustainable urban development faces a major obstacle due to insufficient consideration of land-use efficiency. Currently, despite progress in analysing land-use efficiency, not every land manager has enough knowledge of green land use from a county perspective. Therefore, the objective of this research is to explore the spatiotemporal evolution law focused on county green land-use efficiency (CGLUE), which can support sustainable county development. Based on 10 specific CGLUE factors identified through a content-mining tool, this study explored the temporal and spatial evolution law of 11 counties in Sichuan Province using the ultra-efficient slacks-based measure (SBM), kernel density estimation, and Moran’s I statistic. The study found that (1) CGLUE factors cover the administrative area, total investment in fixed assets by region, the number of employed persons in secondary and tertiary industries, gross domestic product in secondary and tertiary industries, the average wage of staff and workers, basic statistics on per capita park green area, carbon emissions of land, the volume of industrial wastewater discharged, the volume of industrial sulphur dioxide emission, and the volume of industrial soot (dust) emission; (2) from a time-evolution perspective, CGLUE shows an increasing trend of time series evolution as a whole, and its dynamic evolution process has obvious differences in time. CGLUE increased, and the difference in CGLUE became larger from 2010 to 2012. CGLUE also increased, and the difference in CGLUE became smaller from 2013 to 2016. CGLUE also increased, and the difference in CGLUE became larger from 2017 to 2020; (3) from a spatial evolution perspective, the global spatial evolution laws of CGLUE show that the spatial agglomeration state has gone from strong to weak. Overall, however, Sichuan Province CGLUE maintains a high spatial agglomeration effect. The local spatial evolution laws show that the CGLUE of the 11 counties is positively correlated. The high–low CGLUE agglomeration areas are mainly distributed in Chengdu, Mianyang, Meishan and Yibin; the low–low CGLUE agglomeration areas are mainly distributed in Deyang, Yaan, and Zigong. The novelty of the research lies in these aspects: (1) the carbon emissions of land should be considered the undesired output of CGLUE; (2) CGLUE in Sichuan Province has various growing stages from a time perspective; (3) CGLUE in Sichuan Province has a high spatial concentration in Chengdu from spatial view, and these counties’ resources flow and interact at high speed. These findings offer a solid reference for the sustainable development of these 11 counties in Sichuan Province.
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1. Introduction


The complex characteristics of rapid urbanisation can make urban land use irrational and inefficient, decreasing arable land and causing disorderly urban sprawl, less green space, and a heat island effect [1,2]. Therefore, it is critical to have harmony between population growth and urban development [3,4]. The key to sustainable urban development is to realise efficient urban land use [5]. Efficient urban land use can improve land value even when land supply is limited, and it is necessary for sound environmental and economic growth.



Efficiency refers to the most efficient use of resources under given conditions to meet set needs and visions. Urban land-use efficiency refers to the many economic benefits and pollutants that can be generated per unit of urban land area. In the context of economic globalisation, urban land-use efficiency is associated with economic structures, industry input, land use, and urban planning [6,7]. Urban land-use efficiency contains factors such as the scale of the primary industry, the scale of the secondary industry, the scale of the tertiary industry, urban area, waste discharge, and urban population [8,9,10]. Previous studies have explored a series of factors measuring urban land-use efficiency [11], but they have rarely given enough attention to the integration of green and low-carbon elements into urban land-use systems. Therefore, this study aims to explore land-use efficiency by considering green and low-carbon elements.



County green land-use efficiency (CGLUE) refers to using the lowest land-use cost to generate maximum benefits to improve an area’s economy, environment, and quality of life for the residents [12,13]. Compared with urban land-use efficiency, CGLUE pays more attention to low-carbon elements. These refer to, under the conditions of the county, limited land area, reasonable industrial layout, and development methods that help counties produce high economic benefits, better ecological environments, and low-carbon emissions. Some previous studies have researched the evaluation systems, spatial patterns, and regional differences in land-use efficiency in big cities [14,15,16]. However, these studies of revolving land-use efficiency have not paid attention to the practically sustainable development requirements of a county [17]. It is difficult to mitigate illegal county land use, environmental pollution, and economic downturn. Table 1 lists a total of 80 county unsustainable development accidents in Sichuan Province issued by official reports from 2009 to 2022. The root cause of inefficient land use is illegal land grants by county management committees, accounting for 35%, which reflects that county managers cannot understand the temporal and spatial evolution laws of CGLUE. Therefore, to avoid disorder in land approvals, it is necessary to recognise specific factors and understand the status of CGLUE.



This research analysed this issue by focusing on four questions: (1) Which factors can measure CGLUE? (2) How does the law of CGLUE operate in different counties under time series? (3) How do the global evolution law of CGLUE and the local agglomeration effect of CGLUE operate in different counties under spatial series? The findings of this research will not only contribute to the literature on CGLUE assessment and add knowledge to county land resources management, but it will also offer some suggestions to county managers.




2. Literature Review


It is widely accepted in the literature that efficient land use in urbanisation plays a critical role in improving sustainable urban development [18]. Efficient land-use strategies should reconcile economic, environmental, and social sustainability [19]. Recently, many urban land-use efficiency studies have been presented that, for example, recognise the characteristics of land-use efficiency and metropolitan agglomeration [20,21].



Concerning urban land-use efficiency, some studies have pointed out that rapid urbanisation has caused serious environmental pollution, and urban land-use efficiency should consider the environment, social sustainability, and governance [22,23,24]. Many studies verify that urban land-use efficiency has three aspects: economic level, industry structure, and government regulation. These aspects often cover per capita gross domestic product (GDP), population density, and the degree of market openness [25,26,27]. Some studies used system information modelling (SIM) to verify that land-use efficiency can be measured by three aspects: innovation, industrial structure, and economic connections. It has been pointed out that technological processes, pure technical efficiency, and scale efficiency are the main aspects of urban land-use efficiency [28,29]. Industrial structure and population density affect environmental regulations, and these regulations affect urban land-use efficiency [30,31].



Various factors of urban land-use efficiency stem from environmental, social, and governance elements. A study by [32] used 26 cities in the Yangtze River delta as an example to build an evaluation system for urban land-use efficiency under the green development concept, which contains the inputs of land, capital, labour, and energy factors in the process of urban development. Ref. [33] used the super-efficiency slacks-based model (SBM) of data envelopment analysis (DEA) and partial least squares structural equation modelling to analyse the data of 35 cities to measure urban land-use efficiency and explore the key driving factors. Their study pointed out that urban land-use efficiency is related to the spatial heterogeneity of different regions, and the efficiency had a 0.17% rise from 2007 to 2015. It was noted that land-use efficiency contained economic, infrastructure, and market elements.



Many studies have paid much attention to assessing urban land-use efficiency in different years. For example, the human appropriation of the net primary production (HANPP) framework has been used to analyse land-use efficiency in New Zealand. One study found that efficiency increased from 1860 to 1920, declined in 1950, increased to 41% in 1980, and declined to 32% in 2005 [34]. The Malmquist index approach was used to measure and decompose urban land-use total factor productivity, and a pane vector autoregressive model was used to investigate the interactions among urban land-use total factor productivity, technological progress, pure technical efficiency, and scale efficiency in China from 2003 to 2016 [29]. That study showed that overall urban-land use efficiency increased at an annual growth rate of 0.7%. Some scholars measured green land utilisation efficiency in the Beijing–Tianjin–Hebei urban agglomeration from 2006 to 2016 and found that efficiency in 2016 was higher than in 2006, and energy and environment were the driving factors affecting green land use [35]. The study also found that the efficiency of each city was positively correlated with its economic development and negatively correlated with construction land expansion.



Different cities have different urban land-use efficiency. Europe and Japan have the lowest population growth rate and land consumption rate, which indicates that these regions have high urbanisation, and more attention should be paid to the coordination of urban land use and population growth in cities [36]. Meanwhile, wealthy cities have higher urban land-use efficiency compared with poor cities, indicating that urban land-use efficiency is associated with per capita disposable income. For example, Western, Atlantic, and Central Europe have high land-use efficiency, according to the results of a comparative analysis of 417 metropolitan regions in Europe [19]. Urban land-use efficiency varies significantly across the country, and the mean efficiency values in the eastern, central, and western regions are 0.733, 0.535, and 0.507, respectively [37]. The spatial regression model was used by [30] to analyse the spatial effects of urban land-use efficiency. Their study pointed out that urban land-use efficiency was sensitive to regional heterogeneity and city size. Moreover, ref. [38] found that Xi’an had inefficient urban land use. Their study showed that land-use efficiency in the old urban area and the mature built-up area was relatively high, and the land-use efficiency of the emerging expansion area and the edge area was relatively low. ArcGIS was used to assess spatiotemporal land-use changes between 2007 and 2019. The findings revealed a prevalence of urban land-use inefficiencies in all cities in Ethiopia, the rate of land consumption in most cities far exceeded the population growth rate, and densification (urban infill) was low and slow [39].



Overall, this study is interested in urban land-use efficiency. It recognises relevant factors and evaluates many urban land-use efficiencies. However, previous studies have paid little attention to county land-use efficiency and have ignored the carbon emissions of land use. Therefore, the key issue of the study is exploring the temporal and spatial evolution law of county green land-use efficiency. Section 3 outlines the research methods, Section 4 details the reasons for choosing Sichuan Province and the data analysis methods, and Section 5 illustrates the results. Discussion of the findings follows in Section 6, conclusions are drawn in Section 7, and limitations and future research directions are outlined in Section 8.




3. Research Methods


This study’s analysis of the spatiotemporal evolution characteristics of CGLUE in the study areas involved four steps. Firstly, a content-mining tool was used to recognise the CGLUE factors. Secondly, relevant data were analysed by SBM to calculate CGLUE in the study areas. Thirdly, the kernel density estimation was used to reveal the time-series dynamic evolution law of CGLUE. In this third step, each CGLUE corresponded to a kernel density value. Kernel density estimation can convert the discrete CGLUE of each county into a continuous function curve, which is convenient for seeing the trend of the CGLUE in each county over time. Rather than using discrete points that were not always legible, this study analysed the CGLUE time evolution law based on the continuous function curve. Fourth, Moran’s I statistic was used to reveal the spatial dynamic evolution law of CGLUE. In this fourth step, the global Moran’s I statistic analysed the overall change in the spatial agglomeration state in the study areas. The local Moran’s I statistic analysed the agglomeration of CGLUE in each county from the spatial perspective. Detailed information about the research steps is presented in Figure 1.



3.1. Content Mining


ROST CM6.0 (ROST content-mining system version 6.0) is a word-segmentation system software used in content analysis. The advantage of ROST content mining is that it can directly and simultaneously segment words, merge synonyms, delete nonsensical words, and search online for critical words from the literature and reports [40,41]. Another advantage of ROST CM6.0 is that it can acquire assessment information by objective and qualitative data, reducing the subjectivity of research results. Detailed information on the basic operation principles of ROST is given in Figure 2.




3.2. Ultra-Efficient SBM


First proposed by Charns in 1978, DEA (data envelopment analysis) is an efficient method for evaluating decision-making units with multiple input and output indicators [42,43]. DEA methods mainly use the CCR (Charnes Cooper and Rhodes), the BCC (Banker, Charnes and Cooper), and the SBM models [44,45]. The CCR model is used to measure the total efficiency of decision-making units (DMU) in the case of fixed returns to scale. The BCC model is used to measure the pure technology and scale efficiency of DMU under dynamic returns to scale. The CCR and BCC models usually take the radial measurement as the premise, assuming that the input and output change is in the same proportion, although few such situations exist. Compared to these models, the SBM model can effectively avoid these shortages. The advantage of the ultra-efficient SBM is that it can eliminate the deviation and influence caused by the difference between the radial and angular selection and reflects the slack variables of surplus input and insufficient output [46,47]. Another advantage of the ultra-efficient SBM is that it can evaluate decision-making units whose efficiency value is greater than 1, obtaining more accurate efficiency results [48]. Therefore, this study used the ultra-efficient SBM to explore the CGLUE in the study areas. The detailed calculation equations are given below:
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(1)







In Equation (1),    p *    represents the CGLUE index;  n  is the number of DMU;  m  is the number of input elements;    s 1    is the expected output;    s 2    is the undesired output. Vectors   x ∈  R m   ,    y g  ∈  R   S 1     , and    y b  ∈  R   s 2      are input vector, expected output vector, and undesired output vector, respectively. Matrix   X =  [   x 1  , … ,  x n   ]  ∈  R  m × n    ,    Y g  =  [   y 1 g  , … ,  y n g   ]  ∈  R   s 1  × n    ,    Y b  =  [   y 1 b  , …  y n b   ]  ∈  R   s 2  × n    .    D −   ,    D g   , and    D b    are the input slack variable, the expected output slack variable, and the undesired output slack variable, respectively;  λ  is the weight vector.



In the above equations, when the CGLUE index is    p *    ≥ 1, the decision-making unit is effective, and the CGLUE is effective. When the CGLUE index is 0 ≤    p *    < 1, the decision-making unit may be ineffective, and the CGLUE is relatively low. The county needs to further improve the ratio of input and output to achieve the best efficiency.




3.3. Kernel Density Estimation


The kernel density estimation is a nonparametric method used to estimate the dynamic distribution characteristics of data based on the time perspective [49,50]. The advantage of the kernel density estimation is that it can avoid the subjectivity of function settings when estimating the parameter and improve the accuracy of estimation results [51,52]. Another advantage of the kernel density estimation is that it can accurately calculate the average effect of all sample points from a time perspective [53,54]. Therefore, this study conducted kernel density estimation to reveal the time-series dynamic evolution law of CGLUE. The detailed equation is presented below:


  f  ( w )  =  1  N h     ∑  i = 1  N   K  (     W i  −  w −   h   )     



(2)







In Equation (2),  N  represents the number of samples;  h  represents the window width;    lim   N → ∞   h = 0  ;  K  is a kernel function;    W i    denotes the ith sample. The kernel functions contain several types, including the uniform kernel, the Gauss kernel, the Epanechnikov kernel, and the quadric kernel. The different kernel functions have little impact on the results. This study used the uniform kernel to conduct the kernel density estimation. It uses uniform kernel density to convert the discrete CGLUE of each county into a continuous function curve, which is convenient for analysing CGLUE time evolution law.




3.4. Exploratory Spatial Data Analysis


Exploratory spatial data analysis (ESDA) is a series of techniques and methods mainly used to reveal spatial distribution law and the spatial interaction mechanism of data. Moran’s I statistic is an effective ESDA method that measures global spatial autocorrelation and the local spatial agglomeration effect [55,56]. The advantage of the Moran’s I statistic is that it can be combined with maps to test spatial independence, and map results are visual and intuitive for easy decision-making [57]. Another advantage of the Moran’s I statistic is that it can analyse objective data to alleviate the uncertainty of subjective data. Recently, Moran’s I statistic has been used in real estate, urban management, public health, and disease mapping [58]. In this study, research was aimed at finding the different counties’ autocorrelation in CGLUE and the spatial agglomeration effect of CGLUE, which needed a mapping result. Therefore, Moran’s I statistic was selected to analyse the spatial evolution law of CGLUE. The basic calculation rules of the global Moran’s I statistic are represented in Equation (3), and the local Moran’s I statistic calculation steps are presented in Equation (4):


  Moran ’ s   I =     ∑  i = 1  n     ∑  j = i  n    W  i j    (   y i  −  y −   )   (   y j  −  y −   )          ∑  i = 1  n     ∑  j = i  n    W  i j       ∑  i = 1  n      (   y i  −  y −   )   2         



(3)






   I i  ( d ) =  z i    ∑  j ≠ i  n    W  i j    Z j     



(4)







In Equations (3) and (4), Moran’s I is the Global Moran’s I statistic, and    I i  ( d )   is the local Moran’s I statistic.    W  i j     is a distance weight between    y i    and    y j   , which can be specified as a distance band [59];    y i    and    y j    are green county land-use efficiency in  i  county and j county;    y −    represents the mean of the CGLUE of all counties;  n  is the number of observations.    Z i    and    Z j    are the normalised values of CGLUE for i county and j county, respectively.



Moran’s I statistic distribution range is [−1, 1]. When the distribution range is [0, 1], there is a positive correlation between the efficiency values of each geographic entity. When the distribution range is [−1, 0], there is a negative correlation between the efficiency values of each geographic entity. A value of 0 represents no correlation between the efficiency values of each geographic entity.





4. Data Collection and Analysis


4.1. Study Area


The study area of this research comprises 11 counties located in Sichuan Province, and the boundaries of Sichuan province on the map of China have been marked in green, represented in Figure 3. The counties are Chengdu, Zigong, Panzhihua, Luzhou, Deyang, Mianyang, Suining, Guangyuan, Meishan, Yibin, and Yaan (see Figure 4, where the areas are marked in purple on the map).



There were two reasons for choosing Sichuan Province. First, China has recently begun paying more attention to interior urban economic development, and Sichuan Province has a prominent position in China’s interior. China regards the development of Sichuan and Chongqing as national development goals, where urbanisation has an important role to play in analysing China’s urban development. Second, Sichuan Province attaches great importance to the coordinated development of environmental protection, economic development, and social harmony, providing a good foundation for this research on CGLUE.



The 11 counties were chosen for two reasons. First, they have relatively fast economic development, high intensity of land development, and high-speed operation of resource input and output. As the key counties in Sichuan Province, they represent the overall CGLUE of the province to a certain extent. Second, regarding the availability of data, these 11 counties have complete data, while other counties have incomplete data. The complete data can calculate the most real Moran statistics and fully present the spatiotemporal distribution law of CGLUE.




4.2. Data Collection


First, in the process of recognising the CGLUE factors, literature-based data were mainly collected from public sources found through:




	
The Chinese Social Sciences Citation Index and the Chinese Science Citation Database journal articles in China National Knowledge Infrastructure (CNKI);



	
Science Citation Index Expanded and Social Sciences Citation Index journal articles in Web of Science Core Collection;



	
Other high-quality studies from SpringerLink, ScienceDirect, Taylor & Francis Online, and Wiley Online Library;



	
The targets of the “14th Five-Year Plan for promoting the development of urban and rural areas in the Yangtze River Economic areas” and the “14th Five-Year Plan for ecological protection and high-quality development of urban and rural construction in the Yellow River” issued by the Ministry of Housing and Urban–Rural Development of China.








Second, in calculating CGLUE, data were collected from official reports and websites. This study selected the panel data of 11 counties in Sichuan Province from 2010 to 2020 as the research samples. The data came from the Sichuan Statistical Yearbook (2010–2020), the Chengdu Statistical Yearbook (2010–2020), the Sichuan Provincial Bureau of Statistics, and the China National Statistical Database. In particular, carbon emissions were calculated by the weighted sum of various energy consumptions, the coefficient value of converted standard coal, and the carbon emission coefficient. These energy sources contain raw coal, coke, petroleum pitch, petroleum coke, gasoline, kerosene, diesel, fuel oil, liquefied petroleum gas, natural gas, and electricity.




4.3. Data Analysis Tools


First, to recognise the GGLUE factors, the researchers reviewed all critical studies. The factor-recognition process was divided into two steps: (1) the most frequent factors were recognised by the ROST content-mining tool according to the number of occurrences of each factor; (2) these factors were then divided into several categories based on the principle of attribute similarity.



Second, to calculate the CGLUE from 2010 to 2020, according to the theory of ultra-efficient SBM, the CGLUE data were analysed by MaxDEA software.



Third, the CGLUE time evolution law was analysed by Stata 16 software. The software analysed the time evolution law of the green land-use efficiency of the 11 counties from 2010 to 2020.



Fourth, to analyse the CGLUE spatial evolution law, this study employed GeoDa software to explore global and local spatial evolution laws in the study areas.





5. Research Findings


5.1. CGLUE Factors


As shown in Table 2, the CGLUE factors were recognised. They contain five parts involving land resources, capital resources, labour resources, expected output, and undesired output. The ROST content-mining software recognises 252 records related to CGLUE, including 23 high-frequency words, 10 of which have more than 60 frequencies. According to the principle of the minority obeying the majority, words with more than 60 frequencies often appear in related texts, and they can measure CGLUE. Therefore, this study has regarded these 10 high-frequency words as the CGLUE factors. Detailed information on the CGLUE factors can be found in Table 2. The findings in Table 2 are highly consistent with reality, where the Ministry of Ecology and Environment of the People’s Republic of China often measure urban pollutant emissions by the volume of industrial wastewater discharged, the volume of industrial sulphur dioxide emission, and the volume of industrial soot (dust) emission. The National Development and Reform Commission in China often uses total investment in fixed assets by region and the number of employed persons in secondary and tertiary industries to measure the resource input of urban development.



According to data-collection rules, detailed information on CGLUE factors values is represented in the Supplementary File.




5.2. CGLUE Results


This study indicates that county green land-use efficiency can be perfect sometimes, while inefficient at other times, as shown in Figure 5 and Figure 6. Detailed information on the 11 counties’ CGLUE from 2010 to 2020 is given in the Supplementary File. The most efficient counties are Chengdu, Panzhihua, and Zigong. The top five efficient counties are Panzhihua in 2012 (ρ = 3.399), Zigong in 2017 (ρ = 2.649), Zigong in 2018 (ρ = 2.535), Chengdu in 2018 (ρ = 2.433), and Panzhihua in 2011 (ρ = 2.226). The most inefficient counties are Luzhou, Mianyang, and Yibin. Detailed information is shown in Figure 7. The efficient counties are marked in red, and the inefficient counties are marked in yellow. In Figure 7, the counties with moderate efficiency are marked in blue, and grey areas are not analysed.




5.3. Results of CGLUE Time-Evolution Laws


In terms of the time-series perspective of these 11 counties, Figure 8, Figure 9 and Figure 10 show their time-evolution features. In these figures, the x-axis represents the comprehensive CGLUE value of the 11 counties, and the y-axis represents the comprehensive kernel density value of the 11 counties. The distribution location, shape, and polarisation phenomenon of the curve trend reveal the time-series dynamic evolution law of 11 countries’ CGLUE from 2010 to 2020. This study explored several time-evolution laws of CGLUE in the following.



First, the central axis of the curve is slowly shifting to the right overall. The central axis interval from 2010 to 2020 are 0.81, 1.00, 0.98, 1.11, 0.90, 0.88, 0.88, 1.20, 0.86, 0.69, and 1.12, respectively. This shows that although the efficiency of these 11 counties fluctuates in these years, the fluctuation range is not large, and it fluctuates around 1. It also shows that the CGLUE in Sichuan is fluctuating, but the overall level is growing.



Second, it further develops the perspective of the shape of the nuclear density curve. Figure 8 shows that the nuclear density curves in 2011 and 2012 have two double peaks, and 2010 is a single peak. This indicates that there was a discrete phenomenon in CGLUE in 2011 and 2012, the difference in CGLUE between counties gradually increased, and there was a slight polarisation phenomenon in 2011 and 2012. Figure 9 shows that each of the four curves has only one peak. This indicates that the CGLUE in 2013, 2014, 2015, and 2016 increased and converged, and the differences between counties gradually narrowed. Figure 10 shows that the nuclear density curves in 2017, 2018, and 2019 have a different single peak, and 2020 has a double peak. This indicates that there was a converged phenomenon in CGLUE from 2017 to 2019; the difference in CGLUE between counties gradually narrowed. In 2020, there was a discrete phenomenon in CGLUE, the difference in CGLUE between counties gradually increased, and there was a significant polarisation phenomenon in 2020.



Therefore, CGLUE shows an increasing trend of time-series evolution as a whole, and its dynamic evolution process has obvious differences in time. From 2010 to 2020, CGLUE went through three stages: (1) a single peak evolved into a double peak from 2010 to 2012, (2) a different single peak evolved into a different single peak from 2013 to 2016, and (3) a different single peak evolved into a different double peak from 2017 to 2020. Meanwhile, the central axis of the curve slowly fluctuated and shifted to the right overall. The above features indicate that in stage (1), CGLUE increased, and the difference in CGLUE became larger from 2010 to 2012. In stage (2), CGLUE also increased, and the difference in CGLUE became smaller from 2013 to 2016. In stage (3), CGLUE also increased, and the difference in CGLUE became larger from 2017 to 2020.




5.4. Spatial Evolution Laws of CGLUE


5.4.1. Global Spatial Evolution Laws of CGLUE


Table 3 reflects the global Moran’s I statistic of CGLUE in the 11 counties. The global Moran’s I statistic is both positive and significant at the 0.05 level. This indicates that the CGLUE in the 11 counties is positive spatial aggregation. In addition, from 2010 to 2020, the global Moran’s I statistic first increased and then decreased. The global Moran’s I statistic continued to increase from 2010 to 2019, and the spatial aggregation of CGLUE continued to increase. In 2020, the global Moran’s I statistic of CGLUE decreased to 0.428. This reflects a change in the spatial agglomeration state from strong to weak and indicates that the differences in CGLUE expanded. Overall, the degree of spatial agglomeration from 2010 to 2020 is presented in Figure 11. This scatterplot shows that CGLUE fluctuates between 0.3 and 0.6. This indicates that the spatial aggregation of the CGLUE of the 11 counties remained higher.




5.4.2. Local Spatial Evolution Laws of CGLUE


These results of the local spatial evolution laws are dynamic, the high–low CGLUE agglomeration areas are increasing, and many resources of Sichuan province are gathered in Chengdu. For example, Figure 12, Figure 13 and Figure 14 reflect the LISA aggregation diagram of CGLUE in the 11 counties in 2010, 2015, and 2020, respectively. They indicate that the CGLUE of the 11 counties presents the characteristics of different high–low adjacency and low–low adjacency.



In these figures, the purple areas represent counties with higher CGLUE adjacent to counties with lower CGLUE. The high–low CGLUE agglomeration areas were mainly distributed in Chengdu and Deyang in 2010. The high–low CGLUE agglomeration areas were mainly distributed in Chengdu, Mianyang, and Meishan in 2015. The high–low CGLUE agglomeration areas were mainly distributed in Chengdu, Mianyang, Meishan, and Yibin in 2020. In these areas, the high agglomeration area is relatively developed in terms of economic level and has sufficient circulation of various production factors. These areas have a high degree of intensive utilisation of construction land, and the economic density per unit of construction land is much higher than in other areas. In the high–low-type CGLUE agglomeration area, the resources of the high-aggregation area flow to the low-aggregation area. This shows that the spatial and resource conduction effect plays a positive role in driving the CGLUE of surrounding counties and realises the synergistic growth of CGLUE in adjacent counties.



In these figures, the yellow areas represent counties with lower CGLUE adjacent to counties with lower CGLUE. The low–low CGLUE agglomeration areas were mainly distributed in Meishan and Yibin in 2010. The low–low CGLUE agglomeration areas were mainly distributed in Zigong and Yibin in 2015. The low–low CGLUE agglomeration areas were mainly distributed in Deyang and Yaan in 2020. Low–low CGLUE areas have a low economic level, insufficient circulation of various production factors, and a low degree of intensive utilisation of construction land, and the economic density per unit of construction land area is much lower than in other areas. The agglomeration effect of CGLUE in other regions is not significant. Figure 15, Figure 16 and Figure 17 demonstrate the rationality of the results in this study.






6. Discussion


The findings in Table 2 suggest that the administrative area, total investment in fixed assets by region, number of employed persons in secondary and tertiary industries, GDP in secondary and tertiary industries, the average wage of staff and workers, basic statistics on per capita park green area, carbon emissions of land, the volume of industrial wastewater discharged, the volume of industrial sulphur dioxide emission, and the volume of industrial soot (dust) emission are critical factors in analysing CGLUE. In contrast to previous studies, this study indicates that the carbon emissions of land should be considered an undesired output [60,61]. With the targets of carbon reduction, economic improvement, and sustainable social development, how much carbon will be generated by each unit of land resource is particularly important [62,63]. The carbon emissions of land can measure land resources’ coal consumption, natural gas emissions, and electricity consumption.



As illustrated by the time-evolution laws shown in Figure 8, Figure 9 and Figure 10, this study has a revolved CGLUE evolution law based on time series. The county’s green land-use efficiency in the 11 counties showed improvement. The main reason for this is that Sichuan Province established the concept of a park city, and the economic development of the city considers the green environment and social sustainability. For example, Figure 10 shows a peak in 2020. There are several reasons for this peak. First, in terms of air-quality improvement, Sichuan Province realised the whole-chain supervision of trucks delivering gas. Second, vehicles transporting concrete can transport no more than 5 tons per trip. Third, Sichuan accelerated the improvement in the urban green travel system and strengthened the integrated development and efficient operation of rail and public transport to reduce carbon emissions and advocate for green travel.



As shown in Table 3 regarding the analysis of spatial evolution law, the Global Moran’s I statistic of CGLUE increased first and then decreased. The reasons for the increased CGLUE include Sichuan Province’s acceleration of the promotion of urbanisation and the integrated development of the whole region. Moreover, Sichuan Province coordinated the construction of the South Sichuan, Northeast Sichuan, Panxi Economic Zone, and Northwest Sichuan Ecological Demonstration Zone. The two measures above mean that the spatial agglomeration of CGLUE continued to increase. However, in 2020, the global Moran’s I statistics of CGLUE decreased to 0.428, which reflected the change in the spatial agglomeration state from strong to weak, indicating that the difference in CGLUE between regions expanded because of COVID-19. However, overall, Sichuan Province CGLUE still maintained a high spatial concentration.



As represented by the spatial evolution law in Figure 12, Figure 13 and Figure 14, the high–low CGLUE agglomeration areas are increasing, and many resources of Sichuan province are gathered in Chengdu. Chengdu, Mianyang, Meishan, and Yibin, which had a high effect from 2010 to 2020, continued to influence Deyang, Yaan, and Zigong, which had a low effect. This result is highly consistent with reality. Sichuan Province highlights the coordinated development of Chengdu, Deyang, Meishan, and Zigong in Sichuan Province’s 14th Five-Year Plan Report. These counties’ resources are flowing and interacting at high speed.




7. Conclusions


China is in the process of high-quality development, and it is increasing its green urbanisation. Sichuan Province’s urbanisation has introduced various significant changes to urban morphology. In exploring the relationship between green urbanisation and land-use efficiency, this study contributes to our understanding of the time and spatial evolution law of 11 CGLUE counties. The following conclusions can be drawn.



The findings show that the CGLUE factors are the administrative area, total investment in fixed assets by region, number of employed persons in secondary and tertiary industries, GDP in secondary and tertiary industries, the average wage of staff and workers, basic statistics on per capita park green area, carbon emissions of land, the volume of industrial wastewater discharged, the volume of industrial sulphur dioxide emission, and the volume of industrial soot (dust) emission. This study gives more attention to the carbon emissions of land compared to previous studies, which measured the carbon emissions of land resources.



Each county’s green land-use efficiency was analysed. For example, the green land-use efficiency in Chengdu continued to rise from 1.273 in 2010 to 2.434 in 2018 and reduced from 1.648 in 2019 to 1.095 in 2020. The values of CGLUE are all greater than 1, and the peak of the kernel density curve is at a relatively high level. The high level of efficiency and the curve value are growing, which shows that the overall level of Chengdu’s land use is efficient.



From the time-evolution perspective, the overall level of the 11 counties’ green land-use efficiency has been explored. The peak value of the kernel density curve is always at a high level, and the interval on the right side of the curve continues to decrease, indicating that the overall level of Sichuan Province in 11 counties’ green land-use efficiency is growing.



From the spatial evolution perspective, the global Moran’s I statistic of the CGLUE is greater than 0, which indicates that CGLUE has a positive influence on the spatial distribution characteristic. The spatial aggregation of CGLUE continued to increase from 2010 to 2019 and decreased in 2020. The spatial agglomeration state went from strong to weak, indicating that the differences in CGLUE expanded but are not obvious. The 11 counties kept a higher spatial aggregation of CGLUE.



From the spatial evolution perspective, the local Moran’s I statistic of the CGLUE represents both the high–low and low–low types. The high–low CGLUE agglomeration areas are mainly distributed in Chengdu, Mianyang, Meishan, and Yibin. The low–low CGLUE agglomeration areas are mainly distributed in Deyang, Yaan, and Zigong. These high and low CGLUE agglomeration areas show the high-speed exchange of resources in recent years and that the CGLUE gap between counties is shrinking and converging.




8. Limitations and Future Directions of Research Work


There are also several limitations to this study and future directions for the CGLUE. First, with the development of urbanisation, resources, expected output, and undesired output will continue to be dynamic. This study has only analysed county green land-use efficiency from 2010 to 2020, which can only provide near-term management advice for county managers. Therefore, the dynamic database should be further discussed. Second, this study has analysed 11 counties located in Sichuan Province, and the study areas could be expanded in the future.
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Figure 1. The general framework of this research. 
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Figure 2. Basic operation principles of ROST content mining. 
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Figure 3. Boundaries of Sichuan province in China. 
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Figure 4. The 11 counties of Sichuan Province selected for this research. 
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Figure 5. CGLUE results in Chengdu, Zigong, Panzhihua, Luzhou, and Deyang. 
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Figure 6. CGLUE results in Mianyang, Guangyuan, Suining, Meishan, Yibin, and Yaan. 
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Figure 7. CGLUE in 11 counties of Sichuan Province. 
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Figure 8. Efficiency kernel density curve from 2010 to 2012. 
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Figure 9. Efficiency kernel density curve from 2013 to 2016. 
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Figure 10. Efficiency kernel density curve from 2017 to 2020. 
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Figure 11. The degree of spatial agglomeration of CGLUE. 
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Figure 12. LISA aggregation diagram of the 11 counties’ CGLUE in 2010. 
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Figure 13. LISA aggregation diagram of the 11 counties’ CGLUE in 2015. 
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Figure 14. LISA aggregation diagram of the 11 counties’ CGLUE in 2020. 
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Figure 15. Reliability of local Moran’s I statistic calculation results in 2010. 
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Figure 16. Reliability of local Moran’s I statistic calculation results in 2015. 
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Figure 17. Reliability of local Moran’s I statistic calculation results in 2020. 
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Table 1. Unsustainable county development accidents.
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	No.
	Accidents
	Total
	Proportion (%)





	1
	Illegal land grant by county management committee
	28
	35.00%



	2
	Illegal building of houses on cultivated land
	10
	12.50%



	3
	Illegal lease of county collective land by enterprise
	18
	22.50%



	4
	Counties with severely polluted air quality
	6
	7.50%



	5
	Black and smelly water bodies in the county
	9
	11.25%



	6
	Heavy metal pollution incident
	5
	6.25%



	7
	County economic downturn
	4
	5.00%
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Table 2. Factors of CGLUE.
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Category

	
Factors

	
Frequency






	
Land resources

	

	∙

	
Administrative area







	
78.259%




	
Capital resources

	

	∙

	
Total investment in fixed assets by region







	
81.334%




	
Labour resources

	

	∙

	
Number of employed persons in secondary and tertiary industries







	
85.113%




	
Expected output

	

	∙

	
GDP in secondary and tertiary industries







	
64.337%




	

	∙

	
Average wage of staff and workers







	
76.232%




	

	∙

	
Basic statistics on per capita park green area







	
74.554%




	
Undesired output

	

	∙

	
Carbon emissions of land







	
60.228%




	

	∙

	
Volume of industrial wastewater discharged







	
80.054%




	

	∙

	
Volume of industrial sulphur dioxide emission







	
91.348%




	

	∙

	
Volume of industrial soot (dust) emission







	
87.339%
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Table 3. Global Moran’s I statistic of CGLUE in study areas.






Table 3. Global Moran’s I statistic of CGLUE in study areas.





	2010
	2011
	2012
	2013
	2014
	2015
	2016
	2017
	2018
	2019
	2020





	0.337
	0.350
	0.391
	0.407
	0.414
	0.429
	0.451
	0.476
	0.498
	0.549
	0.428
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