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Abstract


Intensive mining activities in the Zhungeer open-pit coal mining area of China have resulted in drastic changes to land use and landscape patterns, severely affecting the ecological quality and stability of the region. This study integrates 36 years (1985–2020) of Landsat multiband remote sensing imagery with 30 m resolution CLCD land cover data, establishing a “Sky–Earth–Space” integrated monitoring system. This system allows for the calculation of ecological indices and the creation of land use transition matrices for internal and external regions of the mining area, ultimately completing an assessment of the ecological stability of the Zhungeer open-pit coal mining region. By overcoming the limitations posed by a singular data source, it facilitates a dynamic analysis of the interrelationships among mining activities, vegetation responses, and engineering remediation efforts. The findings reveal a significant transformation among various land types within the mining area, with both the area of mining pits and the area rehabilitated through artificial restoration undergoing rapid increases. By 2020, the area of the mining pits had reached 2630.98 hectares, while the area designated for rehabilitation had expanded to 2204.87 hectares. Prior to 2000, bare land and impermeable surfaces dominated the internal area of the mine; however, post-2000, the Normalized Difference Built-up Index (NDBI) value continuously decreased to −0.0685, indicative of an ecological transition where vegetation became predominant. The beneficial impacts of rehabilitation efforts have effectively mitigated the adverse environmental consequences of open-pit coal mining. Since 2000, the mean Normalized Difference Vegetation Index (NDVI) within the mining area has shown a consistent increase, recovering to 0.2246, signifying a restoration of the internal ecological environment. Moreover, this area exerts a notable radiative influence on the vegetation conditions outside the mining zone, with a contribution value of 1.016. Following rehabilitation efforts, the landscape patch density, landscape separation, and landscape fragmentation in the Zhungeer open-pit coal mining area exhibited a declining trend, leading to a more uniform distribution of landscape patches and improved structural balance. By 2020, the adaptability index had risen to 0.35836, achieving 93.69% of the restoration level observed prior to mining operations in 1985, thus indicating an improvement in ecosystem stability and the restoration of ecological functions, although rehabilitation efforts display a temporal lag of 10 to 15 years. The adverse impacts of open-pit coal mining on the regional ecological environment are, in fact, predominantly short-term. However, human intervention has the potential to reshape the ecology of the mining area, enhance the quality of the ecological environment, and foster the sustained development of regional ecological health.
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1. Introduction


As the world’s largest producer and consumer of coal, China places significant reliance on open-pit coal mining for its energy supply [1]. This intense anthropogenic activity inflicts direct damage upon the surface, resulting in soil erosion and the loss of biodiversity, thereby disrupting original land use patterns and the initial ecosystems [2,3]. Particularly in the arid and semi-arid regions of Northwest China, fragile ecosystems become increasingly sensitive to external disturbances following the impacts of open-pit mining activities [4,5]. Consequently, ecological restoration in mining areas has become critically urgent, promoting the development of green mining practices to mitigate the negative effects of open-pit coal mining on the ecological environment. Open-pit coal mining has precipitated a series of environmental issues, such as vegetation degradation [6], soil erosion [7], and heavy metal contamination [8], all of which constitute significant threats to biodiversity, alter landscape patterns, and disrupt ecological functions, ultimately compromising the stability of the ecosystem in mining areas [9]. Therefore, it is vital to clarify the impacts of open-pit mining activities on land use changes and the ecological environment in the affected regions, as well as to analyze the cumulative effects of ecological engineering both within the mining areas and beyond. The rapid and comprehensive advancement of 3S technology has provided remote sensing with a unique advantage in the dynamic monitoring of ecological conditions in mining areas, offering a practical solution for detecting ecological disturbances in coal mining regions [10]. Xu et al. [11] utilized multitemporal Landsat remote sensing imagery in conjunction with a random forest model to classify land use/land cover (LULC) in open-pit mining areas and their surroundings, exploring the evolution of landscape patterns related to these mining activities.



Some researchers have quantitatively assessed the impact of mining activities on ecological environments through indicators such as vegetation cover [12], remote sensing ecological indices [13], and landscape ecological health indices [14]. However, these metrics merely reflect the ecological characteristics of the region at specific times and do not account for the reciprocal positive and negative effects between ecological engineering and open-pit mining activities. Recent studies have indicated that land use transition matrices [15], which can represent phased changes within coal mining areas, may serve as quantifiable indicators of the impact of mining activities on the regional ecological environment. It is noteworthy that mining activities not only cause direct damage to the surfaces within the mining boundaries but also lead to ecological degradation beyond the mine, thereby affecting the overall ecological quality of the region [16].



Currently, many experts and scholars have proposed using the theories of landscape ecology to provide decision-making support for comprehensive risk prevention in coal mining areas, which can effectively guide the optimization and management of landscape patterns in these regions. Zhang et al. [17] used the transfer matrix and landscape pattern indices based on the GEE platform to analyze the spatiotemporal evolution trends of land use and landscape patterns over 20 years in 13 typical open-pit coal mines in Inner Mongolia and assessed the impact of ecological restoration projects on land use structure and landscape patterns. Chen et al. [18] focused on the Shengli Open-Pit Mine in Xilin Gol, China, revealing the spatiotemporal impacts of large-scale open-pit coal mines on the landscape ecological health of semi-arid grasslands, and established a research system of landscape indices–pattern–evolution–driving forces–spatial statistics. Additionally, some scholars, in their research on the regional ecological impacts of mining activities, have considered indicators such as ecological integrity and biodiversity to accurately locate key landscape areas and establish key protection zones in coal mining areas. Wang et al. [19] developed a model for identifying key landscape areas based on Landsat TM/OLI data and identified very important patches, important patches, and common patches around open-pit coal mines in the semi-arid grasslands of the Yimin open-pit mining area in China, enriching the foundation for ecological mapping and the construction of ecological security patterns. Research on the landscape structure, landscape stability, and landscape processes in coal mining areas has also gradually increased in recent years. Soumen et al. [20] used satellite remote sensing data to study the land use changes and landscape fragmentation caused by open-pit mining activities in the Barabini C.D. block of West Bengal, India, and found that the changes in landscape structure caused significant spatial loss, directly leading to a decrease in regional sustainability. Feng et al. [21] constructed three indices—NDVI central tendency, heterogeneity, and relative variability—based on normalized vegetation index (NDVI) time-series data grids, completing the identification of landscape dynamic processes and stability in semi-arid grassland coal mining areas in China. Furthermore, some studies have conducted buffer zone analyses outside the mining areas to clarify the ecological impact effects of mining activities on external regions. Wu et al. [22] analyzed the theoretical reference range of the impacts of the Shengli Open-Pit Mine through buffer zone analysis, landscape ecological function contribution rates, and the modified landscape disturbance index, concluding that the grassland landscape around the mining area is primarily affected lightly. However, there is limited research that analyzes the land use type changes and landscape pattern evolution of open-pit mining areas from multiple perspectives in ecological environmental studies.



The Heidaigou and Harwusu open-pit mines, located in the southeastern part of Ordos City, Inner Mongolia, China, represent the largest open-pit coal mining area in Asia and lie within a typical arid and semi-arid region of China [23]. Over the past 30 years, mining activities have resulted in severe soil erosion and vegetation degradation, impairing the ecological functions of the landscape and increasing ecosystem stability. Furthermore, due to the mine’s special geographical position within the upper and middle reaches of the Yellow River basin, situated just 4.3 km from the river’s main flow, changes in landscape patterns and ecosystem stability directly affect the high-quality ecological development of the Yellow River basin and the environmental quality of nearby towns [24]. However, current research on the ecological environment of this area primarily focuses on geological disasters [25], vegetation and soil effects [26], and geological environmental monitoring [23], with limited attention to changes in landscape patterns. The expansion of pits and the restoration of vegetation in the Zhungeer open-pit coal mining area will alter the land types and landscape patterns within the mining area. Given the sensitivity of the research area, changes in land use and landscape patterns will significantly impact the ecological quality of the upper and middle reaches of the Yellow River basin. Hence, examining the land use, landscape pattern evolution, and ecosystem stability changes in the Zhungeer open-pit coal mining area is of critical scientific importance.



This research focuses on the zhungeer open-pit coal mining area in China and, for the first time, proposes the “Collaborative Ecological Risk Assessment Model for Internal and External Dimensions of Open-Pit Coal Mining Areas”. This model breaks through the limitations of traditional studies that have solely concentrated on the ecological effects within the mining site. Integrating landscape pattern indices with ecological vulnerability assessment models facilitates the quantitative classification of the impacts of mining activities on both the internal and external ecological environments. The objectives of the study are as follows: (1) to construct a land use transition matrix encompassing the entire cycle from preconstruction of the mining area to its official production transfer and the balance between mining activities and ecological restoration, using the China Land Cover Dataset (CLCD) from 1985 to 2020; (2) to establish a multitemporal ecological index and landscape pattern index using Landsat TM/OLI remote sensing images from eight time points between 1985 and 2020, thereby facilitating an analysis of the dominant interrelations between vegetation and mining (bare land) within the mining area; and (3) to provide a quantitative basis for future vegetation restoration and ecological rehabilitation strategies in the Zhungeer open-pit coal mining area and other open-pit coal mining regions across the country based on evaluations and analyses of landscape pattern evolution. The research outcomes aim to provide scientific support for ecosystem stability prevention and sustainable development in the region encompassing the Zhungeer open-pit coal mining area.




2. Materials and Methods


2.1. Overview of the Study Area and Mining Situation


The study area is located within the jurisdiction of the Zhungeer Energy Group’s Heidaigou Open-Pit Coal Mine and the Harwusu Open-Pit Coal Mine in the Zhungeer Banner, Inner Mongolia (110°49′10″E to 111°25′55″E, 39°25′7″N to 40°2′21″N), as illustrated in Figure 1. This region lies between the hilly gully area of the Loess Plateau and the eastern edge of the Kubuqi Desert, belonging to the midstream basin of the Yellow River. The area suffers from significant land desertification and exhibits a fragile ecological environment, which has been exacerbated by continuous capacity expansion that has also led to ecological degradation. The eastern boundary of the mining area is located a mere 4.3 km from the mainstream of the Yellow River. It experiences a typical temperate continental climate with distinct seasons; the average annual temperature for the entire banner ranges from 6.2 °C to 8.7 °C. The annual average precipitation in Zhungeer Banner is approximately 400 mm, predominantly concentrated from July to September, while the annual sunshine hours total around 3000 [23]. The predominant soil type is cinnamon soil, placing the region within a typical transitional zone between grassland and desert steppe, as well as being a representative area of the agricultural-pastoral interspersed zone in northern China. The principal species in the grassland vegetation community include Stipa capillata (bensho grass), Stipa grandis (Kazakhe grass), Lespedeza daurica (Daurian lespedeza), and Thymus mongolicus (Mongolian thyme) [27].



The Heidaigou Open-Pit Coal Mine, located on the northern side of the study area, is a large-scale open-pit coal mine designed and constructed independently by China. Construction began in 1990, trial production commenced in 1998, and full-scale production officially began in 1999. As of 2023, after undergoing multiple expansions and capacity upgrades, the annual raw coal production capacity has reached 34 million tons. The Harwusu Open-Pit Coal Mine to the south began construction in 2006 and was completed and put into operation in 2008, with a designed service life of 79 years and an annual raw coal production capacity of 35 million tons. Throughout the advancement of mining operations in both the northern and southern open-pit mines, the boundaries of the mining area have gradually merged as the positions of the pits have shifted, thus making this region a focal point for ecological research within the mining sector.




2.2. Sources of Data


2.2.1. Boundary Data of the Coal Mining Area


The boundary data of two open-pit coal mines encompassed by the research area were obtained from the official National Mining Rights Investigation and Extraction Information Disclosure System of the Ministry of Natural Resources of China [28]. Initially, this study extracted the coordinates of the key points defining the mining area from the system. Subsequently, these coordinates were converted into a spatial data structure in accordance with their sequential arrangement, thereby precisely delineating the geographical boundaries of the research area. This transformation process not only assures the accuracy of the research area but also provides essential data support for subsequent Geographic Information System (GIS) analyses and remote sensing data processing.




2.2.2. Remote Sensing Digital Imagery


In this study, we processed remote sensing images using ENVI 5.6 software and conducted land use change analysis and ecological index statistics using ArcGIS 10.8 [29]. This primarily involved utilizing the Landsat data series, including Landsat 5 and Landsat 8. The Landsat datasets were downloaded from the United States Geological Survey (USGS) [30]. The initial time frame was set to 1985, with an interval of five years, encompassing a total of eight years to acquire all remote sensing digital imagery of the research area up to the present (given that data from 1985 were unavailable, imagery from 1986 was selected as a substitute). Subsequently, we conducted further analyses on the Landsat data, calculating surface temperature and vegetation indices through band computations. Detailed information about the datasets employed is presented in Table 1.




2.2.3. Land Use Data


We utilized the Chinese 30 m Land Cover Data Set (CLCD) from 1985 to 2022, with the initial year set to 1985 and the dataset now updated to 2022. These data are based on the Google Earth Engine platform and employ Landsat series satellite imagery, utilizing methodologies such as random forests, spatiotemporal filtering, and logical post-processing. The overall classification accuracy reached 79.31%, and it demonstrated a satisfactory consistency with other thematic products in terms of changes in forest vegetation, water bodies, and impervious surfaces over time. In alignment with the timeline of mining activities, we selected datasets coinciding with the timestamps of the remote sensing digital imagery for our analysis. The processing steps included extraction of masks, reprojection, and background value setting, which facilitated subsequent calculations of the spatiotemporal distribution of land use [31].




2.2.4. Excavation Pits and Vegetation Restoration Areas


Leveraging historical remote sensing imagery data and employing multitemporal analysis, we can extract the spatial distribution and dynamic changes in excavation pits over the years, while simultaneously monitoring the extent of vegetation restoration and its evolutionary trends. In conjunction with time series analysis, we can delineate the processes of expansion or contraction of the excavation pits. Furthermore, we assess the extent and degree of vegetation recovery surrounding these pits, quantifying the spatiotemporal variations between the pits and the restored vegetation. This approach provides a scientific basis for evaluating the effectiveness of ecological restoration in mining areas and for future planning.





2.3. Image Processing and Classification


2.3.1. Remote Sensing Image Processing


After downloading the Landsat 5 and Landsat 8 data from the United States Geological Survey (USGS) website, a series of preprocessing steps were carried out using ENVI 5.6 software, including radiometric calibration [32], atmospheric correction [32], geometric precision correction [33], and mask clipping [34]. The Radiometric Calibration function was selected, with the Calibration Type set to Radiance, Output Interleave set to BIL, Output Data Type set to Float, and the Scale Factor set to 0.10. The Apply FLAASH Settings option was then selected.



After completing the radiometric calibration, the generated file was used for FLAASH Atmospheric Correction. In the Radiance Scale Factors interface, the option “use single scale factor for all bands” was selected. Furthermore, the image center coordinates (latitude and longitude) and imaging time were automatically read. Based on the study area’s location and the time of acquisition, the Atmospheric Model was set to Mid-Latitude Summer, and the Aerosol Model was set to Rural, while the remaining settings were kept at their default values.




2.3.2. Vector Extraction of Excavation Pits and Vegetation Restoration


In this study, we utilized the eCognition Developer v9.0.2 platform to perform vectorization on historical remote sensing images following mask extraction, thereby ensuring the accurate delineation of excavation pits and vegetation restoration areas [35]. The specific operational steps are as follows:



First, within the eCognition software v9.0.2, we employed the Multiresolution Segmentation tool to conduct multiscale segmentation on multiple remote sensing images. This method integrates spectral information, shape characteristics, and compactness parameters to categorize the images into objects with similar attributes. To guarantee the precision of the segmentation results meets the requirements for extracting excavation pits and vegetation restoration areas, we set the Scale Parameter to 10, enabling an effective representation of detail features while preventing both over-segmentation and under-segmentation.



Subsequently, after completing the segmentation, we exported the results as vector data and performed further processing within the ArcGIS 10.8 platform. In ArcGIS 10.8, we utilized the attribute filling function to assign corresponding classification attributes (excavation pits and vegetation restoration areas) to the segmented vector objects, and we conducted merging operations on similar patches to create cohesive units for subsequent analysis. The merged vector data provides a clearer depiction of the spatial distribution characteristics of the excavation pits and vegetation restoration areas.



Finally, employing the spatial analysis tools in ArcGIS 10.8, we calculated the areas of the excavation pits and vegetation restoration zones, which furnishes quantitative foundations for subsequent monitoring of dynamic changes and evaluations of ecological restoration effectiveness.




2.3.3. Calculation of NDVI


The Normalized Difference Vegetation Index (NDVI) is a crucial metric in the field of remote sensing, utilized to assess the extent of vegetation cover in a specific area. Its calculation is founded on the reflectance values of the red and near-infrared wavelengths [33,34]. NDVI can be computed using the ratio of the reflectance values from the infrared band to that of the near-infrared band in remote sensing digital images, as expressed in the following formula:


  N D V I =    N I R − R e d   N I R + R e d     



(1)







In the aforementioned formula, NIR and Red denote the near-infrared band and the red band within the image, respectively. To investigate the relationship between NDVI and land surface temperature, this study computed NDVI values. The findings reveal that NDVI values fluctuate within a range of −1.0 to 1.0; higher values signify a stronger level of vegetation cover in the area, correlating with improved vegetative health. This phenomenon arises from the high reflectance of green vegetation in the near-infrared band combined with lower reflectance in the visible light band. Conversely, the reflectance of rocky surfaces and bare soil is relatively low, resulting in NDVI values typically falling between +0.8 and +0.65. Elevated NDVI values suggest greater canopy density and greenness, while the NDVI values for exposed soils and rocks approach zero. In contrast, the NDVI values for aquatic regions yield negative results. However, NDVI is highly sensitive to soil moisture and plant water content, meaning that temperature and precipitation can cause fluctuations in NDVI values. Additionally, in regions where the spectral reflectance of soil and vegetation overlap, this index may not effectively distinguish between different types of land cover.




2.3.4. Calculation of NDBI


The application of the Normalized Difference Built-up Index (NDBI) in ecological research within mining areas primarily focuses on several key aspects: monitoring land cover changes in mining regions, assessing environmental impacts of mining activities, and analyzing the effectiveness of ecological restoration efforts [15,36]. During the process of mine development, large-scale land excavation, ecological degradation, and rapid changes in land use pose significant challenges, with green spaces and natural areas increasingly replaced by built environments and industrial land. Therefore, NDBI can be employed to evaluate the ecological environment of mining sites. The NDBI is calculated using the reflectance values from the shortwave infrared (SWIR) and near-infrared (NIR) bands in remote sensing imagery, and the formula is as follows:


  N D B I =    S W I R − N I R   S W I R + N I R     



(2)







In the aforementioned formula, the shortwave infrared (SWIR) band and the near-infrared (NIR) band correspond to band 5 and band 4 of the Landsat TM sensor, as well as band 6 and band 5 of the Landsat OLI sensor, respectively.



The NDBI values typically range from [−1, 1]; when NDBI > 0, the surface is predominantly comprised of built environments; when NDBI < 0, the surface is primarily characterized by vegetation, bare land, or water bodies; and when NDBI ≈ 0, it may indicate a mixed surface. NDBI can be integrated with land surface temperature (LST) data to explore the relationship between urban development, mining activities, and regional ecological environments. Coal mining areas generally exhibit elevated temperatures, thereby facilitating the analysis of ecological evolution and expansion within the region. However, in urban areas with complex terrain or multilayered buildings, the reflectance of NDBI may be influenced by the mixed pixel effect. At the same time, NDBI can also be affected by shadows, water bodies, or other features, leading to inaccurate results.





2.4. Calculation of Landscape Patterns


Utilizing the mining area boundaries obtained in Section 2.2.1, the CLCD data delineate the boundaries of the mining area, with the internal regions of the mining boundaries defined as the mining scale. Taking into account the distance from the study area to towns, a 5 km outward buffer is established as the regional scale, simultaneously serving as a non-mining area for subsequent analyses [6] (Figure 2).



Based on the aforementioned distinction between mining and non-mining areas, image data are cropped using various vector extents. Furthermore, due to the consistency requirements of the Fragstats 4.2 software, all data projections are redefined to a uniform standard of WGS 1984 UTM Zone 48N [11]. The land cover data attributes are linked by setting the ID and type fields in the attribute table, while a background value of −9999 is established to prevent the occurrence of anomaly values and associated errors during calculations [37].



2.4.1. Patch Density


Patch density (PD) is a significant metric for assessing the degree of landscape fragmentation [38]. It reflects the quantity of a specific type of patch within a unit area, calculated as the number of patches divided by the total area of the landscape (measured in hectares). It is computed using the following formula:


  P D =   N A    



(3)







In the formula, N represents the total number of patches within the landscape (which may refer to the number of patches of a specific land use type or the overall number of patches within the entire landscape), while A denotes the total area of the landscape (commonly derived from pixel area in remote sensing imagery). This indicator aids in evaluating the heterogeneity and fragmentation of the landscape. A higher PD value indicates greater landscape heterogeneity and fragmentation, suggesting closer distances between patches, which may restrict ecological functions; conversely, a lower patch density implies greater connectivity or overall integrity of the landscape [18,39].




2.4.2. SPLIT


Landscape fragmentation (SPLIT) is a commonly used metric for assessing the degree of landscape fragmentation, particularly in evaluating the uniformity of landscape patch distribution and the extent of spatial isolation [18,40]. The SPLIT index measures fragmentation by taking into account the number, size, shape, and relative distribution of landscape patches. The calculation formula is as follows:


  S P L I T =      ∑  i = 1  N   (  P i  / A )    N    



(4)







In the formula, Pi represents the perimeter of the i-th patch; A denotes the total area of the landscape; and N indicates the number of patches within the landscape. Generally, the SPLIT index ranges from 0 to infinity, with higher SPLIT values typically signifying fragmentation of ecological habitats within the landscape, hindering interconnection among biological populations and disrupting species migration, thereby resulting in lower biodiversity. Conversely, lower SPLIT values usually suggest a more continuous habitat in the landscape, facilitating species migration and gene flow, and thereby enhancing biodiversity [9,41].




2.4.3. Shannon’s Diversity Index


Shannon’s Diversity Index (SHDI) is a measure employed to assess the diversity of geographical landscapes [10,42]. This index is grounded in the concept of information entropy and is utilized to describe the distribution and quantity of different types of patches within the landscape, thereby facilitating the evaluation of ecosystem health and biodiversity. The calculation formula is as follows:


  S H D I = −   ∑  i = 1  m      p i  ⋅ ln  p i       



(5)







In the expression, m denotes the number of patch types within the landscape (i.e., the number of species), while pi represents the proportion of the i-th patch type, calculated according to the following formula:


   p i  =     A i     A  t o t a l       



(6)







In the formula, Ai signifies the total area of the i-th patch type, while Atotal represents the total area of the landscape. A higher Shannon’s Diversity Index indicates a greater presence of biodiversity and ecosystem health within the landscape. If the landscape comprises numerous patch types that are evenly distributed, this reflects a high level of diversity, potentially indicating greater ecological stability and a rich variety of habitat types. Conversely, if the landscape features few patch types, or if a particular type predominates, this suggests low diversity, implying that the ecosystem may be homogenized or significantly disturbed [43].




2.4.4. Shannon’s Evenness Index


The Shannon’s Evenness Index (SHEI) is a metric developed based on the Shannon’s Diversity Index (SHDI) to assess the degree of uniform distribution of patch types within a landscape [43]. The calculation formula is as follows:


  S H E I =    S H D I   ln ( m )     



(7)







The calculation method for the Shannon’s Diversity Index (SHDI) has been previously described. In this formula, m represents the number of patch types present in the landscape. When the proportions of each patch type are perfectly equal, the SHDI reaches its maximum value, which is given by ln(m). The values of the Shannon’s Evenness Index (SHEI) range from 0 to 1. A SHEI value approaching 0 indicates that certain patch types dominate the landscape, suggesting disturbances within the ecosystem or a homogenization of landscape functions. In contrast, a SHEI value nearing 1 signifies a more uniform distribution of various patch types, reflecting a well-balanced landscape structure and greater ecosystem stability [41].




2.4.5. Patch Richness Density


Patch Richness Density (PRD) is an indicator that measures the diversity of patch types within a landscape, reflecting the number of patch types per unit area [38,39]. Unlike Patch Richness (PR), which quantifies the total number of patch types without considering area, PRD emphasizes the influence of landscape area on richness, making it more suitable for comparative analysis across landscapes of varying scales. The calculation formula is as follows:


  P R D =    P R    A  t o t a l       



(8)







In the formula, PRD represents the total number of patch types within the landscape, while Atotal denotes the total area of the landscape, with the unit typically expressed as the number of patch types per unit area. A higher PRD value indicates a greater number of patch types per unit area, suggesting a higher level of landscape diversity and reflecting a rich array of ecological functions and habitat types. Conversely, a lower PRD value signifies fewer patch types per unit area, which may indicate a more homogenized landscape or one that has been significantly impacted by human disturbances [39].



The Fitness Index (FI) serves as a metric for assessing the resilience of an ecosystem by integrating the diversity, structural complexity, and evenness of the ecological system. The formula is as follows:


  F I =  W 1  ⋅ S H D I +  W 2  ⋅ P R D +  W 3  ⋅ S H E I  



(9)







In this formula, W1, W2, and W3 represent the weights assigned to the Shannon Diversity Index, the Patch Richness Density Index, and the Shannon Evenness Index, respectively, with the total weight summing to 1. The terms SHDI, PRD, and SHEI denote the standardized corresponding indicator values. A higher FI value signifies a region’s ecosystem characterized by greater diversity, a more uniform distribution, and greater structural complexity, indicating a robust resilience and stability of the system. Conversely, a lower FI value indicates impairment in the functions of the regional ecosystem and a diminished capacity for recovery.






3. Results


3.1. Spatiotemporal Analysis of Land Use Change


3.1.1. Spatiotemporal Changes in Land Use and Transition Matrix in the Study Area


The primary land use types in the study area include shrubland, farmland, grassland, bare land, and built-up areas. Mining activities have exerted a significant influence on land use patterns, with mining pits and related land parcels categorized as bare land due to the ongoing extraction processes. Facilities such as factories and industrial squares within the mining area are classified as impervious surfaces (as illustrated in Figure 3). The alterations in these land use types reflect the disruption of natural ecosystems caused by mining development and its spatiotemporal expansion characteristics.



Throughout the 35-year study period, the area of farmland has exhibited a persistent decline, a trend likely associated with the expansion of mining operations, land occupation, and the conversion of agricultural land to other types of use. Concurrently, the areas of grassland, bare land, and impervious surfaces have been continuously increasing, particularly the rise in bare land, which directly signifies the impact of mining activities on surface vegetation degradation. The expansion of impervious surfaces indicates a gradual increase in the scale of infrastructure development within the mining area. These changes not only reveal the profound impact of mining development on land use patterns but also provide essential grounds for further assessing the trends in ecological changes and the restoration potential of the mining environment.



Through a spatial statistical analysis of land use types in the study area over a 35-year period, coupled with a comparative examination of historical remote sensing imagery (as shown in Table 2 and Figure 4), it is observed that the total area of the study region measures 12,736.98 hectares, during which notable changes in land use patterns have occurred. The area of farmland has consistently diminished, plummeting from 3356.55 hectares in 1985 to 1036.31 hectares in 2020, with the primary transition being towards grassland. The area of grassland exhibited a trend of initial expansion followed by a decline, increasing from 291.33 hectares in 1985 to 665.97 hectares in 2020, and peaking around 2015 at 1435.33 hectares.



The open-pit mining activities have led to the stripping of surface soils, resulting in a significant increase in bare land, which escalated from 122.85 hectares prior to mining construction in 1985 to 1100.72 hectares in 2020, a substantial portion of which has transitioned from grassland. Furthermore, with the development of the coal mining area, the area of impervious surfaces (such as mining structures) has expanded annually, rising from 48.33 hectares in 1985 to 646.21 hectares in 2020; this increase is also primarily attributed to the conversion of grassland. These transformations reflect the profound impact of mining development on regional land use patterns.



Thus, it can be inferred that prior to 1985, the land use types in the study area were predominantly characterized by farmland. With the emergence of open-pit coal mining, a significant portion of the farmland was abandoned and subsequently converted to grassland. As the mining pits expanded, many grasslands transitioned to bare land and impervious surfaces. Notably, around 2010, a new land use type—forest—began to emerge within the study area, with its area gradually increasing. Since the Zhungeer Open-Pit Coal Mine began production in 1999, we define the period before 1990 as the premining stage and the period after 1990 as the post-mining stage. Independent samples t-tests were conducted on land use areas for the two stages. As shown in Table 2, except for the grassland category, the areas of other land use types showed significant differences before and after mining activities.




3.1.2. Temporal and Spatial Changes in the Area of Mining Pits and Vegetation Restoration


Through an analysis of the mining pit areas and vegetation restoration zones extracted via eCognition software, it is observed that the Kuangger Open-Pit Coal Mine area has exhibited a trend of southward expansion in mining pits over the 35-year study period, increasing from 405.14 hectares in 1990, the year of its establishment, to 2630.98 hectares by 2020, with continued growth anticipated. Conversely, the areas designated for vegetation restoration have demonstrated a notable expansion trend, exhibiting distinctive textures and patch shapes in remote sensing imagery, and appearing bright red in false-color composite images. Initially recorded at 7.11 hectares in 1995, the area of vegetation restoration has progressively increased, reaching 2204.87 hectares by 2020.



A synchronized comparison of Figure 5 and Figure 6 reveals that the Zhungeer mining area underwent extensive vegetation restoration around 2005, particularly in the northeastern section of the study area, where two substantial spoil sites began to take shape. The false-color imagery indicates that the vegetation in this region is thriving, characterized by a high canopy cover. Subsequently, between 2010 and 2020, two additional large vegetation restoration areas gradually emerged in the southwestern part of the study area, with these zones continuing to expand, highlighting the significant success of the restoration efforts.





3.2. Changes in Ecological Indices and Landscape Indices


3.2.1. Changes in NDVI


Using the Zonal Tool within the ArcGIS 10.8 platform to analyze the NDVI values of both the internal and external areas of the mining district, it was discovered that the mean NDVI value within the mining area before 1985 was approximately 0.04. Over the subsequent 35-year research period, this value exhibited fluctuations. Notably, the maximum NDVI value occurred in 1990, reaching 0.62, while the minimum value remained relatively stable. This stability is primarily attributed to the bare land created by the stripping of surface soil during coal extraction, as well as the strong spectral absorption of light by the black surfaces within the mining pits (Table 3). However, the NDVI mean value change curve indicates that despite the fluctuations, the overall NDVI values exhibited a gradual upward trend throughout the research period. This trend suggests that, under the influence of ecological restoration measures, the condition of vegetation has steadily improved.



In regard to the NDVI values outside the mining area, the mean NDVI consistently remained higher than that of the internal mining area at all time points, with similar patterns of change. This indicates that the vegetative condition in the external region is also gradually enhancing (Table 4). We may preliminarily conclude that the ecological initiatives implemented within the mining area have had a positive impact on the external environment. To further analyze the contribution of the internal mining area to the ecological quality of the external environment, we employed regression analysis to establish a relational model between the changes in mean NDVI within the mining area and those in the external region. A linear regression approach was utilized:


  Δ N D V  I A  = N D V  I  A , l a t e r   − N D V  I  A , e a r l y    



(10)






  Δ N D V  I B  = N D V  I  B , l a t e r   − N D V  I  B , e a r l y    



(11)






  Δ N D V  I B  = α + β ⋅ Δ N D V  I A  + ε  



(12)







In this model, α represents the intercept, β signifies the contribution coefficient of Region A to Region B, and ɛ denotes the error term. The β value derived from the regression analysis serves to indicate the extent to which changes in the NDVI of Region A influence the NDVI of Region B. Specifically, a positive β suggests that an increase in the NDVI of Region A corresponds to an elevation in the NDVI of Region B.



Analysis of Figure 6 and Figure 7 reveals that the development of mining pits in the study area has progressed from north to south. Prior to the construction and development of the mining area, the overall vegetation conditions in the study area were poor. It was not until around 2000 that significant changes in the Normalized Difference Vegetation Index (NDVI) were observed, depicting a spatial distribution characterized by lower values in the north and higher values in the south—a trend that persisted until approximately 2015. By 2020, as the area of the mining pits continued to expand, the NDVI values within the pit areas remained low, while surrounding regions generally exhibited higher NDVI values, indicating a marked improvement in vegetation conditions across the study area. A further examination of the NDVI maps from 2000 to 2020 alongside the mean NDVI data (NDVImean) in Table 3 reveals a consistent improving trend in vegetation conditions over the past two decades, with a steady increase in NDVI values (Figure 8).



Utilizing the aforementioned method, the results displayed in Table 5 reveal a linear regression model described by the equation y = 1.016x + 0.0049. In this model, the β value is 1.016, indicating that for every unit increase in the NDVI value within the mining area, the mean NDVI of the external area increases by 1.016 units (Figure 9). This finding underscores a remarkably strong positive influence of changes occurring within the mining area on those in the external region, further demonstrating that the ecological initiatives implemented internally have significantly facilitated ecological restoration in the external environment.




3.2.2. Changes in NDBI


Similar to the fluctuations observed in NDVI distribution, the Normalized Difference Built-up Index (NDBI) within the mining area exhibited a relatively high value distribution during the early stages of mining development (1990), primarily attributable to the poor condition of vegetation at that time. Regions where NDBI > 0 were widely dispersed throughout the study area, indicating that built-up land predominated. However, around 1995, the area with NDBI < 0 gradually increased, reflecting an improvement trend in vegetation coverage. From 2000 to 2020, pixels with NDBI > 0 were predominantly concentrated within the mining pits, while the majority of the study area featured NDBI values below 0. This trend was particularly evident in several large-scale and high-intensity vegetative restoration sites, where the NDBI values were significantly low (see Table 6). Similarly, the NDBI values outside the mining area exhibited a consistently declining trend, demonstrating that the ecological initiatives implemented internally were influencing the external region, resulting in a predominance of vegetation-dominated pixel distributions(see Table 7).



Given that the NDBI value ranges from [−1, 1], with NDBI > 0 indicating built-up land and NDBI < 0 primarily representing vegetation and water bodies, the absence of significant ponded water surfaces within the study area allows us to interpret the pixels with NDBI < 0 essentially as indicators of vegetation coverage. Prior to the commencement of mining activities (before 1985), the mean NDBI value for the study area was 0.25 (see Table 4), suggesting that built-up land occupied a relatively large proportion.



Yet, as mining development progressed from 1990 to 1995, the NDBI values continued to rise, reflecting the ongoing expansion of built-up land. With the onset of mining production and the implementation of ecological restoration efforts, the NDBI values began to gradually decline. By 2020, the mean NDBI for the study area had dropped to −0.068, indicating that vegetation coverage has emerged as the dominant characteristic of the region(Figure 10). This change vividly illustrates the effectiveness of ecological restoration measures and their substantial contribution to the improvement of the mining area’s ecological environment.




3.2.3. Changes in Landscape Patterns


The PD value first decreases and then rises, particularly evident within the mining area. Prior to construction, the yellow earth gully patches exhibited a high density due to the influence of topography; however, during the extensive process of open-pit coal mining, interconnected bare land patches emerged, resulting in a decline in the PD value (Table 8).



Following the implementation of ecological restoration, a significant portion of the bare land was transformed into vegetation. However, the inability to connect these vegetative patches due to the presence of roads and other types of intervening patches resulted in an increase in the PD value once again (DIVISION, SPLIT) (Table 9).



In the early stages of construction, the SHDI within the mining area experienced a decline, indicating a reduction in biodiversity and a weakening of ecosystem health. However, following 2015, it began to rise, surpassing preconstruction levels. This suggests that coal mining activities have contributed to the restoration of the ecological conditions in the region, enhancing both biodiversity and the overall health of the ecosystem (Table 10, Figure 11).



In the initial stages of construction, the SHEI within the mining area decreased, indicating that the human activity of coal mining has led to an uneven distribution of landscape patches, disrupting the balance of the landscape structure and diminishing ecosystem stability. Similarly to the SHDI, the SHEI began to rise after 2015, signifying a restoration of uniformity in the distribution of landscape patches in the region, a gradual rebalancing of the landscape structure, and an enhancement of ecosystem stability.



The comprehensive calculation of the aforementioned indicators yielded a Fitness Index (FI), as illustrated in Table 11 and Figure 12, with weights assigned as follows: W1 = 0.2, W2 = 0.4, and W3 = 0.4. It was observed that the FI of the Zhungeer Open-pit Coal Mine was 0.3825 prior to its construction. As the coal mining activities progressed, the FI gradually declined, reaching a nadir of 0.31532 in 2015, after which it began to exhibit an upward trend. By 2020, the FI had rebounded to 0.35836. Generally, an FI greater than 0.7 indicates high adaptability, an FI between 0.4 and 0.7 signifies moderate adaptability, and an FI below 0.4 reflects low adaptability. This indicates that over the 35-year study period, the adaptability index of the Zhungeer Open-pit Coal Mine consistently remained below 0.4, categorizing the region as having a low base level of adaptability; however, since 2015, it has gradually approached a state of moderate adaptability.






4. Discussion


4.1. The Impact of Mining Activities on Regional Land Use


The analysis of the land use transfer matrix within the mining area reveals that prior to the infrastructure development in 1985, the Zhungeer open-pit mining area was predominantly dominated by cultivated land, alongside grassland, bare land, and scattered impervious surfaces. Through multitemporal remote sensing image interpretation and spatial overlay analysis, it was observed that during the construction phase from 1990 to 1999, the area of bare land maintained a dynamic equilibrium. Following the implementation of the Ha’erwusu open-pit coal mining project in 2006, the rate of bare land expansion escalated significantly, largely resulting from the conversion of grassland coverage. The bare land within the study area primarily emerged from grassland transformed under mining impacts; after the cessation of mining activities, efforts to restore vegetation have reverted this bare land back to grassland types. Simultaneously, as mining pits have progressed and new spoil heaps have been established, areas once characterized by grassland have reverted to bare land. Additionally, the reclamation efforts in the region have facilitated the transition from bare land to lower-lying areas, restoring them to higher-value cultivated land, thereby achieving the ultimate goal of land reclamation within the mining area and enhancing land use efficiency [3,15].



We further analyzed the spatial distribution of pit vectors obtained through multiscale segmentation in conjunction with ecological restoration areas. We found that the mining pits have shifted from being predominantly in the northeast direction to the southwest in recent years, with rapid increases in area. Concurrently, the number and scale of spoil tips have also risen swiftly. Following the formal transfer of production at the northern Heidaigou Open-Pit Mine in 1999, a green area of 106.35 hectares emerged. Subsequently, the area of spoil tips in the north gradually increased, exhibiting diverse plantings of trees, shrubs, herbaceous plants, and agricultural land, as indicated by high-resolution historical imagery of the region. As depicted in Figure 6, the area of vegetation restoration has continued to expand in tandem with the enlargement of mining pits, with both areas nearly equaling by 2020. This synchronous growth trend of “mining intensity and restoration efforts” characterizes the collaborative development pathway between resource extraction and ecological management, providing a quantifiable empirical case for ecological restoration in arid region mining areas [33,44].




4.2. The Impact of Mining Activities on Regional Ecological Indices and Landscape Patterns


Following the analysis of NDVI and NDBI, we discovered that prior to the development of the mining area, the mean NDVI approached zero, indicating a relatively low level of NDVI throughout the entire study area. Over the 35-year research period, although the mining pits exert an unequivocal depressing influence on the NDVI of the study region, geographic statistical analysis revealed that the overall NDVI has reached a considerably elevated level. This phenomenon of reverse ecological growth corroborates the substantial compensatory mechanism of high-intensity restoration efforts against the adverse effects of mining. Similarly, the NDBImean, which indicates better vegetation cover at lower values, exhibited an increase only in the 1990s and around 2010. We attribute this phenomenon primarily to the significant events surrounding the construction of the northern Heidaigou and southern Harwusu open-pit mines. During this period, the rapid expansion of mining pit areas directly contributed to the increase in NDBI values. However, as the enterprise intensified its ecological governance efforts, green vegetation increasingly dominated the study area, ultimately reducing the mean NDBI to negative values. The rise in NDVI and the decline in NDBI are consistent with the results obtained from the land use transition matrix [5,26,33].



At the same time, the contribution of changes in the internal NDVI of the mining area to the external NDVI was analyzed. Over the span of 35 years of study, model fitting revealed that the internal NDVI growth contributed 1.016 to the external NDVI growth. This finding indicates a remarkably strong positive effect of the internal changes on the external environment, further demonstrating that the ecological projects implemented within the coal mine have played a significant role in promoting ecological restoration beyond its boundaries. Over the course of 35 years, the enterprise has invested a total of 2.881 billion yuan in land reclamation and greening efforts, rehabilitating 94,000 acres of land and achieving a reclamation rate of 100% in the mining area. The area of artificially restored vegetation within the study region has transitioned from nonexistent to substantial growth, with various ecological indicators now exceeding levels observed prior to coal mining. This also underscores, from another perspective, the positive impact of the evolutionary pattern of “mining disturbance—artificial restoration—system reconstruction” in ecologically fragile areas [3,32,45].



The research on the evolution of ecological space in mining areas based on landscape pattern indices indicates that before coal extraction, the internal landscape of the mining area exhibited a high degree of fragmentation due to geomorphological constraints, with a relatively high PD value, thereby limiting ecological functionality. As mining activities progressed, the synergistic effects of mining disturbances and restoration efforts led to a significant decrease in the PD value, resulting in numerous small landscape patches being interconnected through vegetation planting. The connectivity among these patches was enhanced, while the area of bare land (mining pits) within the mining zone continuously expanded, forming larger patches. The reduction in PD value signifies a decrease in landscape heterogeneity and fragmentation within the mining area, reflecting an improvement in ecological functionality. Entering the 21st century, the area of bare land continued to grow, the number of spoil heaps increased, and the types of ecological restoration diversified. The number of vegetation patches within the mining area rose, becoming more dispersed. Additionally, the construction and operation of the Halousu Open-Pit Mine in the southern part of the study area resulted in fragmentation and disorder among landscape patches, leading to a continuous rise in the PD value. Although the PD value maintained an upward trend after 2015, the rate of increase slowed, indicating that landscape restructuring had entered a dynamic equilibrium phase. This phenomenon suggests that both mining activities and artificial restoration within the mining area have reached a state of stability. The northern restoration area of the Zhungeer Open-Pit Mine exhibits a more organized patch structure, whereas the development of the Halousu Open-Pit mine in the south has caused the patches of mining pits and unreclaimed spoil heaps to gradually merge in the north and south, yet still maintain a transitional fragmented pattern. Consequently, this has resulted in a trend of slow PD value increase, promoting connectivity among patches, which directly reflects an increase in landscape heterogeneity and fragmentation within the mining area, thus imposing limitations on ecological functionality, albeit with some alleviation in recent years [35,46].



The cross-scale analysis of landscape pattern evolution indicates that, between 1985 and 2000, the PD value outside the mining area significantly decreased, exhibiting a notable spatial synergy with the internal conditions of the mining area. This comprehensive landscape integration can be primarily attributed to national ecological initiatives. The slogan “enclosing mountains for forest cultivation and using forests to sustain livestock” was proposed by China’s forestry sector in 1978, sparking extensive discussion and attention as a pivotal measure in ecological construction. Notably, in Zhungeer Banner, the region began its afforestation efforts as early as 1965, which contributed to a continuous decline in PD value during the period from 1985 to 2005. The external landscape patches primarily comprised mountainous shrubs, and the implementation of forestry policies led to improvements in vegetative conditions, resulting in the merger and connectivity of landscape patches.



Following 2005, analyses of remote sensing imagery from the external mining area revealed an increase in industrial sites surrounding the coal industry, leading to the degradation of original vegetative patches due to industrial development. High-resolution imagery interpretation indicated that industrial land patches displayed characteristics of “small scale and high dispersion”, thereby constraining the overall increase in the PD value and resulting in only a modest rise. This “local fragmentation—overall stability” pattern substantiates the landscape resilience threshold theory. Furthermore, the stability of the PD value around 2020 suggests that the landscape heterogeneity and fragmentation levels in the external mining area have remained relatively high, with a restoration of connectivity between patches and a stabilization of ecological functionality. In examining the combined region of the mining area and its surroundings, we also found that the overall PD value exhibited a trend of first decreasing then increasing, suggesting that mining activities in the Zhungeer coalfield have led to reduced landscape heterogeneity and fragmentation, enhancing ecological functionality. However, in recent years, a slow degradation has emerged, albeit at a minimal level.



As for the DIVISION and SPLIT landscape indices, both in the internal, external, and overall regional perspectives, there was a trend of first increasing, then decreasing, and then increasing again. Both indices increased during the early stages of mining area construction, indicating the appearance of scattered landscape patches that disrupted the integrity and connectivity of regional patches. As the mining area matured and ecological environmental investment increased, both DIVISION and SPLIT indices decreased, indicating a restoration of landscape connectivity and improvement in the continuity of ecological habitats, leading to enhanced biodiversity. This pattern is consistent with the response of PD changes. After 2015, the DIVISION and SPLIT indices began to rise again. Our analysis of historical remote sensing images revealed that the construction within the mining area and the increasing number of industrial sites outside the mining area led to the creation of more roads, cutting patches and causing spatial isolation, which led to a reduction in landscape connectivity.




4.3. The Impact of Mining Activities on Regional Ecosystem Stability


After analyzing the results of SHDI, SHEI, and PRD, we found that PRD remained at a low level in all areas, indicating that the study area had a relatively simple patch structure and low landscape richness. In terms of SHDI, the internal SHDI of the mining area experienced a decline from 1985 to 2010, followed by an increase post-2010. This denotes that the construction and mining activities associated with the open-pit coal mine initially reduced landscape diversity, with some original landscape types being supplanted by the emergence of mining pits. A similar downward trend was observed in SHEI during this timeframe, indicating that the predominance of bare land patches resulting from mining expansion has led to persistent disruption of the ecosystem and a decline in stability. However, post-2010, both SHDI and SHEI indicators have progressively recovered, with PRD also experiencing modest improvement, surpassing levels recorded before the onset of mining in 1985. This suggests a restoration of landscape diversity within the mining area. Through analysis of the company’s ecological restoration measures and methods, it was found that during vegetation reconstruction, tree forests, shrub forests, farmland, and grasslands were established, resulting in new landscape types within the mining area. This result also suggests that the landscape patches in the mining area became more uniform. Although the expansion of mining pits continued to dominate with bare land, the type changes in other patches and their connectivity have reduced the dominance of bare land [10,40,41]. Comprehensive analysis of these three indices reveals that the landscape structure within the mining area became imbalanced following mining activities, yet with the implementation of ecological restoration projects, the landscape structure has gradually regained balance, resulting in progressive improvements in the ecosystem and heightened stability, along with an increasing richness of habitat types.



However, from the external perspective of the mining area, we found that while SHDI and SHEI in the external area followed a similar trend of first decreasing and then increasing, the increase was much slower. Observing the entire region’s three indices, it becomes evident that the recovery of landscape quality in the overall area, influenced by the internal SHDI and SHEI metrics, surpasses that observed externally. This indicates that the ecological state of the entire region is predominantly shaped by the conditions within the mining area. Although mining pit expansion in the mining area impacts the entire region, the positive effects of ecological restoration have already offset the negative impacts of mining activities. Moreover, the greening of spoil grounds and land reclamation in the mining area have had a positive effect on the ecological quality and ecosystem stability of the external area and the entire region, it shows that the ecological restoration of the mining area has a significant spatial spillover effect. After comprehensive analysis of PRD, SHDI, and SHEI, the FI index shows that the ecosystem stability of the Zhungeer open-pit mining area continued to decrease over the 35-year study period. However, a significant rebound in this index occurred after 2015, which we believe is due to the delayed effects of ecological engineering. Although immediate restoration measures were taken, the process of ecosystem recovery is gradual, and it takes several years after the implementation of ecological engineering to reach the desired level of ecological function and biodiversity [40,42]. The comprehensive analysis of the PRD, SHDI, and SHEI resulted in a Fitness Index (FI) indicating that the ecosystem stability of the Zhungeer Open-pit Coal Mine experienced a continuous decline over the 35-year study period. Notably, after 2015, there was a significant improvement in ecosystem stability, with a marked rebound in this indicator occurring only thereafter. We attribute this phenomenon to the lagging effects of ecological engineering; despite the implementation of restoration measures in the short term, the recovery of an ecosystem is often a gradual process, requiring several years post-implementation before achieving the desired ecological functions and levels of biodiversity [12,47].



Building upon the aforementioned analyses of changes in land use, ecological indicators, and landscape metrics, we deduce that between 1985 and 2020, the activities associated with open-pit coal mining inflicted detrimental effects on the regional landscape patterns and ecological quality. However, entering the 21st century, the promulgation of national and local ecological policies, coupled with the implementation of ecological projects within the mining area, has gradually mitigated the negative impacts of mining activities, with the positive effects of ecological restoration increasingly counteracting these adverse influences. Furthermore, these beneficial impacts have begun to radiate into the larger surrounding areas of the coal mine [43]. Through our research, it is also evident that ecological restoration within the mining area can drive improvements in the ecological quality of surrounding areas. Therefore, in future ecological engineering projects, priority can be given to intensive restoration along the mining area’s boundaries, while implementing dust control measures within the mining area to prevent land exposure.




4.4. Significance and Limitations of This Study


The significance of this study is two-fold, encompassing both theoretical and practical dimensions. On one hand, in the development of the general ecological theory framework, our research integrates landscape ecology with general ecology. Utilizing indicators such as PD, DIVISION, and SPLIT, we conducted a multifaceted analysis of changes in landscape patterns to assess the heterogeneity, fragmentation, and connectivity of the region following open-pit coal mining activities. These metrics are representative and effectively reflect the destruction wrought by intense human activities on landscape patterns, while also demonstrating the restoration of these patterns during ecological recovery and reconstruction processes. This methodology serves as a paradigm for subsequent research, substantiating the feasibility of studying ecological functions within mining areas at the landscape level. On the other hand, within the ecosystems of mining areas in arid and semi-arid regions, our specific findings reveal that shifts in land use types alter the regional environment through transformations in landscape patterns. This inspires further contemplation among researchers in mining ecology on how to reshape the ecological quality of regional environments by modifying local landscape fragmentation and connectivity, thereby fostering more rational and sustainable development of open-pit coal mining in arid and semi-arid zones.



However, this study does have certain limitations. As previously noted, the causal relationship between ecosystem changes and regional vegetation–climate factors remains unclear. Our research only highlights the preliminary relationships among land use, vegetation, and landscape patterns, without considering the impact of climate change on the overall ecological environment of the region [43,48]. Establishing causal inferences necessitates longer-term observational data to validate these relationships and the application of advanced manifold reconstruction methods in coupled dynamical systems. For future research, we aim to employ remote sensing inversion calculations of climatic factors observed on the ground, based on the landscape ecological indicators proposed in this study. We hope to collect and use more data consistent with local ground-truth meteorological and vegetation parameters. This will be combined with long-sequence datasets and spatiotemporal causal relationship recognition models based on cloud computing platforms such as Google Earth Engine to reveal the underlying mechanisms more deeply [23].





5. Conclusions


This study constructs a multidisciplinary spatiotemporal big data fusion analysis framework to systematically evaluate the ecological effects in the Zhungeer mining area from 1985 to 2020. By innovatively applying remote sensing image interpretation in conjunction with ecological process coupling models, it focuses on revealing the dynamic interactive mechanisms between mining activities and ecological restoration projects, leading to the following conclusions:



(1) Over the 35-year research period, various land types within the Zhungeer open-pit coal mining area have undergone mutual transformations. Directly driven by open-pit mining, the internal bare land has expanded significantly, presenting marked spatiotemporal differentiation—continuous exposed zones have formed at a rate of 30.07 ha/a in the mining pit area, while the ecological restoration project implementation zone has achieved a reverse growth of 62.79 ha/a through a “human management–vegetation reconstruction” collaborative model.



(2) Since the establishment of the mining area, bare land and impervious surfaces dominated the internal landscape by 1995, with an NDBI value reaching 0.2730. However, after 2000, the NDBI value has continuously declined to −0.0685, indicating that vegetation has begun to dominate the landscape, and the cumulative effects of ecological restoration projects can surpass the negative impacts of mining activities.



(3) From 1985 to 1995, due to the influence of mining development, the mean NDVI within the mining area decreased from 0.04 to 0.0301, indicating a deterioration of vegetative conditions in the study area. However, after 2000, the mean NDVI progressively increased, restoring to 0.2246, which signifies recovery of the internal ecological environment. Additionally, there is a notable radiative effect of the mining area on the external vegetation conditions, achieving a contribution value of 1.016.



(4) In the Zhungeer open-pit coal mining area, landscape patch density, landscape separation, and landscape fragmentation all exhibited a declining trend following human management efforts, resulting in increased landscape heterogeneity and fragmentation. The landscape’s aromatic diversity index and aromatic evenness index also showed an upward trend post-intervention, with a more uniform distribution of landscape patches contributing to enhanced structural balance. Notably, it was discovered that ecological regulation exhibits a lag effect of 10 to 15 years—while the ecosystem adaptability index in 2020 (0.35836) declined by 6.31% compared with 1985, its recovery trajectory demonstrates a fitting degree of 93.69% with the original ecosystem, reflecting the phased characteristics of ecological recovery in mining-affected areas. Based on the variations in land use and ecological indices presented in this study, theoretical foundations and practical paradigms for ecological governance in similar mining regions are provided.
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Figure 1. Remote sensing imagery of the study area. 
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Figure 2. Schematic diagram of internal and external division of mining area. 
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Figure 3. Spatial and temporal distribution of land use types in the Zhungeer mining area from 1985 to 2020. 
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Figure 4. Sankey map of land use changes in Zhungeer mining area from 1985 to 2020 (ha). 
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Figure 5. Temporal and spatial variation map of mining pit scope in Zhungeer mining area (The direction of the yellow arrow in the picture is the advancing direction of the Zhungeer open-pit coal mine). 
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Figure 6. Temporal and spatial variation map of vegetation restoration area in Zhungeer mining area. 
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Figure 7. Statistical chart of mining pit and vegetation restoration area in Zhungeer mining area. 
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Figure 8. Time series variation diagram of NDVI spatial distribution in the research area. 
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Figure 9. Contribution value model of NDVI change inside the mining area to the outside of the mining area. 
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Figure 10. Time series variation diagram of NDBI spatial distribution in the research area. 
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Figure 11. Landscape index change curve of internal, external, and whole area in Zhungeer mining area. 
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Figure 12. Interannual variation in Fitness Index in the study area. 
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Table 1. Details of data used.






Table 1. Details of data used.





	
No.

	
Time

	
Data Used

	
Spatial Resolution

	
Path and Row

	
Data Description






	
1

	
1986

	
Landsat 5 (TM)

	
Other bands 30 m

Band-6 120 m

	
126 and 32

	
LT05_L1TP_126032_19860624_20200918_02_T1




	
2

	
1990

	
126 and 32

	
LT05_L1TP_126032_19900822_20200916_02_T1




	
3

	
1995

	
126 and 32

	
LT05_L1TP_126032_19950703_20170107_01_T1




	
4

	
2000

	
127 and 32

	
LT05_L1TP_127032_20000723_20200906_02_T1




	
5

	
2005

	
126 and 32

	
LT05_L1TP_126032_20050730_20161125_01_T1




	
6

	
2010

	
126 and 32

	
LT05_L1TP_126032_20100712_20200823_02_T1




	
7

	
2015

	
Landsat 8 (OLI)

	
Panchromatic 15 m Operational Land Imager 30 m

Thermal Infrared Sensor 100 m

	
127 and 32

	
LC08_L1TP_127032_20150701_20200909_02_T1




	
8

	
2020

	
126 and 32

	
LC08_L1TP_126032_20200824_20200905_02_T1











 





Table 2. Statistics of Land Use Types and Areas from 1985 to 2020 (ha).
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	Year
	Cropland
	Grassland
	Barren
	Impervious
	Forest





	1985
	3356.55
	291.33
	122.85
	48.33
	0.00



	1990
	3489.66
	549.99
	107.91
	48.42
	0.00



	1995
	3319.65
	693.09
	132.84
	50.40
	0.00



	2000
	2890.53
	891.45
	80.46
	57.96
	0.00



	2005
	2438.46
	739.08
	208.71
	68.22
	0.00



	2010
	1418.67
	1149.57
	314.28
	352.62
	0.36



	2015
	1023.57
	1435.33
	459.29
	532.53
	7.58



	2020
	1036.31
	665.97
	1100.72
	646.21
	7.49



	p-value
	0.0004
	0.0782
	0.0327
	0.00034
	0.0258










 





Table 3. Statistics of NDVI value within the mining area.
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	Year
	NDVImin
	NDVImax
	NDVImean
	Std.





	1985
	−0.2371
	0.4094
	0.0401
	0.0347



	1990
	−0.0877
	0.6232
	0.1354
	0.0872



	1995
	−0.1579
	0.4962
	0.0301
	0.0334



	2000
	−0.1343
	0.3953
	0.1141
	0.0529



	2005
	−0.1356
	0.5302
	0.1555
	0.0795



	2010
	−0.1852
	0.5079
	0.1461
	0.0897



	2015
	−0.0205
	0.4708
	0.1800
	0.0730



	2020
	−0.1846
	0.5102
	0.2246
	0.1107










 





Table 4. Statistics of NDVI value outside the mining area.
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	Year
	NDVImin
	NDVImax
	NDVImean
	Std.





	1985
	−0.3824
	0.4328
	0.0410
	0.0417



	1990
	−0.5493
	0.6424
	0.1419
	0.0980



	1995
	−0.5072
	0.4667
	0.0265
	0.0460



	2000
	−0.2750
	0.4091
	0.1029
	0.0614



	2005
	−0.4375
	0.5474
	0.1482
	0.0957



	2010
	−0.5000
	0.6496
	0.1749
	0.1121



	2015
	−0.2163
	0.5319
	0.1870
	0.0666



	2020
	−0.1430
	0.5733
	0.2624
	0.0764










 





Table 5. NDVI change difference statistics.






Table 5. NDVI change difference statistics.





	
Year

	
ΔNDVI




	
Within

	
Outside






	
1985–1990

	
0.0953

	
0.1009




	
1990–1995

	
−0.1053

	
−0.1154




	
1995–2000

	
0.084

	
0.0764




	
2000–2005

	
0.0414

	
0.0453




	
2005–2010

	
−0.0094

	
0.0267




	
2010–2015

	
0.0339

	
0.0121




	
2015–2020

	
0.0446

	
0.0754











 





Table 6. Statistics of NDBI value within the mining area.
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	Year
	NDBImin
	NDBImax
	NDBImean
	Std.





	1985
	−0.1707
	0.3757
	0.2546
	0.0281



	1990
	−0.2402
	0.4182
	0.2012
	0.0643



	1995
	−0.0889
	0.5148
	0.2730
	0.0273



	2000
	−0.2200
	0.5192
	0.2424
	0.0420



	2005
	−0.1633
	0.4483
	0.1767
	0.0577



	2010
	−0.1308
	0.4412
	0.2266
	0.0430



	2015
	−0.2421
	0.3734
	0.0162
	0.0436



	2020
	−0.3347
	0.1610
	−0.0685
	0.0560










 





Table 7. Statistics of NDBI value outside the mining area.
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	Year
	NDBImin
	NDBImax
	NDBImean
	Std.





	1985
	−0.6267
	0.3858
	0.2414
	0.0866



	1990
	−0.8387
	0.5038
	0.1797
	0.1205



	1995
	−0.7200
	0.4672
	0.2621
	0.0813



	2000
	−0.7273
	1.0000
	0.2305
	0.0764



	2005
	−0.6393
	0.5016
	0.1626
	0.0877



	2010
	−0.6812
	0.5728
	0.2034
	0.0752



	2015
	−0.3167
	0.5848
	0.0113
	0.0446



	2020
	−0.4110
	0.4097
	−0.0907
	0.0581










 





Table 8. Annual statistical table of regional scale landscape index in Zhungeer region.
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	Year
	PD
	DIVISION
	SPLIT
	PRD
	SHDI
	SHEI





	1985
	19.5096
	0.5914
	2.4476
	0.0132
	0.7373
	0.4115



	1990
	17.3301
	0.6039
	2.5248
	0.0132
	0.7449
	0.4158



	1995
	14.3154
	0.5842
	2.405
	0.0132
	0.7314
	0.4082



	2000
	12.4114
	0.5375
	2.1623
	0.0132
	0.6911
	0.3857



	2005
	10.9459
	0.4975
	1.9902
	0.0132
	0.684
	0.3817



	2010
	12.8103
	0.4151
	1.7096
	0.0132
	0.6318
	0.3526



	2015
	13.0262
	0.3829
	1.6205
	0.0132
	0.606
	0.3382



	2020
	13.6104
	0.4385
	1.7809
	0.0132
	0.6901
	0.3852










 





Table 9. Annual statistical table of landscape index within mining areas in Zhungeer area.
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	Year
	PD
	DIVISION
	SPLIT
	PRD
	SHDI
	SHEI





	1985
	19.2334
	0.4841
	1.9384
	0.0356
	0.6518
	0.4702



	1990
	16.6779
	0.5379
	2.164
	0.0356
	0.657
	0.4739



	1995
	13.9887
	0.4898
	1.9598
	0.0356
	0.6531
	0.4711



	2000
	12.4216
	0.4249
	1.7387
	0.0356
	0.6001
	0.4329



	2005
	11.638
	0.3863
	1.6295
	0.0356
	0.6005
	0.4332



	2010
	15.1552
	0.3105
	1.4504
	0.0445
	0.585
	0.3635



	2015
	17.5505
	0.3034
	1.4355
	0.0445
	0.6049
	0.3758



	2020
	18.2901
	0.4408
	1.7882
	0.0445
	0.7644
	0.4749










 





Table 10. Annual statistical table of external landscape index of mining areas in Zhungeer area.
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	Year
	PD
	DIVISION
	SPLIT
	PRD
	SHDI
	SHEI





	1985
	19.9025
	0.6231
	2.6531
	0.0176
	0.761
	0.4247



	1999
	17.8349
	0.637
	2.7545
	0.0176
	0.7693
	0.4293



	1995
	14.7511
	0.6169
	2.6105
	0.0176
	0.7524
	0.4199



	2000
	12.6982
	0.571
	2.3312
	0.0176
	0.713
	0.3979



	2005
	10.9704
	0.5306
	2.1305
	0.0176
	0.698
	0.3896



	2010
	12.1945
	0.4467
	1.8073
	0.0176
	0.6308
	0.3521



	2015
	11.7669
	0.4061
	1.6837
	0.0176
	0.5842
	0.326



	2020
	12.3196
	0.4442
	1.7991
	0.0176
	0.6195
	0.3457










 





Table 11. Fitness Index statistics at the regional scale of the study area.
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	Year
	1985
	1990
	1995
	2000
	2005
	2010
	2015
	2020





	FI
	0.3825
	0.3864
	0.37948
	0.35886
	0.35522
	0.32852
	0.31532
	0.35836
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