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Abstract

:

In recent years, a changing global climate and the continuous expansion of the intensity and scope of human activities have led to regional differentiation in the surface landscape. This has caused numerous ecological risks under multiple pressure sources, gradually becoming an important factor restricting the sustainable development of economic and social health. With the continuous development of the social economy, land use and associated ecological risks will inevitably change. According to the forest transformation theory and the environmental Kuznets curve, we put forward the theoretical framework of ecological risk transformation of land-use change and took Zhangjiachuan County (China) as an example to verify it. Therefore, on the basis of Landsat satellite data, this paper used landscape structures to calculate an ecological risk index, and evaluated the ecological risk of land-use changes through pattern index analyses. The results show that, from 2000 to 2020, the ecological risk index of land-use change in Zhangjiachuan County exhibited an increasing and then decreasing trend, showing an overall “inverted U-shaped” trend of change consistent with the transformation theoretical framework of ecological risks of land use change. Secondly, in terms of patterns, the ecological risk of land-use change in Zhangjiachuan County showed a distribution feature of high in the west and low in the east. In 2000, high-risk areas were mainly concentrated in the central and northern areas, while low-risk areas were mainly concentrated in the eastern areas. From 2000 to 2015, the medium-risk areas expanded to the west and midwest, and the geographic centers of the risk areas were slightly offset. From 2015 to 2020, the overall pattern of ecological risk areas was basically the same as that of the previous stage, but the medium-risk areas were slightly reduced. In terms of quantity, from 2000 to 2015, the areas of the lowest risk level and low risk level decreased, while the areas of medium risk level, high risk level, and the highest risk level increased; from 2015 to 2020, the areas of the lowest risk level and low risk level increased, and the areas of medium risk level, high risk level, and highest risk level decreased. Lastly, the spatial aggregation of ecological risks in Zhangjiachuan County weakened slightly from 2000 to 2005, gradually increased from 2005 to 2015, and then slightly weakened from 2015 to 2020.
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1. Introduction


Over the centuries, the multiple effects of human activities and natural succession have led to dramatic changes in land use and global ecology, inevitably triggering various conflicts between economic growth and sustainable development [1,2]. The ecological risks caused by land-use changes are currently among the hottest issues of concern in developed and developing countries worldwide [3]. The extensive influence of land-use changes and ecological changes has led to changes in ecosystem structures and landscape patterns, leading to a large number of ecological problems, such as ecological function degradation, soil erosion, land desertification, environmental pollution, and biodiversity reduction [4,5]. The ecological environment is constantly affected by these problems, greatly increasing the risk posed to ecosystems [6] and seriously threatening human well-being [5,7,8]. Assessing the ecological risks of land-use changes is critical for establishing early warning systems of ecological risks, with an accurate and effective control of ecological risks, and it is of great significance to the formulation of regional ecological protection policies and for adopting ecological protection measures.



Risk assessment began in 1980 and initially consisted of toxicology research on chemical pollutants and risk research on human health. It then became used as a kind of management tool to assess multiple chemical pollutants and various events that may cause environmental pollution and was finally extended to consider the assessment of ecological risks caused by human activities. The term “ecological risk assessment” was first introduced by the US Environmental Protection Agency (EPA), which defined ecological risk as the possibility of exposure to adverse ecological effects caused by or likely to result from one or more stressors [9], and the framework was subsequently expanded and revised to form the basic guide for the current risk assessment [10]. Since 1990, in the context of increasingly prominent ecological problems, the focus of risk assessments has gradually shifted from human health assessments to ecological risk assessments [11], and risk receptors have expanded to populations, communities, and whole ecosystems. From the late 1990s to the beginning of the 21st century, with the continuous improvement and maturation of ecological risk assessment systems, the field of ecological risk assessment gradually expanded and entered the stage of regional ecological risk assessments, and the risk receptors extended to the watershed and regional landscape scales.



Landscape ecological risk assessment is an important branch of ecological risk assessment [12], which tends to quantitatively identify and directly assess ecological risks from the perspective of spatial landscape patterns caused by land-use changes. Since land use is regarded as a comprehensive reflection of the direct impact of human economic and social activities on surface resources and natural environment [13], the spatiotemporal heterogeneity of land use is affected by regional terrains and geomorphic features closely related to landscape patterns and landscape ecological risks [14]. At present, the research on the ecological risks of land-use changes has mainly focused on analyzing long-term historical evolution characteristics [15,16], revealing the driving mechanisms of ecological risks caused by land-use changes [17], and simulating future evolution trends [18,19]. On the one hand, through the analysis of the long-term historical evolution characteristics of the ecological risks of land-use changes in a region, we can obtain reliable evidence for the long-term changes of ecosystems in the region, reveal its evolution trajectory and mechanisms, and provide key scientific information for the formulation of regional ecological restoration paths and objectives. For example, Recanatesi et al. [20] analyzed the changing characteristics of soil vulnerability and landscape degradation and their spatial distribution during the period from 1960 to 2010 in Italian agricultural and forestry areas using four thematic indicators of environmentally sensitive areas and the comprehensive index of desertification risk. Krajewski et al. [21] used the landscape change index to analyze the driving mechanisms of forest resource changes and forest transformation in landscape parks on the basis of 140 years (1863–2013) of map data. On the other hand, ecological risk simulations of regional land-use changes allow us to predict the possible impact or harm caused by human activities on the ecosystem and formulate ecological protection and risk prevention policies, which are of great significance for promoting regional sustainable development. For example, Li et al. [22] used the conversion of land use and its effects at a small region extent (CLUE-S) model to simulate and analyze the future land-use changes of the Luanhe River basin from 2010 to 2030 under three scenarios of trend, rapid economic growth, and ecological security, and then assessed the spatial distribution characteristics of the landscape ecological risks caused by it.



With the rapid development of geographical information system (GIS) and remote sensing (RS) technologies and the wide application of landscape ecology theories and methods [23], landscape ecological risk assessment based on land-use changes has become one of the most effective methods in ecological risk assessment [24]. At present, the ecological risk assessments have mainly focused on cities, river basins, coastal areas, administrative regions, and nature reserves. The urban populations of cities are excessively dense, and their spatial structure expands rapidly, with various land-use types being frequently transformed into each other, and ecological problems being increasingly prominent [25,26]. The watershed area ecology is fragile, and the natural endowment conditions such as water resources are poor. The ecological improvement and deterioration of landscapes coexist, with the overall deterioration trend being greater than the improvement one, and the degree of ecological deterioration of a landscape is constantly increasing [27,28]. In the process of development in coastal areas, the unrestricted urban expansion during the early stages of economic development has led to landscape fragmentation, and the overall ecological risk has increased, becoming more spatially clustered. With the suppression of disorderly expansion, the overall ecological risk decreases [29,30]. During the early stages of the development planning of administrative regions, the purpose of regional economic development is usually achieved by sacrificing agricultural lands. During this period, land use changes drastically, resulting in increased ecological risks. Subsequently, due to the gradual enhancement of residents’ awareness of environmental protection and the implementation of targeted ecological prevention and control and protection policies, ecological problems caused by human activities have been alleviated and ecological risks have been reduced [31,32,33]. Nature reserves can be divided into core areas, buffer zones, and experimental zones according to their functions. Human activities are common in the experimental areas, the ecological risk of land-use changes is the most serious, and the land-use changes in the buffer zone and the core area are relatively stable. Therefore, the ecological risk of nature reserves is greatest in the experimental areas, followed by the buffer areas, and finally the core areas [34,35].



Compared with traditional ecological risks, the landscape ecological risk assessment pays more attention to spatial heterogeneity, and its key lies in establishing an evaluation system and selecting appropriate indicators. At present, there are two widely used methods: one is the ecological risk assessment system based on the “pressure–receptor–response” model and failure mechanism [25]. The ecological risk assessment system consists of identifying the risk source intensity, receptor exposure, and risk effect. The evaluation method is a comprehensive relative risk model (RRM) [36]. The evaluation system focused on stressors and habitats of concern in the study area. For example, Muditha and Heenkenda et al. [37,38] used this evaluation system to rank and classify the stressors and habitats within a region and modeled the interaction between the two through exposure and effect filters, revealing the spatial and temporal distribution of ecological risk in ports. However, this model is only suitable for large-scale areas that need to focus on multiple stressors and is often used to assess the ecological risks of a specific stressor or disturbance source, which has certain limitations. The second approach uses the deviation from the optimal mode as a risk source, evaluating the ecological risk, and regarding the whole system as a receptor. The landscape pattern index is commonly used to assess the ecological risks of the study subjects as a function of the ecological changes throughout a region, and the most representative method is the landscape loss model. Shi et al. [39] used the Markov model and landscape index analysis to construct an ecological risk assessment model, which revealed that the ecological risks in Huaibei, a typical resource-based city in China, were affected by land-use changes. In addition to assessing the landscape ecological risks alone, some scholars have also studied the ecosystem services associated with landscape ecological risks. For example, Gong et al. [40] revealed the spatiotemporal changes in the grain yield of cultivated land, carbon storage, water yield, biodiversity index, and ecological risks in the Bailongjiang River basin of China by introducing ecosystem services and landscape ecological risks into the formulation of ecological policies and governance of ecological problems. It is difficult to obtain RRM assessment data and completely uniform assessment criteria during the comparative analysis of different time series in the same study region. Therefore, with the support of a landscape ecology theory, a landscape loss model based on land-use changes can both quantitatively describe the landscape structure [41,42] and explain the evolutionary mechanisms of landscape ecological risks from the perspective of spatial landscape pattern changes. This model becomes an important tool to analyze and reveal the spatial and temporal characteristics of landscape ecological risks.



The ecological risk of land-use change has obvious stages. Analyzing and studying the evolution characteristics of the ecological risks of land-use changes on medium and long timescales can provide a scientific and reasonable basis for the planning of regional ecological protection schemes. Earlier research on this topic mainly focused on the construction of ecological risk models and spatial analysis [29], and relatively little theoretical analysis has been conducted on the ecological risks of land-use changes on medium to long timescales. We previously studied the ecological risk changes of land-use changes in other countries and found that there is indeed a close relationship between the pattern evolution of ecological risks and land-use changes. Therefore, according to the theories of forest transformation and an environmental Kuznets curve, this paper reconstructed a theoretical framework for the ecological risk transformation of land-use changes and put forward a theoretical hypothesis. Considering Zhangjiachuan County, Gansu Province, China as the verification case area, this paper constructs an ecological risk assessment model through landscape disturbance and landscape vulnerability indices by taking into account land-use changes in order to comprehensively reveal the evolution characteristics of the overall spatial and temporal patterns of ecological risks in Zhangjiachuan County. Specifically, the research objectives of this paper were to (1) analyze the spatiotemporal land-use change characteristics in Zhangjiachuan County from 2000 to 2020, (2) reveal the spatiotemporal evolution patterns of the ecological risks of land-use changes, and (3) study the dynamic characteristics of ecological risks at the landscape level through spatial autocorrelation analyses. The remainder of this paper is arranged as follows: in Section 2 and Section 3, brief descriptions of the study area, datasets, and methods are provided; Section 4 introduces the results of land use and landscape ecological risk changes in Zhangjiachuan County; the discussion and conclusions are then provided in Section 5 and Section 6, respectively.




2. Overview of the Study Area and Data Sources


2.1. Overview of the Study Area


Zhangjiachuan County (105°54′–106°35′, 34°44′–35°11′) is located in the southeast of the Gansu Province, the northeast of Tianshui City, at the foot of the west side of Longshan Mountain. Its northern part is linked with Zhuanglang County and Huaxiang County in Pingliang City. To the south is Tianshui City, Qingshui County, and it is adjacent to Qin’an County, Tianshui City to the west, and Long County, Shaanxi Province to the east. Zhangjiachuan County is located in the transition zone of Liupanshan trough and Longxi Loess Plateau, belonging to the loess hilly and gully region in the middle reaches of the Yellow River. The terrain is uneven in most areas, with alternating ridges and ravines, small plots, steep slopes, and the terrain slopes from northeast to southwest. The county is 62 km long from east to west and 48 km wide from north to south, with a total area of 1311.8 km2 (Figure 1).



Zhangjiachuan County is a traditional dry farming county, with deep mountains and fragmented terrains. The average elevation is 2011.4 m, with the highest point at 2659 m and the lowest at 1486 m. The climate is warm temperate semi-humid, with an average temperature of 7.6 °C, highs of 31.7 °C, and lows of 20.6 °C. The annual average rainfall is 599.8 mm, and the appropriate amount of precipitation varies greatly in time and space, with the months of July, August, and September accounting for 59.3% of the annual rainfall. The rainfall in Zhangjiachuan County falls mostly through heavy rainstorms which last for a long time and are of high intensity, which can easily cause soil erosion. In recent years, with the enhancement of human activities, the natural vegetation has declined sharply with soil erosion becoming serious, and the land has been seriously degraded. In addition, the geographical environment in the study area is complex, and the climate is volatile, leading to frequent natural disasters such as droughts, hails, rainstorms, and floods. Overall, the ecosystem in the study area is relatively fragile and the sustainable development of the ecosystem has become threatened [43].




2.2. Data Source


This paper used two types of data to conduct a land-use classification and landscape ecological risk assessment:




	(1)

	
Landsat image data. The primary data source used in this study was Landsat satellite images. The satellite images included Landsat TM (2000–2011), Landsat ETM + (2012), and Landsat OLI (2013–2020). The images were filtered using a series of functions in the Google Earth engine (GEE) filter, with a time standard of April–September per year and a cloud coverage standard of less than 10%. The available remote sensing images were generated following cloud removal, image mosaicking, and cropping processing. The specific data sources are shown in Table 1.




	(2)

	
Other data. Using the administrative boundary data of the National Catalog Service for Geographic Information [44], we combined the 30 m resolution digital elevation model (DEM) data of the geospatial data cloud platform to serve as the classification basis [45]. The analyses were performed using Google historical image data (2000–2020) from 91 Bitmap Assistant [46] with a resolution of 0.52 m.











3. Research Method


The main technical steps to assess the landscape ecological risk in Zhangjiachuan County are shown in Figure 2. First, the images were preprocessed through the GEE online editor, and the image data from 2000 to 2020 were classified using the random forest classifier. Then, the landscape ecological risks were evaluated, and the spatial and temporal change characteristics were explored. Finally, the spatial autocorrelation of the ecological risk index was analyzed using the Moran’s I index and local spatial autocorrelation analysis methods.



3.1. Theoretical Framework of the Ecological Risk Transformation of Land-Use Changes


The main basic theories of the ecological risk transformation theory framework of land-use changes include the forest transformation theory and environmental Kuznets curve. Among them, Mather [47] divided the forest area into two stages of a “U-shaped” change process, from a reduction to an increase. According to the Kuznets curve proposed by Simon, Panayotou [48] divided the change relationship between environmental quality and per capita income into two stages, namely, the “inverted U-shaped” change process, in which environmental quality first increases and then decreases with the per capita income. In the process of forest transformation, the process of abandoned logging land being reclaimed and developed into agricultural lands by farmers can reflect the change in land use, while the economic, social, and ecological issues, among others, which are brought about by social and economic development, can also be fed back to land use. Therefore, Mather’s forest transformation theory and the Panayotou environmental Kuznets curve are also applicable for the ecological risk change process of land-use changes and show the characteristics of stages.



The root of ecological risk change lies in the change in land use, and its essence depends on the mutual feedback of land-use changes and ecological risks under transmission mechanisms. It not only reflects the consistent change characteristics of the similarity attribute and the transformation theory in different social development stages, but also exhibits a trend of inconsistent change rates in different development stages under the combined effect of natural factors and human interferences. Lastly, the ecological risk, accompanied by the land-use changes, presents an “inverted U-shaped” phase change difference, forming a “land-use change ecological risk” relationship curve (Figure 3).



Ecological risks present an “inverted U-shaped” change trend with land-use changes. Land-use changes are dynamic and characterized by large interannual changes and inconsistent change rates. Therefore, the change rate of the ecological risks of land-use changes fluctuates at different stages. At the initial stage of social development when the economy is in its infancy, the process of urbanization is slow. Driven by the national macro policies, the construction of large-scale development zones has led to an increase in the area of urban and rural land and industrial and mining construction land. At the same time, the incentive policies issued in urban construction, land management, and other major infrastructure construction have led to an increase in construction land. In order to meet the demands for the expansion of construction land, the occupation of cultivated and ecologically significant lands has gradually increased, resulting in the fragmentation of ecological landscapes, the destruction of vegetation and biological natural habitats to a certain extent, and the continuous reduction in the ecological carrying capacity and environmental capacity, whilst affecting the ecological quality.



In the process of land use, human beings pursue a highly efficient economic society, accelerate the demand for land resources, and ignore the nonrenewable nature of land resources. In the middle period of social development, with accelerated economic development, industrialization and urbanization promote each other; the proportion of nonagricultural industries and nonagricultural populations increases sharply, urban spaces begin to spread to the surrounding areas, and cultivated and ecological lands are largely occupied, resulting in a sharp deterioration of surface natural conditions, a sharp decline in green space areas, and a large consumption of natural resources, thereby compromising the productivity and production functions of certain ecosystems. On the other hand, the remote coupling theory, involving the relaxation of population mobility controls and population migration, typically represented by migrant workers, promotes land-use changes in different ways. Population losses and village abandonment have become a common phenomenon, accompanied by the marginalization and even abandonment of agricultural lands, causing further damage to the landscape connectivity. During this period, land use changed dramatically, causing a sharp increase in ecological risks.



Following economic maturation, the ecological risk reaches its peak, and the increasingly serious ecological problems have gradually aroused great attention of the country. According to the “win–win sustainable development strategy” demonstrated by Gao [49], the ecological risks caused by land-use changes can be mitigated through the combined effects of economic and ecological benefits. The intensification of land use should be strengthened by fully considering the bearing capacity of environment, resources, and ecology. It is necessary to divide the area according to the nature of the city, environmental conditions, and functions, reasonably adjust the industrial structure and construction layout, make the evolution pattern of construction land more compact, and continuously reduce its fragmentation and the separation of individual patches. The intensification of construction lands triggered during this social development stage is beneficial to the improvement of the regional ecological stability. At the same time, the land ecological project, the project of returning cultivated land to forest and grass, land reclamation construction, and regional environmental management, such as water and soil loss management, can be carried out to classify and use scarce land resources, so that forest coverage and species richness can gradually increase. Furthermore, the quantity and quality of grass, wetland, and other ecological land spaces can be improved and abandoned lands can be reused, thereby increasing the connectivity of the landscape. At this stage of development, land use intensity tends to slow down, ecological damage is improved, and ecological risks are gradually reduced.




3.2. Land-Use Classification


The image interpretation was mainly carried out in GEE. Following the spatiotemporal filtering and cloud removal processing of the Landsat images, functional methods were used to stitch the images, and the classification accuracy of vegetation and buildings was improved by adding the normalized difference vegetation index (NDVI) and normalized difference building index (NDBI) together. The NDVI values were calculated from the crop growth period (screening time from April to September). The NDVI and NDBI indices were calculated using the following formulas [50]:


  N D V I = ( N I R − R ) / ( N I R + R ) ,  



(1)






  N D B I = ( S W I R − N I R ) / ( S W I R + N I R ) ,  



(2)




where NIR, R, and SWIR are the surface reflectivity of the near-infrared, red-band, and short-wave infrared, respectively.



The B2, B3, B4, B5, B6, and B7 bands of Landsat OLI images (six bands corresponding to Landsat TM/ETM+ images) were combined, cut, and spliced, and six auxiliary classification spectral indices (Table 2) were combined to improve the classification accuracy. The quality of the training samples directly affected the final classification results. This paper combined digital elevation model (DEM) data and Google historical images to provide a visual interpretation for drawing training samples [51,52,53]. According to the land-use classification standard and the actual situation of the research area, the land-use types in Zhangjiachuan County were divided into five categories: cultivated land (623 sample rectangles), forest (503 sample rectangles), grass (516 sample rectangles), construction land (218 sample rectangles), and water areas (183 sample rectangles). In order to ensure the accuracy of the land use classification results, the Landsat image set and Google historical imagery were superimposed and compared to extract the land parcels that have remained unchanged for several years. Combined with the random points generated by Arc GIS, these random points were used as a reference for the selection of the samples, so as to ensure that the selected year-by-year classified samples were evenly distributed in the entire study area. The time iteration and cyclic classification were performed in the GEE program using a combination of a supervised classification and manual visual interpretation to obtain land-use data for 2000, 2005, 2010, 2015, and 2020, and the classification accuracy was verified using Google historical imagery.



A random forest classifier was selected to plot the land-use situation. The random forest method is a comprehensive multi-decision tree-based comprehensive classifier trained and predicted by Breman which consists of a decision-tree classification using the bagging strategy and in-house algorithms on a GEE platform [51]. Due to its high classification accuracy, relatively robust performance, the ability to include more variables, fast prediction speed, good multisource remote sensing data processing capabilities, etc., it has been widely used in land-use classification [60]. The images in the study area were classified by running a random forest in the GEE, using 70% of the data as training samples and 30% as validation samples. To improve the accuracy of the classification results, two parameters were set for the random forest classifier; the number of decision trees was set to 100, and the number of feature variables was the square root of the total number of feature variables [61,62].



The selected validation samples were used as true values to analyze the accuracy of land-use classification from 2000 to 2020. The overall accuracy and Kappa coefficient could be calculated using the confusion matrix tool in the GEE platform. The total classification accuracy is equal to the total number of correctly classified pixels divided by the total number of pixels. The Kappa coefficient and overall accuracy can be measured according to the following equations [63]:


   P e  =     ∑  i = 1  m    a i  ∗  b i       n 2    ,  



(3)






  k =    p o  −  p e    1 −  p e    ,  



(4)




where po is the overall classification accuracy, ai is the true number of samples for each land-use type, bi is the number of predicted samples for each land-use type, m is the total number of land-use types, n is the total number of samples, and k is the Kappa coefficient. The precision assessment showed that the overall accuracies of land-use classification in 2000, 2005, 2010, 2015, and 2020, were 87.18%, 85.50%, 88.58%, 91.29%, and 89.05%, respectively, meeting the overall requirements of landscape research [64].




3.3. Construction of an Ecological Risk Cell


To fully demonstrate the spatial differentiation of landscape indicators and ecological risks in Zhangjiachuan County, this study combined the actual situation and divided it into 1378 ecological risk assessment units consisting of squares with a side length of 0.1 km (Figure 4). The ecological risk index was calculated in each cell, and the results were assigned to the central point of the assessment unit [34].




3.4. Construction of Landscape Ecological Risk Indices


The extent of an ecological risk depends on the strength of the regional ecosystem subjected to external interferences and the size of the internal resistance. Different landscape types have different roles in protecting species, maintaining biodiversity, improving the overall structure and function, and promoting the natural succession of landscape structures; moreover, different landscape types have different resistances to external interferences [65]. In this paper, the ecological risk index was calculated to estimate the ecological risks of Zhangjiachuan County in 2000, 2005, 2010, 2015, and 2020, and to reflect on the relationship between the landscape patterns of land-use changes and the ecological risks associated with those. The calculation formula was as follows [66]:


    E R I  i  =   ∑  i = 1  N      A  k i      A k       R i  ,  



(5)




where ERIi is the ecological risk index of the i-th risk cell, Aki is the area of class-i landscape of the k-th risk cell, Ak is the area of the k-th risk cell, and Ri is the landscape loss index [67] of class-i landscape.


   R i  =  E i  ∗  F i  ,  



(6)




where Fi is the ecological fragility index, which refers to the fragility of the ecosystem under a strong external disturbance of human beings. A smaller fragility denotes a greater resistance and less risk to the ecosystem. However, the variability of different landscape types in response to external interference is related to the stage of natural succession applied [66,68]. The ecological risk orders of different land-use types from low to high were construction lands, forests, grasses, cultivated lands, and water areas. After normalization, the Fi values for the five land-use types were 0, 0.25, 0.5, 0.75, and 1, respectively [69,70,71,72]. Si is the index of landscape disturbance degree for the category i land-use type. The calculation formula is as follows [73]:


   E i  = a  C i  + b  N i  + c  D i  ,  



(7)




where Ci is the landscape fragmentation degree, Ni is the landscape separation degree, Di is the landscape dominance degree, and a, b, and c reflect the influence of human interference on the ecosystem, representing the weights of Ci, Ni, and Di, respectively; a + b + c = 1.



Ci reflects the changes in the landscape structure, function, and ecological processes; its calculation method is as follows [32]:


   C i  =    n i     A i    ,  



(8)




where ni is the number of patches of landscape type i, and Ai is the total area of landscape type i.



Ni is the degree of separation of individual patches in a given landscape, expressed as follows [74]:


   N i  =  A  2  A i         n i   A    ,  



(9)




where A is the total landscape area, ni is the number of patches of landscape type i, and Ai is the total area of landscape type i.



Di describes the advantages of patches in a given land-use type, calculated as follows [75]:


   D i  =    Q i  +  M i   4  +   L i  2  ,  



(10)




where Qi is the number of sample squares/total number of squares in plaque i, Mi is the number of plaque i/total number of plaques, and Li is the area of plaque i/total area of quadrat.



According to relevant references and previous studies, the importance from high to low included landscape fragmentation (Ci), landscape separation (Ni), and landscape dominance (Di), with weights of 0.5, 0.3, and 0.2 assigned to the three indicators a, b, and c, respectively. [28,65,66].



The spatial distribution of the ecological risk index was analyzed through the natural breakpoint classification. The ecological risk index was divided into five categories: lowest risk (ERI ≤ 0.1), low risk (0.1 ≤ ERI ≤ 0.15), medium risk (0.15 ≤ ERI ≤ 0.35), high risk (0.35 ≤ ERI ≤ 0.45), and highest risk (ERI > 0.45).




3.5. Spatial Autocorrelation Analysis


Spatial autocorrelation analysis is used to present the spatial correlation features of the spatial reference unit and adjacent unit as a function of the attribute values (ERI in the study). Global spatial and local spatial autocorrelation analyses were performed by using the GeoDa software to describe the spatial distribution of landscape ecological risks in Zhangjiachuan County. The Moran index (Moran’s I) was applied to measure the global spatial autocorrelation of the ecological risk, and the numerical values represent the clustered distribution, discrete distribution, and random distribution of landscape ecological risk in space [76]. Moran’s I can be calculated according to the following formula [77]:


  I =     ∑  i = 1  n     ∑  i = 1  m    w  i j   (  x i  −  x ¯  ) (  x j  −   x )  ¯         S 2    ∑  i = 1  n     ∑  i = 1  m    W  i j         ,  



(11)






   S 2  =  1 n    ∑  i = 1  n     (  x i  − x )  2    ,  



(12)






   x ¯  =  1 n    ∑  i = 1  n    x i    ,  



(13)




where xi and xj represent the ERI of the reference cell i and the adjacent cell j, respectively, n and m represent the number of cells i and j, respectively, and Wij is a binary matrix of adjacent spaces. When region i is adjacent to region j, Wij is equal to the value 1; otherwise, Wij is equal to the value 0. S2 denotes the mean variance (i = 1, 2, …, n; j = 1, 2, …, m).



The local indicators of spatial autocorrelation (LISA) index reflects the degree to which a geographical phenomenon (or attribute values of a local unit in the entire region) is related to the same phenomenon or attribute values of adjacent local units. In general, Moran’s I terms are usually decomposed and represented on different area units to form a LISA cluster diagram. The LISA cluster maps are then analyzed to generate high–high aggregation “hotspots” and low–low aggregation “cold spots” in the local space to evaluate any abnormal local spatial feature [78,79]. The formula for calculating the LISA index is as follows:


  L I S A =  z i    ∑  j = 1  n    w  i j    z  i j   ( i ≠ j )   ,  



(14)




where zi and zj represent the standardization of ERI in cells i and j, respectively, and wi is a spatial weight matrix. If Ii > 0, the spatial difference between cell i and its neighboring cell j is very small, with a high–high cluster (HH, highest value in a high value neighborhoods) or low–low cluster (LL, lowest value in a low value neighborhood); if Ii < 0, there is a significant spatial difference in ecological risk, with high–low outliers (HL, high values in low value neighborhoods) and low–high outliers (LH, low values in high-value neighborhoods) [80,81].





4. Results


4.1. Spatiotemporal Characteristics of Land-Use Changes


The land types used in Zhangjiachuan County include cultivated land, forest, grass, water body, and construction land (Figure 5). In 2000, cultivated land was the most widely distributed land-use type in Zhangjiachuan County, with an area accounting for 48.76% of the total area, followed by grass and forest, accounting for 33.45% and 16.58%, respectively. The construction land and water bodies accounted for 1.15% and 0.06%, respectively. Cultivated land, construction land, and grass are widely distributed throughout the central and western parts of Zhangjiachuan County, while forests are mainly distributed in the east.



From 2000 to 2020, the land-use changes in Zhangjiachuan County were mainly characterized by a decrease in cultivated land areas and an increase in grass and construction land areas. The proportions of areas with water or forest changed less. From 2000 to 2020, the cultivated land areas in Zhangjiachuan County decreased by 35.22% (164.66 km2), areas with construction land increased by 35.23% (10.86 km2), and grass areas increased by 14.66% (74.50 km2). In turn, areas with forest or water body changed relatively little, increasing only 6.52% (14.99 km2) and 10.96% (0.25 km2), respectively (Table 3). Among the different time periods, the cultivated land areas decreased the most from 2000 to 2005, decreasing by 13.76% (76.48 km2). Areas with grass saw the largest increase rate from 2015 to 2020, up by 8.26% (42 km2), while those with construction land increased the most from 2010 to 2015, increasing by 18.07% (5.20 km2).



From 2000 to 2020, the areas with cultivated land constantly decreased in Zhangjiachuan County, prompting the expansion of construction land and grass areas. From 2000 to 2005, around 173.62 km2 of cultivated land was converted for different land uses, of which 94.14% was converted into grass and 4.17% was converted into construction land. The transferred area of grass was 193.19 km2, 84.61% of which came from cultivated land, and the transferred area of construction land was 10.61 km2, 68.22% of which came from cultivated land. From 2005 to 2010, the transferred area of cultivated land was 168.37 km2, of which 89.09% was converted into grass and 8.16% was converted into construction land. The transferred area of grass was 191.67 km2, 78.61% of which was formerly cultivated land, while the transferred area of construction lands amounted to 18.72 km2, 73.38% of which was previously cultivated land. From 2010 to 2015, the area of cultivated land transferred out was 180.18 km2, of which 85.78% was converted into grass and 6.93% was converted into construction land. The transferred area of grass amounted to 194.53 km2, 79.45% of which came from cultivated land, and the transferred area of construction land was 19.43 km2, 64.29% of which previously consisted of cultivated land. From 2015 to 2020, the area of cultivated land transferred out was 181.94 km2, of which 87.70% was converted into grass and 9.04% was converted into construction land. The transferred area of grass was 189.41 km2, 84.24% of which formerly consisted of cultivated land, and the transferred area of construction land was 20.55 km2, with 80.04% having previously consisted of cultivated land (Figure 6).




4.2. Spatiotemporal Changes of Landscape Ecological Risks


In 2000, the landscape ecological risk area of Zhangjiachuan County was mainly concentrated near the Shixiakou Reservoir in the north and the Dongxiakou Reservoir in the middle; the low-risk area was mainly concentrated in the Longshan mountainous area in the east. On the whole, the ecological risk of land-use changes in Zhangjiachuan County presented a trend of being high in the west to low in the east but being mainly low (Figure 7). From 2000 to 2020, the ecological risks of land-use changes in Zhangjiachuan County were mainly the transformation between low risk and medium risk, with the lowest-risk area changing very little. From 2000 to 2005, the moderate-risk-level regions gradually emerged in the central and western regions of Zhangjiachuan County, and the low-risk areas basically remained unchanged. From 2005 to 2010, the change pattern of medium-risk regions was similar to that of the previous stage, further expanding in the central and western regions. From 2010 to 2015, the medium-risk areas further increased, the geographic center was shifted back to the midwest from the west of the previous stage, and the risk area distribution was relatively concentrated. Lastly, from 2015 to 2020, the ecological risk in Zhangjiachuan County improved, and the overall pattern was basically the same as that of the previous stage, with the areas prone to medium-level risks decreasing.



From 2000 to 2020, the ecological risk value of each ecological risk cell increased and decreased, and the overall ecological risk value showed a trend of increasing first and decreasing later (Figure 8). However, the lowest-risk areas and low-risk areas showed a trend of decreasing and then increasing, while the areas of medium, high, and highest risk first increased and then decreased. From 2000 to 2015, the areas of the lowest risk and low risk levels decreased by 17.14% (38.76 km2) and 17.22% (140.40 km2), respectively; the areas of medium risk, high risk, and highest risk increased by 89.53% (181.2 km2), 21.50% (0.92 km2), and 11.27% (0.64 km2), respectively. The ecological risks associated with land-use changes increased during this period. From 2015 to 2020, the areas associated with the lowest risk and low risk levels were expanded by 26.42% (81.24 km2) and 2.27% (18.92 km2), and the areas of medium risk, high risk, and highest risk decreased by 67.49% (81.56 km2), 59.70% (1.6 km2), and 32.63% (1.24 km2), respectively. The ecological risks of land-use changes decreased during this period.




4.3. Spatial Autocorrelation Analysis


The spatial autocorrelation of the ecological risks of land-use changes is closely related to spatial gain. Figure 9 shows the calculated results of Moran’s I at different spatial distances varying from 0.1 to 0.5 km. All Moran’s I values were greater than 0, indicating that the ecological risk values of adjacent cells were similar in space, and the ecological risk index of Zhangjiachuan County had a significant positive spatial correlation within 20 years (p < 0.05). Moran’s I with a space distance of 0.1 km was the largest and decreased with increasing distance. When the distance ranged from 0.1 to 0.15 km, Moran’s I showed consistent change trends in 2000, 2005, 2010, 2015, and 2020. When equal distance Moran’s I values were considered, the value was the lowest in 2005 and the highest in 2015, showing a general change trend of decline from 2000 to 2005, increase from 2005 to 2015, and decline from 2015 to 2020. This suggests that the spatial concentration of ecological over the studied time period decreased slightly from 2000 to 2005, increased gradually from 2005 to 2015, and decreased slightly from 2015 to 2020.



The Moran index can often be used to study the overall distribution and spatial aggregation of a region, but it cannot show the spatial correlations within it; therefore, local autocorrelation LISA analysis was used to research the correlation degree of ecological risks in the study area and to study whether it exhibits some spatial aggregation (Figure 10). Four kinds of significant autocorrelations—high–high (HH), low–low (LL), low–high (LH), and high–low (HL)—appeared in the study area. The HH areas were mainly found in the center and northwest of Zhangjiachuan County, the LL areas were mainly distributed in the east and southeast, and the HL areas mainly occurred in the northwest and southwest. The ecological risks in the midwestern regions were relatively high, while those in the east and southeast regions were relatively low.




4.4. Verification of the Theoretical Framework of Ecological Risk Transformation of Land-Use Change


In general, the ecological risk index of land-use changes in Zhangjiachuan County showed a trend of increasing first and then decreasing (Figure 11). Over 2000–2010, the change was relatively slow. The risk index increased from 146.8 in 2000 to 153.3 in 2010 by a total increase of 4.2% (6.5). Over 2010–2015, the ecological risk value increased sharply to 172.6 in 2015, a total increase of 11.2% (19.3). From 2015 to 2020, the ecological risk value decreased to 157.5 in 2020, with a reduction rate of 8.7% (15.1). The value of the ecological risk index showed an “inverted U-shaped” change trend in the area over the 20 studied years. Therefore, the temporal and spatial change characteristics of ecological risks of land-use changes in Zhangjiachuan County are consistent with the ecological risk change trend of the transformation theoretical framework of ecological risks of land-use changes.





5. Discussion


5.1. Formation Mechanism of the Spatial Differentiation of Ecological Risks


Land is the carrier of the main social and economic activities, and it is one of the most intuitive forms of human development and utilization of the natural geographical environment [82]. Changes in the structures and patterns of lands are strongly related to the spatial and temporal distribution and dynamics of landscape ecological risks. According to the landscape ecological risk assessment of spatial patterns and analyses of the influence of the number, functions, and combinations of landscape elements on ecological risk, land-use changes can affect the structure and function of landscapes to varying degrees [11]. The ecological risks of land-use changes in Zhangjiachuan County are high in the west and low in the east, and the overall risk is low. Longshan Mountain is located In the east of the study area, with high terrains, as well as a cold and humid climate, consisting mostly of forested lands with a low human impact; the ecological risk in the east is, therefore, low. The midwestern regions are characterized by frequent droughts, large surface water runoff, rare vegetation, and serious water and soil loss; most areas consists of cultivated and construction lands with intense human influences, thereby making the ecological risk in this region high. The areas associated with the most serious risks were located close to the Shixiakou Reservoir in the north and Dongxiakou Reservoir in the middle. The construction of the reservoir has changed the original flood plain of the river, damaged the habitat of organisms, flooded the land vegetation, and reduced the extent of the wetland areas, greatly changing the type of land use and triggering ecological risks.



The ecological risks of land-use changes in Zhangjiachuan County generally showed a trend of increasing first and then decreasing. The risk increased from 2000 to 2015 and decreased slightly from 2015 to 2020. The west of Zhangjiachuan County is located in the hilly and gully area of the Loess Plateau, with a low terrain, poor vegetation, and the abandonment of cultivated lands; increased landscape fragmentation was observed from 2000 to 2005. At the same time, the expansion of Longshan Town in the west also introduced certain risks to the ecology of the studied area. Over 2005–2010, the main reason for the expansion of medium-risk areas in the midwestern regions was that the expansion of construction land occupied cultivated land, destroyed the landscape connectivity of the original cultivated lands, and deteriorated the landscape ecology. From 2010 to 2015, the implementation of the transformation project of medium- and low-yield fields in the comprehensive agricultural development of the Dayang Township in the west improved the ecological problems in the west of Zhangjiachuan County. However, due to the influence of national policies, some farmers in Zhangjiachuan County migrated to Xinjiang and other places, which aggravated the loss of cultivated land areas in the east. At the same time, the town of Zhangjiachuan expanded rapidly, which made the landscape more fragmented and dramatically increased the ecological risks in the area. In general, from 2000 to 2015, on the one hand, Zhangjiachuan County had a complex geographical environment, undulating terrain, changeable climate, and frequent natural disasters, resulting in certain ecological risks. On the other hand, the remoteness of the area and difficulties associated with transportation both hindered the improvement of agricultural mechanization; therefore, the area could not meet the requirements of high-intensity farming processes [83]. At the same time, the economic benefits of agricultural planting were not obvious, which led to the low enthusiasm of some farmers for planting, along with the growing phenomenon of large areas of idle cultivated land, turning cultivated land into wasteland [84,85]. At the same time, with the expansion of the population and the improvement of the per capita consumption level, the continuous development and expansion of construction lands led to a more severe loss and fragmentation of cultivated lands, and frequent human activities and urbanization fragmented and complicated the landscape, thereby increasing the ecological risk.



With the rapid development of modern society and the economy from 2015 to 2020, increasingly serious ecological problems have attracted great attention from the state, and a series of deployments have been made; for example, the land greening action was launched to promote the comprehensive control of desertification, rocky desertification, and soil erosion. During the 13th Five-Year Plan period, Zhangjiachuan County planned and implemented four small watershed comprehensive treatment projects, including the 2016 National Comprehensive Agricultural Development Project, Zhangjiachuan Maguan Project, and Area Comprehensive Control Project, which further promoted the comprehensive control level of soil erosion and ecological quality of Zhangjiachuan County [86]. Therefore, from 2015 to 2020, the ecological risk decreased as a result of the abovementioned measures.



According to the theoretical framework of ecological risk transformation of land-use changes and a field verification of Zhangjiachuan County, the construction land areas in Zhangjiachuan County began to expand on a small scale during the early stages of the study, occupying part of the cultivated lands and grasslands; at the same time, a phenomenon of abandoned cultivated lands also prevailed, which damaged the landscape connectivity, resulting in a relatively slow increase of ecological risks from 2000 to 2010. From 2010 to 2015, Zhangjiachuan Town continued to expand outward, construction land started to emerge in a disorderly manner, and the loss of cultivated land intensified, leading to a sharp increase in ecological risks during this period. The implementation of the ecological environment governance project improved the ecological quality of the area and reduced the ecological risks over 2015–2020. Therefore, the overall ecological risk of land-use changes in Zhangjiachuan County from 2000 to 2020 presented an “inverted U-shaped” change trend consistent with the theoretical framework of the ecological risk transformation of land-use changes.




5.2. Comparison of the Ecological Risk Results and Other Studies


This study put forward a theoretical framework for the transformation of the ecological risks of land-use changes. It is believed that there was a transformation of the ecological risk of land-use changes in Zhangjiachuan County, showing an “inverted U-shaped” change. The relationship between land-use changes and ecological risks is complex. According to the forest transformation theory and an environmental Kuznets curve, this paper further improved the research process and content of the ecological risk of land-use changes. It provides an important theoretical reference for ascertaining the ecological risks associated with the processes of regional land-use transformation, expanding the research vision of regional ecological risks and forming a new perspective. At the same time, it upholds the concept of theory guiding practice, fills the shortcomings of the relative lack of previous research theories in this field, and provides theoretical support for the ecological risk research of land-use changes in other regions worldwide.



The reasons of the ecological risk of land-use change in this study area are described below. On the one hand, Zhangjiachuan County is experiencing ecological problems due to changes in its geographical environment and climate. On the other hand, strong human activities have caused the loss of cultivated lands and expansion of construction lands, leading to a more fragmented landscape and increasing the intensity of the ecological risks in the area. The relationship between land-use changes and landscape ecological risk is complex, and different modes of action can cause different degrees of ecological risk. Song et al. [87] studied the impact of land-use changes in mining areas on the ecological environment and showed that the land use/coverage of the mining area often underwent great changes with changes in mining activities, while the vegetation, soil, and water would also suffer different degrees of damage. Kayumba [88] studied the wetlands in Bayanbulk and found that human activities such as urbanization, overgrazing, and tourism seriously changed the ecosystem of the region, causing ecological deterioration and ecological risks.



According to the analysis of the landscape ecological risks of land-use changes in Zhangjiachuan County, intense human activities have sharply reduced the natural vegetation in the area, and the landscape has become more fragmented, resulting in a series of ecological problems and increasing the associated ecological risks. However, these risks are reversible. The ecological problems could be remedied through certain countermeasures, thereby reducing the ecological risks. This is consistent with the research conclusions of Liang [67] on the dynamic changes of land use and ecological risks in the Three Gorges Reservoir Area of China and those of Liu [13] on the Shaanxi Province of China. However, the observations made in this work differ from the research conclusions of Peng [11] on the ecological risks of the Yongjiang River basin in Zhejiang Province, those of Yan [27] on typical areas of the Yellow River basin in China, and those of Hassan Omar [3] who studied land0use changes in Zanzibar (Tanzania). The main reason for this difference is the certain blindness in carrying out ecological protection and restoration in some areas, with a lack of systematic and comprehensive arrangements, resulting in few ecological restoration effects. Therefore, different land-use control strategies should be developed to handle ecological problems in different regions, and ecological restoration interventions should be conducted to further realize the sustainable utilization of land resources.




5.3. Policy Enlightenment


Although the problem of cultivated land fragmentation still existed in the study area from 2015 to 2020, and the areas of construction lands continued to expand, and Zhangjiachuan County effectively improved the landscape ecology of the area by conducting a series of comprehensive management projects. This paper showed that the implementation of governance projects can improve the regional ecology of a region and plays a positive role in reducing ecological risks. For example, following the completion of a dam in 2009, the Three Gorges Reservoir Area implemented a number of measures such as a project of returning cultivated lands to forests and developing orchards to promote the management of the Three Gorges Reservoir area and reduce ecological risks. Moreover, the ecological water transmission project in the Tarim River basin has increased the natural vegetation area and the riverbank vegetation coverage area, and the overall natural ecology of the whole region has been improved [89]. At present, the ecological governance projects have achieved some results, but the factors that cause ecological risks still exist and have not been effectively addressed. Therefore, Zhangjiachuan County still faces a certain degree of ecological risks in the future. According to our results, future policy formulations should focus on the aspects described below.



First, the ecological restoration of the reservoir should be strengthened. On the one hand, the protection of the ecological environment around the reservoir should be enhanced. We should promote the cultivation of water conservation forests, protect the existing forests and grasslands in the reservoir area, follow appropriate measures to return cultivated lands to forests, effectively prevent water and soil loss, ensure water supplies, and purify and reduce water pollution. On the other hand, the water environment in the reservoir area should be comprehensively improved. By improving the county government infrastructure, we should increase the construction of sewage treatment systems, adjust agricultural production structures, improve planting methods, advocate for ecological agriculture, effectively control agricultural non-point-source pollution, and minimize the ecological risk of the reservoir.



Secondly, the agricultural operation mode should be innovated. On the one hand, rural land reforms should be promoted. To some extent, owning fragmentated cultivated lands is a key factor limiting the enthusiasm of farmers for production and leading to a low efficiency of cultivated land utilization. Under the background of the transfer of the rural labor force in Zhangjiachuan County, the rural land transfer system should be improved, the transfer behavior should be standardized, and cultivated lands should be centrally managed. At the same time, the land management department should strengthen the supervision and management of the transfer of land management rights to protect the interests of farmers. On the other hand, the mode of agricultural development should be changed. The development of the “party building + enterprises + cooperatives + production bases + farmers” should be explored and established, an industrial chain of “farmers planting + cooperative purchasing + enterprise production” should be formed, and a stable increase in the income of farmers should be ensured. At the same time, according to the climate, terrain, environment, land resources, and other characteristics of all townships (towns) and villages in the county, timely and reasonably adjustments should be made by planting different types of crops according to local conditions, selecting good varieties, vigorously promoting good varieties and advanced applicable technologies, increasing the economic benefits of agricultural planting, and improving the enthusiasm of farmers.





6. Conclusions


Using the forest transformation theory and an environmental Kuznets curve, this paper analyzed the close relationship between land-use changes and the ecological risks associated with these; the theoretical framework of the ecological risk transformation of land-use changes was considered for Zhangjiachuan County, Tianshui City, Gansu Province as an example. The spatial and temporal pattern changes of land use in Zhangjiachuan County from 2000 to 2020 were analyzed, and the spatial and temporal characteristics of landscape ecological risks in the study area were evaluated. Our results show that the land-use changes in Zhangjiachuan County from 2000 to 2020 mainly included a decrease in the area of cultivated lands and the expansion of grasslands and construction lands. The ecological risks increased slowly from 2000 to 2010, increased sharply from 2010 to 2015, and decreased from 2015 to 2020. The overall “inverted U-shaped” trend is consistent with the transformation theoretical framework of the ecological risks of land-use changes. In terms of patterns, the ecological risk of land-use changes in Zhangjiachuan County was basically reflected in the distribution trend of high in the west and low in the east. In terms of areas, those with the lowest risk and low risk levels decreased from 2000 to 2015, and areas with medium risk, high risk, and highest risk levels increased, thereby aggravating the ecological risks of the area. From 2015 to 2020, the areas with the lowest risk and low risk levels increased, while the areas with medium, high, and highest risk levels decreased, reducing the ecological risks during this period. By comparing the ecological risk change of land-use change with that of some countries, systematic and comprehensive arrangements should be made when carrying out regional ecological restoration projects, and differentiated land-use control strategies should be formulated according to local conditions to achieve the sustainable use of land resources.



There were some limitations to this study. The spatiotemporal evolution of ecological risks is a comprehensive and complex process, which is affected by the population, economy, and production, thus necessitating further research and analysis. At the same time, longer time series should be studied to clarify the impact of land-use changes on ecological risks, and the direct relationship between landscape patterns and ecological risks also requires further research. In summary, future ecological risk research on land-use changes should consider highly variable social, economic, and environmental factors. The relationship between land-use changes and ecological risks would also need to be confirmed through more empirical research. While ecological protection is not a linear decision-making process, it requires a dynamic adaptive response to changing land-use types. Land-use changes in areas with high ecological risks should be paid attention to, land remediation efforts should be multiplied, and the resilience to ecological risks should be improved.







Author Contributions


Conceptualization, W.S.; methodology, H.G. and W.S.; formal analysis, H.G. and W.S.; investigation, W.S. and H.G.; resources, W.S.; writing—original draft preparation, H.G. and W.S.; writing—review and editing, W.S.; supervision, W.S. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the Strategic Priority Research Program of Chinese Academy of Sciences (grant number XDA20040201), the Second Tibetan Plateau Scientific Expedition and Research (grant number 2019QZKK0603), and the Project of National Natural Science Foundation of China (grant number 42071233).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


All relevant datasets in this study are described in the manuscript.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Foley, J.A.; DeFries, R.; Asner, G.P.; Barford, C.; Bonan, G.; Carpenter, S.R.; Chapin, F.S.; Coe, M.T.; Daily, G.C.; Gibbs, H.K. Global consequences of land use. Science 2005, 309, 570–574. [Google Scholar] [CrossRef] [PubMed]

	



García-Nieto, A.P.; Geijzendorffer, I.R.; Baró, F.; Roche, P.K.; Bondeau, A.; Cramer, W. Impacts of urbanization around Mediterranean cities: Changes in ecosystem service supply. Ecol. Indic. 2018, 91, 589–606. [Google Scholar] [CrossRef]

	



Omar, H.; Cabral, P. Ecological risk assessment based on land cover changes: A case of Zanzibar (Tanzania). Remote Sens. 2020, 12, 3114. [Google Scholar] [CrossRef]

	



Wu, X.; Hu, F. Analysis of ecological carrying capacity using a fuzzy comprehensive evaluation method. Ecol. Indic. 2020, 113, 106243. [Google Scholar] [CrossRef]

	



Bryan, B.A.; Gao, L.; Ye, Y.; Sun, X.; Connor, J.D.; Crossman, N.D.; Stafford-Smith, M.; Wu, J.; He, C.; Yu, D. China’s response to a national land-system sustainability emergency. Nature 2018, 559, 193–204. [Google Scholar] [CrossRef] [PubMed]

	



Qiu, M.; Zuo, Q.; Wu, Q.; Yang, Z.; Zhang, J. Water ecological security assessment and spatial autocorrelation analysis of prefectural regions involved in the Yellow River Basin. Sci. Rep. 2022, 12, 1–15. [Google Scholar] [CrossRef] [PubMed]

	



Cao, Q.; Zhang, X.; Lei, D.; Guo, L.; Sun, X.; Wu, J. Multi-scenario simulation of landscape ecological risk probability to facilitate different decision-making preferences. J. Clean. Prod. 2019, 227, 325–335. [Google Scholar] [CrossRef]

	



Chen, J.; Dong, B.; Li, H.; Zhang, S.; Peng, L.; Fang, L.; Zhang, C.; Li, S. Study on landscape ecological risk assessment of Hooded Crane breeding and overwintering habitat. Environ. Res. 2020, 187, 109649. [Google Scholar] [CrossRef] [PubMed]

	



United States. Environmental Protection Agency. Report on the Ecological Risk Assessment Guidelines Strategic Planning Workshop. In Risk Assessment Forum; US Environmental Protection Agency: Washington, DC, USA, 1992. [Google Scholar]

	



United States. Environmental Protection Agency. Guidelines for ecological risk assessment. In Risk Assessment Forum; US Environmental Protection Agency: Washington, DC, USA, 1998. [Google Scholar]

	



Tian, P.; Li, J.; Gong, H.; Pu, R.; Cao, L.; Shao, S.; Shi, Z.; Feng, X.; Wang, L.; Liu, R. Research on land use changes and ecological risk assessment in Yongjiang River Basin in Zhejiang Province, China. Sustainability 2019, 11, 2817. [Google Scholar] [CrossRef]

	



Suter, G.W. Endpoints for regional ecological risk assessments. Environ. Manag. 1990, 14, 9–23. [Google Scholar] [CrossRef]

	



Liu, D.; Chen, H.; Zhang, H.; Geng, T.; Shi, Q. Spatiotemporal evolution of landscape ecological risk based on geomorphological regionalization during 1980–2017: A case study of Shaanxi Province, China. Sustainability 2020, 12, 941. [Google Scholar] [CrossRef]

	



Xu, X.; Yang, G.; Tan, Y.; Zhuang, Q.; Li, H.; Wan, R.; Su, W.; Zhang, J. Ecological risk assessment of ecosystem services in the Taihu Lake Basin of China from 1985 to 2020. Sci. Total Environ. 2016, 554, 7–16. [Google Scholar] [CrossRef]

	



Cui, L.; Zhao, Y.; Liu, J.; Han, L.; Ao, Y.; Yin, S. Landscape ecological risk assessment in Qinling Mountain. Geol. J. 2018, 53, 342–351. [Google Scholar] [CrossRef]

	



Carlson, M.; Browne, D.; Callaghan, C. Application of land-use simulation to protected area selection for efficient avoidance of biodiversity loss in Canada’s western boreal region. Land Use Policy 2019, 82, 821–831. [Google Scholar] [CrossRef]

	



Xie, L.; Wang, H.; Liu, S. The ecosystem service values simulation and driving force analysis based on land use/land cover: A case study in inland rivers in arid areas of the Aksu River Basin, China. Ecol. Indic. 2022, 138, 108828. [Google Scholar] [CrossRef]

	



Tian, P.; Cao, L.; Li, J.; Pu, R.; Gong, H.; Li, C. Landscape characteristics and ecological risk assessment based on multi-scenario simulations: A case study of Yancheng Coastal Wetland, China. Sustainability 2020, 13, 149. [Google Scholar] [CrossRef]

	



Liang, Y.; Song, W. Integrating potential ecosystem services losses into ecological risk assessment of land use changes: A case study on the Qinghai-Tibet Plateau. J. Environ. Manag. 2022, 318, 115607. [Google Scholar] [CrossRef]

	



Salvati, L.; Tombolini, I. A diachronic classification of peri-urban forest land based on vulnerability to desertification. Int. J. Environ. Res. 2014, 8, 279–284. [Google Scholar]

	



Ayre, K.K.; Landis, W.G. A Bayesian approach to landscape ecological risk assessment applied to the Upper Grande Ronde Watershed, Oregon. Hum. Ecol. Risk Assess. Int. J. 2012, 18, 946–970. [Google Scholar] [CrossRef]

	



Li, Y.; Huang, S. Landscape ecological risk responses to land use change in the Luanhe River Basin, China. Sustainability 2015, 7, 16631–16652. [Google Scholar] [CrossRef]

	



Li, C.; Zhang, J.; Philbin, S.P.; Yang, X.; Dong, Z.; Hong, J.; Ballesteros-Pérez, P. Evaluating the impact of highway construction projects on landscape ecological risks in high altitude plateaus. Sci. Rep. 2022, 12, 5170. [Google Scholar] [CrossRef] [PubMed]

	



Jin, X.; Jin, Y.; Mao, X. Ecological risk assessment of cities on the Tibetan Plateau based on land use/land cover changes–Case study of Delingha City. Ecol. Indic. 2019, 101, 185–191. [Google Scholar] [CrossRef]

	



Wang, D.; Ji, X.; Li, C.; Gong, Y. Spatiotemporal variations of landscape ecological risks in a resource-based city under transformation. Sustainability 2021, 13, 5297. [Google Scholar] [CrossRef]

	



Mondal, B.; Sharma, P.; Kundu, D.; Bansal, S. Spatio-temporal assessment of landscape ecological risk and associated drivers: A case study of Delhi. Environ. Urban. ASIA 2021, 12 (Suppl. 1), S85–S106. [Google Scholar] [CrossRef]

	



Qu, Y.; Zong, H.; Su, D.; Ping, Z.; Guan, M. Land Use Change and Its Impact on Landscape Ecological Risk in Typical Areas of the Yellow River Basin in China. Int. J. Environ. Res. Public Health 2021, 18, 11301. [Google Scholar] [CrossRef]

	



Mo, W.; Zhao, Y.; Yang, N.; Xu, Z.; Zhao, W.; Li, F. Effects of Climate and Land Use/Land Cover Changes on Water Yield Services in the Dongjiang Lake Basin. ISPRS Int. J. Geo-Inf. 2021, 10, 466. [Google Scholar] [CrossRef]

	



Zhang, W.; Chang, W.J.; Zhu, Z.C.; Hui, Z. Landscape ecological risk assessment of Chinese coastal cities based on land use change. Appl. Geogr. 2020, 117, 102174. [Google Scholar] [CrossRef]

	



Li, J.; Pu, R.; Gong, H.; Luo, X.; Ye, M.; Feng, B. Evolution characteristics of landscape ecological risk patterns in coastal zones in Zhejiang Province, China. Sustainability 2017, 9, 584. [Google Scholar] [CrossRef]

	



Yang, Y.; Chen, J.; Lan, Y.; Zhou, G.; You, H.; Han, X.; Wang, Y.; Shi, X. Landscape Pattern and Ecological Risk Assessment in Guangxi Based on Land Use Change. Int. J. Environ. Res. Public Health 2022, 19, 1595. [Google Scholar] [CrossRef]

	



Ji, Y.; Bai, Z.; Hui, J. Landscape Ecological Risk Assessment Based on LUCC—A Case Study of Chaoyang County, China. Forests 2021, 12, 1157. [Google Scholar] [CrossRef]

	



Zhao, Y.; Huang, C.M.; Zhang, H.J. Ecological risk assessment of provincial land-use overall planning in China. Hum. Ecol. Risk Assess. Int. J. 2014, 20, 1491–1506. [Google Scholar] [CrossRef]

	



Wang, H.; Liu, X.; Zhao, C.; Chang, Y.; Liu, Y.; Zang, F. Spatial-temporal pattern analysis of landscape ecological risk assessment based on land use/land cover change in Baishuijiang National nature reserve in Gansu Province, China. Ecol. Indic. 2021, 124, 107454. [Google Scholar] [CrossRef]

	



Peng, L.; Dong, B.; Wang, P.; Sheng, S.; Sun, L.; Fang, L.; Li, H.; Liu, L. Research on ecological risk assessment in land use model of Shengjin Lake in Anhui province, China. Environ. Geochem. Health 2019, 41, 2665–2679. [Google Scholar] [CrossRef]

	



Ai, J.; Yu, K.; Zeng, Z.; Yang, L.; Liu, Y.; Liu, J. Assessing the dynamic landscape ecological risk and its driving forces in an island city based on optimal spatial scales: Haitan Island, China. Ecol. Indic. 2022, 137, 108771. [Google Scholar] [CrossRef]

	



Heenkenda, M.K.; Bartolo, R. Regional ecological risk assessment using a relative risk model: A case study of the Darwin Harbour, Darwin, Australia. Hum. Ecol. Risk Assess. Int. J. 2016, 22, 401–423. [Google Scholar] [CrossRef]

	



Kanwar, P.; Bowden, W.B.; Greenhalgh, S. A regional ecological risk assessment of the Kaipara Harbour, New Zealand, using a relative risk model. Hum. Ecol. Risk Assess. Int. J. 2015, 21, 1123–1146. [Google Scholar] [CrossRef]

	



Zhou, S.; Chang, J.; Hu, T.; Luo, P.; Zhou, H. Spatiotemporal Variations of Land Use and Landscape Ecological Risk in a Resource-Based City, from Rapid Development to Recession. Pol. J. Environ. Stud. 2019, 29, 475–490. [Google Scholar] [CrossRef]

	



Gong, J.; Cao, E.; Xie, Y.; Xu, C.; Li, H.; Yan, L. Integrating ecosystem services and landscape ecological risk into adaptive management: Insights from a western mountain-basin area, China. J. Environ. Manag. 2021, 281, 111817. [Google Scholar] [CrossRef]

	



Liu, J.; Chen, J.; Qin, Q.; You, H.; Han, X.; Zhou, G. Patch pattern and ecological risk assessment of alpine grassland in the source region of the Yellow River. Remote Sens. 2020, 12, 3460. [Google Scholar] [CrossRef]

	



Qiao, F.; Bai, Y.; Xie, L.; Yang, X.; Sun, S. Spatio-Temporal Characteristics of Landscape Ecological Risks in the Ecological Functional Zone of the Upper Yellow River, China. Int. J. Environ. Res. Public Health 2021, 18, 12943. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, Y.; Li, Y.; Lv, J.; Wang, J.; Wu, Y. Scenario simulation of ecological risk based on land use/cover change—A case study of the Jinghe county, China. Ecol. Indic. 2021, 131, 108176. [Google Scholar] [CrossRef]

	



Huete, A.; Didan, K.; Miura, T.; Rodriguez, E.P.; Gao, X.; Ferreira, L.G. Overview of the radiometric and biophysical performance of the MODIS vegetation indices. Remote Sens. Environ. 2002, 83, 195–213. [Google Scholar] [CrossRef]

	



Xiao, C.; Li, P.; Feng, Z. Monitoring annual dynamics of mature rubber plantations in Xishuangbanna during 1987-2018 using Landsat time series data: A multiple normalization approach. Int. J. Appl. Earth Obs. Geoinf. 2019, 77, 30–41. [Google Scholar] [CrossRef]

	



Rondeaux, G.; Steven, M.; Baret, F. Optimization of soil-adjusted vegetation indices. Remote Sens. Environ. 1996, 55, 95–107. [Google Scholar] [CrossRef]

	



Mather, A.S. The forest Transition. Area 1992, 24, 367–379. Available online: http://www.jstor.org/stable/20003181 (accessed on 13 February 2022).

	



Panayotou, T. Empirical Tests and Policy Analysis of Environmental Degradation at Different Stages of Economic Development; International Labour Office: Geneva, Switzerland, 1993. [Google Scholar] [CrossRef]

	



Qun, G.; Hanying, M. Ecological restoration, social-economic changes and sustainable development in the Three Gorges Reservoir area: A case study in Yunyang, Chongqing Municipality. Int. J. Sustain. Dev. World Ecol. 2007, 14, 174–181. [Google Scholar] [CrossRef]

	



Zha, Y.; Gao, J.; Ni, S. Use of normalized difference built-up index in automatically mapping urban areas from TM imagery. Int. J. Remote Sens. 2003, 24, 583–594. [Google Scholar] [CrossRef]

	



Xie, S.; Liu, L.; Zhang, X.; Yang, J.; Chen, X.; Gao, Y. Automatic land-cover mapping using landsat time-series data based on google earth engine. Remote Sens. 2019, 11, 3023. [Google Scholar] [CrossRef]

	



Shen, Z.; Wang, Y.; Su, H.; He, Y.; Li, S. A bi-directional strategy to detect land use function change using time-series Landsat imagery on Google Earth Engine: A case study of Huangshui River Basin in China. Sci. Remote Sens. 2022, 5, 100039. [Google Scholar] [CrossRef]

	



Long, J.; Liu, Y.; Xing, S.; Qiu, L.; Huang, Q.; Zhou, B.; Shen, J.; Zhang, L. Effects of sampling density on interpolation accuracy for farmland soil organic matter concentration in a large region of complex topography. Ecol. Indic. 2018, 93, 562–571. [Google Scholar] [CrossRef]

	



Xu, H. Modification of normalised difference water index (NDWI) to enhance open water features in remotely sensed imagery. Int. J. Remote Sens. 2006, 27, 3025–3033. [Google Scholar] [CrossRef]

	



Arii, M.; van Zyl, J.J.; Kim, Y. A general characterization for polarimetric scattering from vegetation canopies. IEEE Trans. Geosci. Remote Sens. 2010, 48, 3349–3357. [Google Scholar] [CrossRef]

	



Purnamasari, E.; Kamal, M.; Wicaksono, P. Comparison of vegetation indices for estimating above-ground mangrove carbon stocks using PlanetScope image. Reg. Stud. Mar. Sci. 2021, 44, 101730. [Google Scholar] [CrossRef]

	



Huete, A.R. A soil-adjusted vegetation index (SAVI). Remote Sens. Environ. 1988, 25, 295–309. [Google Scholar] [CrossRef]

	



Klemas, V.; Smart, R. The influence of soil salinity, growth form, and leaf moisture on-the spectral radiance of spartina-alterniflora canopies. Photogramm. Eng. Remote Sens. 1983, 49, 77–83. [Google Scholar]

	



Liu, H.Q.; Huete, A. A feedback based modification of the NDVI to minimize canopy background and atmospheric noise. IEEE Trans. Geosci. Remote Sens. 1995, 33, 457–465. [Google Scholar] [CrossRef]

	



Belgiu, M.; Drăguţ, L. Random forest in remote sensing: A review of applications and future directions. ISPRS J. Photogramm. Remote Sens. 2016, 114, 24–31. [Google Scholar] [CrossRef]

	



Teluguntla, P.; Thenkabail, P.S.; Oliphant, A.; Xiong, J.; Gumma, M.K.; Congalton, R.G.; Yadav, K.; Huete, A. A 30-m landsat-derived cropland extent product of Australia and China using random forest machine learning algorithm on Google Earth Engine cloud computing platform. ISPRS J. Photogramm. Remote Sens. 2018, 144, 325–340. [Google Scholar] [CrossRef]

	



Wu, R.; Wang, J.; Zhang, D.; Wang, S. Identifying different types of urban land use dynamics using Point-of-interest (POI) and Random Forest algorithm: The case of Huizhou, China. Cities 2021, 114, 103202. [Google Scholar] [CrossRef]

	



Congalton, R.G. A review of assessing the accuracy of classifications of remotely sensed data. Remote Sens. Environ. 1991, 37, 35–46. [Google Scholar] [CrossRef]

	



Liu, F.; Qin, T.; Girma, A.; Wang, H.; Weng, B.; Yu, Z.; Wang, Z. Dynamics of land-use and vegetation change using NDVI and transfer matrix: A case study of the Huaihe River Basin. Pol. J. Environ. Stud. 2018, 28, 213–223. [Google Scholar] [CrossRef]

	



Lin, W.; Cen, J.; Xu, D.; Du, S.; Gao, J. Wetland landscape pattern changes over a period of rapid development (1985–2015) in the ZhouShan Islands of Zhejiang province, China. Estuar. Coast. Shelf Sci. 2018, 213, 148–159. [Google Scholar] [CrossRef]

	



Li, C.; Chen, J.; Liao, M.; Chen, G.; Zhou, Q. Ecological Risk Assessment of Shan Xin Mining Area Based on Remote Sensing and Geography Information System Technology. J. Geogr. Inf. Syst. 2018, 10, 234–246. [Google Scholar] [CrossRef]

	



Wu, P.; Zhan, W.; Cheng, N.; Yang, H.; Wu, Y. A Framework to Calculate Annual Landscape Ecological Risk Index Based on Land Use/Land Cover Changes: A Case Study on Shengjin Lake Wetland. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2021, 14, 11926–11935. [Google Scholar] [CrossRef]

	



Xu, X.G.; Lin, H.P.; Fu, Z.Y.; Bu, R.C. Regional ecological risk assessment of wetland in the Huanghe River Delta. Acta Sci. Nat. -Univ. Pekinensis. 2001, 37, 111–120. [Google Scholar] [CrossRef]

	



Fan, J.; Wang, Y.; Zhou, Z.; You, N.; Meng, J. Dynamic ecological risk assessment and management of land use in the middle reaches of the Heihe River based on landscape patterns and spatial statistics. Sustainability 2016, 8, 536. [Google Scholar] [CrossRef]

	



Shi, H.; Yang, Z.; Han, F.; Shi, T.; Li, D. Assessing Landscape Ecological Risk for a World Natural Heritage Site: A Case Study of Bayanbulak in China. Pol. J. Environ. Stud. 2015, 24, 269–283. [Google Scholar] [CrossRef]

	



Peng, J.; Zong, M.; Hu, Y.n.; Liu, Y.; Wu, J. Assessing landscape ecological risk in a mining city: A case study in Liaoyuan City, China. Sustainability 2015, 7, 8312–8334. [Google Scholar] [CrossRef]

	



Mo, W.; Wang, Y.; Zhang, Y.; Zhuang, D. Impacts of road network expansion on landscape ecological risk in a megacity, China: A case study of Beijing. Sci. Total Environ. 2017, 574, 1000–1011. [Google Scholar] [CrossRef]

	



Genxu, W.; Guodong, C. Study on the landscape pattern of a desert-oasis ecological system: A spatial grid method and its application. Arid Zone Res. 1999, 16, 6–11. [Google Scholar] [CrossRef]

	



Kong, X.; Fu, M.; Zhao, X.; Wang, J.; Jiang, P. Ecological effects of land-use change on two sides of the Hu Huanyong Line in China. Land Use Policy 2022, 113, 105895. [Google Scholar] [CrossRef]

	



Ran, P.; Hu, S.; Frazier, A.E.; Qu, S.; Yu, D.; Tong, L. Exploring changes in landscape ecological risk in the Yangtze River Economic Belt from a spatiotemporal perspective. Ecol. Indic. 2022, 137, 108744. [Google Scholar] [CrossRef]

	



Ghulam, A.; Ghulam, O.; Maimaitijiang, M.; Freeman, K.; Porton, I.; Maimaitiyiming, M. Remote sensing based spatial statistics to document tropical rainforest transition pathways. Remote Sens. 2015, 7, 6257–6279. [Google Scholar] [CrossRef]

	



Darand, M.; Dostkamyan, M.; Rehmani, M.I.A. Spatial autocorrelation analysis of extreme precipitation in Iran. Russ. Meteorol. Hydrol. 2017, 42, 415–424. [Google Scholar] [CrossRef]

	



Alexander, L.V.; Bador, M.; Roca, R.; Contractor, S.; Donat, M.G.; Nguyen, P.L. Intercomparison of annual precipitation indices and extremes over global land areas from in situ, space-based and reanalysis products. Environ. Res. Lett. 2020, 15, 055002. [Google Scholar] [CrossRef]

	



Zhang, F.; Yushanjiang, A.; Wang, D. Ecological risk assessment due to land use/cover changes (LUCC) in Jinghe County, Xinjiang, China from 1990 to 2014 based on landscape patterns and spatial statistics. Environ. Earth Sci. 2018, 77, 491. [Google Scholar] [CrossRef]

	



Batlle, J.R.M.; Van Der Hoek, Y. Clusters of high abundance of plants detected from local indicators of spatial association (LISA) in a semi-deciduous tropical forest. PLoS ONE 2018, 13, e0208780. [Google Scholar] [CrossRef]

	



Yu, T.; Bao, A.; Xu, W.; Guo, H.; Jiang, L.; Zheng, G.; Yuan, Y.; Nzabarinda, V. Exploring variability in landscape ecological risk and quantifying its driving factors in the Amu Darya Delta. Int. J. Environ. Res. Public Health. 2020, 17, 79. [Google Scholar] [CrossRef]

	



Liu, S.L.; Cui, B.; Dong, S.; Yang, Z.; Yang, M.; Holt, K. Evaluating the influence of road networks on landscape and regional ecological risk—A case study in Lancang River Valley of Southwest China. Ecol. Eng. 2008, 34, 91–99. [Google Scholar] [CrossRef]

	



Liang, X.; Li, Y.; Zhao, Y. Coupling Land Use Analysis and Ecological Risk Assessment: A Study of the Three Gorges Reservoir Area, China. Mt. Res. Dev. 2020, 40, R1. [Google Scholar] [CrossRef]

	



Zhang, Y.; Li, X.; Song, W. Determinants of cropland abandonment at the parcel, household and village levels in mountain areas of China: A multi-level analysis. Land Use Policy 2014, 41, 186–192. [Google Scholar] [CrossRef]

	



Song, W.; Pijanowski, B.C. The effects of China’s cultivated land balance program on potential land productivity at a national scale. Appl. Geogr. 2014, 46, 158–170. [Google Scholar] [CrossRef]

	



Zhang, G. An analysis of the relationship between the construction of small watershed comprehensive management project and ecological protection in Zhangjiachuan county during the 13th Five Year Plan period. Gansu Agric. 2022, 02, 67–69. [Google Scholar]

	



Song, W.; Song, W.; Gu, H.; Li, F. Progress in the remote sensing monitoring of the ecological environment in mining areas. Int. J. Environ. Res. Public Health 2020, 17, 1846. [Google Scholar] [CrossRef] [PubMed]

	



Kayumba, P.M.; Chen, Y.; Mind’je, R.; Mindje, M.; Li, X.; Maniraho, A.P.; Umugwaneza, A.; Uwamahoro, S. Geospatial land surface-based thermal scenarios for wetland ecological risk assessment and its landscape dynamics simulation in Bayanbulak Wetland, Northwestern China. Landsc. Ecol. 2021, 36, 1699–1723. [Google Scholar] [CrossRef]

	



Mamat, Z.; Halik, Ü.; Keyimu, M.; Keram, A.; Nurmamat, K. Variation of the floodplain forest ecosystem service value in the lower reaches of Tarim River, China. Land Degrad. Dev. 2018, 29, 47–57. [Google Scholar] [CrossRef]








[image: Ijerph 19 13945 g001 550] 





Figure 1. Geographical location of Zhangjiachuan County. 
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Figure 2. Ecological risk assessment process of land-use change. 
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Figure 3. Relationship curve showing the ecological risk of land-use change. 
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Figure 4. Ecological risk assessment unit of Zhangjiachuan County. 
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Figure 5. Spatial distribution of land use in Zhangjiachuan County from 2000 to 2020. 
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Figure 6. Area of various land use types in Zhangjiachuan County from 2000 to 2020 (km2). 
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Figure 7. Spatial distribution of ecological risk index (left) and grade (right) in Zhangjiachuan County from 2000 to 2020. 
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Figure 8. Ecological risk transfer in Zhangjiachuan County from 2000 to 2020 (km2). 
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Figure 9. Moran’s I values for the ecological risk index (ERI) using different distances. 
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Figure 10. Local indicators of spatial autocorrelation (LISA) map of the local spatial auto-orrelation of ecological risks in Zhangjiachuan County from 2000 to 2020. 
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Figure 11. Overall landscape ecological risk values of Zhangjiachuan County from 2000 to 2020. 
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Table 1. Landsat image information.
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	Data Source
	Landsat Image Set ID
	Year





	Landsat 5
	LANDSAT/LT05/C01/T1_TOA
	2000–2011



	Landsat 7
	LANDSAT/LE07/C01/T1_TOA
	2012



	Landsat 8
	LANDSAT/LC08/C01/T1_TOA
	2013–2020
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Table 2. Auxiliary classification spectral index.
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	Spectral Index
	Calculation Formula





	MNDWI [54]
	   M N D W I =   ( G − M I R )   ( G + M I R )     



	RVI [55]
	   R V I =   N I R  R    



	DVI [56]
	   D V I = N I R − R   



	SAVI [57]
	   S A V I =   1.5 ∗ ( N I R − R )   ( N I R + R + 0.5 )     



	NDMI [58]
	   N D M I =   ( G − S W I R )   ( G + S W I R )     



	EVI [59]
	   E V I =   2.5 ∗ ( N I R − R )   ( N I R + 6 ∗ R − 7.5 ∗ B + 1 )     







Note: (MNDWI: modified normalized difference water index; RVI: ratio vegetation index; DVI: difference vegetable index; SAVI: soil-adjusted vegetation index; NDMI: normalized dry matter index; EVI: enhanced vegetation index).
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Table 3. Land-use transfer matrix from 2000 to 2020.
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km2

	
(Year) 2020




	
2000

	

	
Cultivated Land

	
Forest

	
Grass

	
Water Body

	
Construction Land




	
Cultivated land

	
345.79

	
8.78

	
209.33

	
1.01

	
18.05




	
Forest

	
4.76

	
180.17

	
29.34

	
0.01

	
0.23




	
Grass

	
109.18

	
47.48

	
267.11

	
0.77

	
8.74




	
Water body

	
0.13

	
0.03

	
0.06

	
0.4

	
0.1




	
Construction land

	
7.21

	
0.05

	
1.9

	
0.11

	
5.7
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