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Introduction: Anthropogenic disturbances resulting from extensive mining activities in tropical regions pose significant threats to native land use, leading to deforestation, biodiversity loss, climate change impacts, environmental degradation, health risks, landscape fragmentation, compromised ecological security, and societal wellbeing. Monitoring Land Use and Land Cover Change (LULCC) becomes imperative for evaluating the extent and nature of land degradation in mined areas.
Methods: This study examined and compared land cover change patterns across three coalmined sites: Sohagpur (Site-I), Jamuna & Kotma (Site-II), Bishrampur (Site-III) in Central India over 3 decades using Landsat satellite imagery from 1994, 2007, and 2022. The Maximum Likelihood (ML) algorithm, within a supervised classification framework, was applied to discern mining impacts on decadal land use shifts.
Results and discussion: The analysis revealed that 7.32%–17.61% of forest cover, 5.0%–10% of water bodies, and 3%–5% of agricultural lands were lost due to mining activities, with Site three and Site two experiencing greater losses compared to Site 1. Overall, native land cover diminished by 35% between 1994 and 2022. Indices including Soil Index, Climate Index, Terrain Index, Land Utilization Index, and Vegetation Index were derived to assess land degradation patterns. These indices were integrated using a weighted index model in ArcGIS to generate the Land Degradation Vulnerability Index (LDVI). Vulnerability notably escalated with mining expansion, particularly pronounced at Site 3 (Bishrampur) and lower at Site 1 (Sohagpur). The “extremely vulnerable” class encompassed a substantial area (25%–40%), while the “low vulnerable” class was less than 5% across all sites. This study’s comprehensive analysis aids policymakers, planners, and managers in prioritizing targeted interventions and implementing sustainable land management 175 practices for ecorestoration, aligning with the goal of Zero Net Land Degradation 176 (ZNLD) in coal-mined landscapes.
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1 INTRODUCTION
Globalization has had tremendous impact on our lives. It has opened new avenues of technological advancement, increased communication, scientific developments with smarter innovation (Xia, et al., 2022; Zhao, et al., 2022; Swamy and Darro, 2023; Fang et al., 2024). On the other hand, the impact of globalization on environment cannot be undermined (Song, et al., 2020; Xiao et al., 2023). Coal mining has emerged as a major energy generating industrial activity in thermal power dependant countries such as India to address the emerging challenges of growing energy needs with burgeoning population explosion (Oskarsson et al., 2024). The humongous expansion of mining has impacted land use, polluted the natural environment, and jeopardized the ecological security and wellbeing of the people living in the vicinity of mined landscapes and directly compromised the local ecosystems with irreversible transformations (Saini, et al., 2016; Bandhophadyay et al., 2020; Aihrwal et al., 2021; Mishra et al., 2022; Sethi et al., 2024). Numerous studies have clearly demonstrated that land-use change is a critical parameter, that needs to be monitored at regular intervals to understand the alterations in bio-geochemical cycles, surface energy balance, structure and diversity of ecosystems (Song, et al., 2018; Swamy and Darro, 2023; Thakur et al., 2024; Zhang et al., 2024). The mining sector undoubtedly boosts the economic prosperity, albeit at the expense of environmental degradation (Thakur, et al., 2019; Kumari, et al., 2020). Deforestation in mined landscapes disrupts local forest-dependent communities and contributes around 10% of anthropogenic greenhouse gas emissions, impacting future climate (Scholes et al., 2018). India has experienced significant deforestation, stabilized since the 1980 ban on clear felling. However, forest degradation persists due to industrial expansion, biotic pressure, fires, and land diversion for mining (Joshi et al., 2006).
Coal mining has accelerated landscape fragmentation and edge effects, converting the dense forests into open forests, open forests to grasslands, grasslands into grazing lands further opening the routes of agricultural encroachments in forested lands (Mishra, et al., 2022). In 2016, a research conducted by Maryland University summarized that over 73 million acres of the global tree cover were lost for mining and the process is consistently undergoing (Bradford, 2018). The indiscriminate destruction of forests and other natural resources compromise the core concept of sustainable development, impeding the achievement of the United Nations’ targeted Sustainable Development Goals (SDGs) for 2030 (Weisse and Goldman, 2017). It becomes imperative to minimize the abrupt land use changes and deforestation in coal mined environs, while simultaneously conserving the remnant forests and implementing sustainable land management practices, which are vital for bringing resilience to the deteriorated landscape. Coal as a pivotal non-renewable source of energy is currently irreplaceable due to paucity of viable alternative renewable energy resources. China, India, United States, Australia and the European Union are major coal producers and consumers, with their consumption predicted to rise by 2.6% by 2020 (Thakur T. K. et al., 2022). India is currently ranked as the third largest producer of coal and has experienced rapid growth over the last few decades increasing from 30 million tonnes (Mt) in 1946 to 729.10 Mt in 2020 (Ministry of Coal, 2021; Thakur et al., 2022b). Coal mining has diverse environmental impacts, including topsoil and vegetation loss from overburden dumps formed during continuous blasting or excavation. Mine tailings, rich in heavy metals and pollutants, accumulate on leased land, posing contamination risks (Anon, 2006; Sahu and Dash, 2011). Open-cast mining, producing 8–10 times more waste than underground mining, exacerbates land degradation and environmental issues (Anon, 2006; Sahu and Dash, 2011). Mine spoils lead to groundwater contamination, mineral leaching, heavy metal discharge, soil pollution, erosion, and effluent discharge in sensitive ecosystems (Sahu and Dash, 2011). Despite increased awareness of coal mining’s environmental impacts, industry expansion plans persist, aiming to double production in the coming decades. These plans involve deeper mining and maintaining coal quality standards, resulting in significant waste generation. For instance, extracting 1 million tonnes of coal could generate 15 million tonnes of waste, intensifying pressure on India’s dwindling land resources (Sahu and Dash, 2011).
The storage and removal of overburden further contribute to the loss of forest cover and fertile soil (Wickham, et al., 2007; Moomen and Dewan, 2016). With increased mining, the issue of Mining Induced Land Degradation (MILD) will accelerate and it is predicted to escalate exponentially in future with growing demands for mineral commodities (Moomen and Dewan, 2016). Vulnerability to degradation varies under different environmental conditions despite similar land use (Van der Werf and Petit, 2002; Darradi et al., 2012). Activities associated with mining stimulate alteration in topography, topsoil loss, vegetation loss and which eventually result in land degradation under different landuse. Various physical, social, and environmental factors such as climate, soil, terrain, and natural features collectively contribute to land degradation vulnerability (Nowak and Schneider, 2017). Land degradation from mining has become a focal point globally, with efforts to achieve Zero Net Land Degradation (ZNLD) by 2030 in developing countries (Hintjens, 2000; EPA, 2003; Ma et al., 2019). Prioritizing the mitigation of land degradation caused by open-cast coal mining is crucial to prevent its conversion into ecologically fragile wastelands (Guan and Yu, 2021; Thakur et al., 2022c; Pandey et al., 2022), which poses significant challenges to sustainable development, impacting the environment, agriculture, food security, and livelihoods (UNCCD, 2015).
LULCC monitoring is vital for resource planning and protection, with a shift towards quantifying impacts on ecological processes (Kumar et al., 2022; Swamy and Darro, 2023). Quantitative studies on vegetation cover disturbances are limited but crucial for sustainable resource management (Moomen and Dewan, 2016; Guan and Yu, 2021). Geospatial techniques, including satellite remote sensing (RS) and geographical information systems (GIS), are pivotal for understanding ecosystem dynamics and developing decision support systems (Brown et al., 2005; Thakur, 2018; Thakur T. K. et al., 2022; Mishra et al., 2022). Despite India’s small land area, it supports a large population, leading to significant land degradation (Sahu and Dash, 2011). Evaluating land degradation trends due to coal mining in peninsular India is essential for targeted reclamation efforts and ecosystem regeneration. This study compares LULCC across three mines in Central India (Sohagpur, Jamuna & Kotma, and Bishrampur) to assess their impact on land degradation vulnerability. Unlike previous studies that focused on single criteria, this research employs multiple indices derived from climatic, topographic, edaphic, and land variables to quantify land degradation patterns. These indices, including the soil index, climate index, terrain index, land utilization index, and natural resource prioritized index, are weighted based on their expected influence and integrated within a GIS framework to calculate the Land Degradation Vulnerability Index (LDVI). The LDVI aids in prioritizing ecorestoration efforts in degraded landscapes, supporting policymakers and planners in sustainable natural resource management in coal mining areas. Therefore, the current work was mainly focused to examine the effect of coal mining on i) Land use and land cover changes, ii) variations in soil index, terrain index, climate index and land utilization index iii) land-degradation vulnerability, and iv) finally, to advocate the implications for ecorestoration strategies of degraded landscapes.
2 MATERIALS AND METHODS
2.1 Study site
The study was conducted in three coal mining regions viz., Sohagpur - Site-I, Jamuna & Kotma - Site-II, Bishrampur -Site-III, in central India. The sites are located in the states of Madhya Pradesh and Chattishgarh, respectively, and are spread from 230 05′to 23° 30′N latitudes and 81° 13′to 82° 12′E longitudes in the Central Indian region covering an area of 14, 660 km2 (Figure 1). The region is characterized by a tropical sub-humid climate, with a year divisible into three distinct seasons. The hot summer extends from March to June, monsoon sets between July to October, and a cold winter start from November and ends by the second week of February. The mean annual temperature usually ranges between 25°C and 31°C. The region receives about 1192.3 mm of rain annually, with the majority falling during the monsoon seasons from July to September, accounting for 80%–90% of the total rainfall during the south-west monsoon period. The terrain is undulating, occasionally with high hills, dissected plateaus, steep slopes, and scarps with three types of soils: Alfisols, Inceptisols, and Vertisols. The area is predominately covered with Sal and Dense Mixed forests occasionally interspersed with bamboo brakes. The primary occupation is agriculture, with rain-fed paddy being monocropped during the rainy season on most of the land. In the winter season, crops such as wheat, Gram, mustard, niger, sunflower, etc., are cultivated in irrigated areas.
[image: Figure 1]FIGURE 1 | Location map of the study area along with all three selected sites of Sohagpur coal mines (Site I), Jamuna coal mines (Site II) and Bishrampur coal mines (Site III), Central India covering an area of 14, 660 km2.
2.2 Selection of satellite and ancillary data
The datasets utilized in this investigation are listed in Table 1 and comprising satellite data, reference data, digital elevation model (DEM), and Google Earth data. The datasets were archived from Landsat-5 (TM) for the year 1994, and Landsat-7 and Landsat-8 OLI for the years 2007 and 2022, respectively. The datasets were archived from the Landsat-5 (TM) for the year 1994, Landsat-7 and Landsat 8 OLI for the years 2007 and 2022, respectively. The data were collected and sorted from the Earth Explorer (http://earthexplorer.usgs.gov/). The same reference system UTM (zone 44) and WGS 84 datum have been used to project all the data for comparision Table 1 provides entire information regarding the research area, which lies inside the Worldwide Reference System of Landsat, path 142–143 and row 44. In March 2022, ground truth was perfomed using referencing data and Global Positioning System (GPS). The categorization, spatial analysis, and entire precise examination of categorized images all involved ground reference data. Figure 2 illustrates the schematic representation pattern for the analysis of images and generation of thematic maps. Preprocessing of satellite images including geometric, radiometric, atmospheric corrections were conducted before image analysis.
TABLE 1 | Details of the source of data used in the present study. The satellite data used for LULC classification are derivative from Landsat-5 Thematic Mapper for 1994, whereas Landsat-7 & 8, Operational Land Imager (OLI) and Thermal Infrared Sensor (TIRS) data sets are used for the year 2007 & 2022.
[image: Table 1][image: Figure 2]FIGURE 2 | Schematic workflow followed for preparation of representing the land use map.
2.3 LULC preparation and change detection analysis
Machine Learning Algorithms (MLAs) can automatically classify the land cover (Tan, et al., 2021) with the large set of data often used in land mapping applications. Digital image processing of Landsat satellite images were performed under ERDAS 2014 version and spatial analysis of other variables in ARCGIS. MLA and supervised classification were used to assess the LULC of the study area. The evaluation of land use categories on a spatio-temporal basis was depicted in Figure 3. The pixels have been classified into various land use types using supervised classification employing maximum likelihood algorithm (Ahmad and Quegan, 2013). Ancillary data from SOI (Survey of India) maps and field observations from GPS locations were used as reference data for improving the classification. The study area was classified into eight LULC groups. i.e., classes include forest, plantation, agriculture, wasteland, settlements, coal mines, overburden (OB) dumps, and water bodies.
[image: image]
[image: Figure 3]FIGURE 3 | Land Use and land cover (LULC) maps of the study area (Site I, II and III) during 1994, 2007 and 2022 (study period).
For the detection of LULC change pattern during the different periods, the LULC maps corresponding to 1994, 2007 and 2022 has been resampled from the moderate resolution of satellite data (30 m) to high spatial resolution (5.8 m) to facilitate the comparsion of images. To evaluate the pattern of LULC changes between 1994 and 2022, all the categorized image alterations were created and analyzed using ERDAS (Yang and Wen, 2011).
[image: image]
2.4 Drivers of land degradation and land degadation vulnerability
The Land Degradation Vulnerability Index (LDVI) was constructed through a systematic process: 1) Identification of critical factors influencing land degradation, 2) Assessment and scoring of parameters within each variable criterion, 3) Determination of weights for each criterion, 4) Development of five indices (topography, soil, climate, land use, and vegetation), and 5) Integration of these indices to generate the final LDVI map. Various indices were derived using edaphic, climatic, land use, topographic, and vegetation data from relevant sources to formulate the LDVI model. The individual indices were developed by assigning different weights to contributing factors, with each factor considered in relation to all others from available sources (Supplementary Table S1). A thematic map layer of each criterion has been generated using GIS tool. In natural vulnerability all thematic layer give same weight but in environmental vulnerability all thematic layer were given different weight based on their sensitivity or effectiveness in the study area (Grigio et al., 2004). Thereafter, the different layers corresponding to different indices were integrated by assigning weightage score ranging from 0.1 to 1.0 based on literature and suggestions of experts (Table 2), where 0.1 was assigned to the lowest class pertaining to the specific LDVI index, while 1.0 was assigned to the highest triggering class. The model was employed to assess the land degradation vulnerability in three different sites of coal mining. The selection of pertinent indicators, methodologies were used for normalization, weighting strategies, all have a significant impact on the assessment of the susceptibility of a region to land degradation and the procedure adopted for deriving indices under ARC GIS are as follows.
TABLE 2 | Weight score assigned to criteria used for land degradation vulnerability.
[image: Table 2]2.5 Soil index (SI)
Depth, erosivity, depth of groundwater, soil drainage, and pH are some of soil characteristics that drive land degradation (Khan and Romshoo, 2008; Kumar, et al., 2022). The following equation was used to generate the index for each soil parameter independently.
[image: image]
Where Wi is weightage for the soil parameter, Ai denotes area of a particular class and Cj is Class code of jth class.
The soil index has been done by association of all the attributes, i.e., Soil Depth, Ground Water Depth, Soil Drainage and Erosivity.
Note:. Link for the above equation is required
[image: image]
where Si denotes Soil index; D is soil depth, GDW is ground water depth; SD is soil drainage and E is erosivity.
In order to assess the Composite Soil Index, the criteria have been classified into four groups, i.e., Very Good, Good, Poor, and Very Poor. The very poor soil index class, assigned higher weitage values, represents extreme vulnerability to soil degradation, whereas the very good soil index class, with lower weitage values, indicates lower susceptibility to vulnerability. Represent less prone to vulnerability degradation.
2.6 Terrain index (TI) and climate index (CI)
According to Freer et al. (2002), topography is a significant physical component that directly affects the process of land degradation. The Terrain Index has been calculated using ASTER Digital Elevation Model (DEM) along with a soil map (Rao, et al., 2016). The slope map was generated, categorizing the terrain into six distinct slope classes: flat plains (≤5%), gentle slopes (5%–10%), moderate slopes (11%–15%), moderately steep slopes (16%–20%), steep slopes (21%–25%), and very steep slopes (>25%). DEM was also utilized to generate the elevation map of land from contours, and drainage networks were extracted using depression-filling method under ArcGIS (Planchon and Darboux, 2002). The variability in climatic conditions, specifically temperature and rainfall (as depicted in SF1and2), significantly influences the land degradation process. The Thiessen polygon method was utilized to analyze Climate Index (CI), creating a climate surface from a time series of precipitation and temperature data spanning 1994 to 2022. CI categorizes the climate into four groups and is generated through the integration of temperature and precipitation layers within GIS.
2.7 Land utilization index (LUI)
LUI is a system for categorizing land, where each land unit is utilized in accordance with its potential for production and environmental deterioration, if the land is not properly used. The following equation was used to integrate multi-temporal LULC, VI, and LCI in the GIS environment to produce the land utilization index (LUI).
[image: image]
Where LUI denotes Land utilization index; VI is Vegetation index and LCI isLand capability index.
2.8 Land degradation vulnerability index (LDVI) maps
In the final step, the LDVI was derived using weighted overlay tool built in spatial analysis in Arc GIS, which integrated deterministic components (criteria-degradation indices). The aggregated index LDVI was calculated in the GIS environment following Eq. 6, adopting the procedure outlined by Mishra et al. (2022). The final output raster model was created by averaging the obtained cell values. Higher vulnerability towards land degradation is shown by greater raster values whilst, lesser vulnerability is indicated by lower values. Five classes (numbered 1–5) were assigned to the vulnerability raster output.
[image: image]
where DF indicates determinant ith factor and criteria classes of land degradation (TI, CI, SI, LUI and VI), Wi is weight of that criteria derived through analysis and n is number of criteria used (criteria = 5).
The LDVI map has been prepared using the range of LDVI values. The five classes of land degradation vulnerability identified were as follows: extremely vulnerable (>4), highly vulnerable (3 to ≤4), moderately vulnerable (2 to ≤3), low vulnerable (1 to ≤2), and very low vulnerable (<1) classes.
2.9 Clarity and accuracy of LDVI classes
The robustness of a model primarily depends on its accuracy, while the models are not precisely useful without validation (Pandey, et al., 2022). The validation of LDVI map was done by randomly taking the five sample points from each vulnerability class and the accuracy of the mapped vulnerability index was checked by Google Earth and ground truthing in the field.
3 RESULTS
LULC maps illustrating changes in studied coal mine landscapes (Site I, Site II, and Site III) from 1994 to 2022 are presented in Figure 3 and Supplementary Table S1. Eight categories of land use, namely, forest, plantation, agriculture, coal mines, overburden (OB) dumps, wastelands, settlements, water bodies, etc., were delineated in three sites. The results indicate a marked decrease in forest area due to the expansion of coal mining at all the sites between 1994 and 2022. Comparatively a higher decrease in forest cover was found in Site III, followed by Site I and Site II. Forest cover was lost by 34%, 22% and 38% at Site I, Site 2 and Site 3, with in a span of 28 years. Nevertheless, the area under man-made plantations has increased with an increase in restoration activities in disturbed landscape especillay on mine over burdens. It increased by 4.30% in site I, 9.67% in site II and 2.03% in site III. The plantations were established in larger areas at site I followed by Site III compared to site I. The overall LULC destruction were higher in Site I and Site III mined landscape but quite less in site II. The waterbodies gradually dried up and disappeared due to the development of a network of new roads and built-up areas as settlements, coupled with the allocation of new coal blocks adjacent to the old ones. The higher losses of waterbodies were found in Site I and Site III, which accounted for 7.11% and 3.53%, respectively, while meagre losses of 1.55% were recorded in Site II. A very small decline in agricultural areas corresponds with an increase in settlement across the mining areas, clearly indicating the predominant loss of forest cover in favor of the expansion of mines in the study area. The natural forests, water bodies, and agricultural lands are remarkbly affected by coal mining and formation of huge overburden dumps. The overall disturbances in land use corresponding for the years 1994, 2007, and 2022 and the land use changes are illustrated and presented in the Supplementary Table S2. The land use/land cover maps were compared with reference data, prepared through the utilization of ground truth data, sample points, and Google Earth, achieving an overall classification accuracy exceeding 90% for all dates.
3.1 Soil and terrain index
The indexing method employed to determine the soil quality is classified into four categories: very poor, poor, good, and very good (Table 3). The mines located in Site I faced rapid land degradation, resulting in the majority of the area converted to very poor-quality soil between 1994 and 2007. The mines located in Site I experienced rapid land degradation, resulting in the majority of the area converted to very poor-soil quality between 1994 and 2007. However, soil amelioration in the later period from 2007 to 2022 led to a reduction in the area under this category, decreasing from 1604 ha to 1336 ha. Consequently, the area under very good quality soil was also enhanced from 1104 ha in 2007 to 1204 ha in 2022. In contrast, the soil quality at Site II mine exhibited continuous deterioration from 1994 to 2022. In 2022, very poor quality soil covers an area of 555 ha, an increase from 325 ha in 1997, while the extent of very good quality soil has decreased from 534 ha in 1994 to 301 ha in 2022. Unlike Site I, the land in Site III mines saw a continuous increase in soil degradation as mining expanded. Area under very good quality soil reduced from 1332 ha in 1994 to 1091 ha in 2022. Similarly, the area under very poor-quality soil also declined. The higher vulnerability of poor-quality soil to degradation is evident, and all three mines have shown an increase in the area where the soil is more susceptible to degradation (Table 3). The terrain index categorizes the study area into four primary slope classes: 0%–3%, 3%–12%, 12%–20%, and >20% slope. At Site I and Site III mined locations, have their maximum area under steep slopes, exceeding 20% slope, while at Site II mines, the maximum area falls within the less slope category (0%–3%). In both Site I and Site III, the land, under varying slopes follows the order: 0%–3% > 3–12% > 12–20%. Meanwhile at Site II, the order is 20% > 3–12% and 12%–30% categories. This value helps to analyze the steepness of the terrain, and it is evident as steepness in terrain is maximum in Site III followed by Site I and Site II.
TABLE 3 | Area under Soil Index (SI) classes (very poor, poor, good and very good) & Terrain Index (TI) (0–3, 3–12, 12–20, >20) classes for three coal mines for the year of 1994, 2007 and 2022.
[image: Table 3]3.2 Climate index (CI) and land utilization index (LUI)
The climate index helps to determine the area’s fragility in response to climatic aberrations. On the basis of climatic sensitivity, the area was classified into four classes: highly fragile, fragile, moderately fragile, and highly stable (Figure 4). In all mined sites, the area under high fragility increased, while the highly stable area decreased with the expansion of mining from 1994 to 2022. On-site, initially, over 63.03% of the area was classified as a fragile zone in 1994, while 46.98% of this classified area was later converted into a highly fragile zone by 2022. In Site II location, the area under climatically highly stable decreased between 1994 and 2022. An extent of the 575-ha area was categorized as a climatically fragile zone, whereas only a 246-ha area was classified under the highly stable category in 2022. The highly stable area has remained almost the same since 1994, but majority of the area classified as ‘fragile’ was changed to the highly climatically fragile class. In Site III, the maximum area of 845 ha was under the highly climatically fragile category, followed by stable category of 824 ha in 2022. Fragile regions are more vulnerable to degradation than non-fragile areas due to climatic aberrations, which are exacerbated by increased mining. This not only intensifies the vulnerability of local communities but also jeopardizes resource availability. The data about the change in land area under various classes are summarized in Table 4.
[image: Figure 4]FIGURE 4 | Climate Index (CI) of the study area (Site I, II and III) during study period.
TABLE 4 | Area under Climate Index (CI) categorized (highly climatically fragile, fragile, moderately fragile and highly fragile) and Land Utilization Index (LUI) (under-utilization, optimally-utilization, over-utilization, built-up area and water bodies) for three coal mines for the year of 1994, 2007 and 2022.
[image: Table 4]The Land Utilization Index (LUI) is useful for assessing land utilization in terms of sustainability, which identified five LUI classes: Underutilized, Optimally utilized, Over-utilized, Built-up area, and Water bodies (Figure 5). Site I experienced a decline in the area under water bodies and a simultaneous increase in built-up areas between 1994 and 2022. Furthermore, the land utilization pattern showed a paradigm shift, with the maximum land being over-utilized, increasing from 1043 ha in 1994 to 1336 ha in 2022. In contrast, at Site II, water bodies increased from 138 ha to 139 ha, and the built-up area expanded from 132 ha to 163 ha from 1994 to 2022. However, the increase in water body size was considerably less compared to the built-up area. The maximum land has been consistently over-utilized, reaching 555 ha by 2022, and this trend has been increasing since 1994. Similarly, at Site III, LUI results revealed an increase in the built-up area from 171 ha to 179 ha and water bodies from 235 ha to 251 ha between 2007 and 2022. The LUI showed that the majority of the study area was overutilized, with the greatest expansion occurring from 2007 to 2022 and resulting in an increase from 1176 ha to 1201 ha. The distribution pattern of areas under different categories of climate index and Land utilization index is presented in Table 4.
[image: Figure 5]FIGURE 5 | Land Utilization Index (LUI) of the study area (Site I, II and III) during the study period.
3.3 Land degradation vulnerability analysis
The LDVI generated from GIS based modelling was classified into six vulnerability classes: very low vulnerability, low vulnerability, moderate vulnerability, high vulnerability, forest/plantation, and water bodies. In the present study area, this index has been used to classify land in terms of vulnerability (Figure 6). At site I, a larger portion of the land, totaling 733 ha, was identified as high vulnerability, followed by 494 ha under low vulnerability and 385 ha under moderate vulnerability during 2022. At the same period, an extent of 1022 ha was under forest/plantation. Similarly, in Site II, the maximum land, comprising 507 ha, falls under the category of high vulnerability in 2022, while the forest/plantation covers approximately 198 ha. Since 1994, Site III have undergone a continuous increase in land under high vulnerability expanding to 1043 ha by 2022. The spatial distribution shows that highly vulnerable area are concentrated in the invicinty of the mines. In 2022, the forest cover in the study area was only about 81 ha, compared to 799 ha in 2007, as clearly illustrated in Figure 6.
[image: Figure 6]FIGURE 6 | Land Degradation Vulnerability Index (LDVI) of the study area (Site I, II and III) during the study period.
4 DISCUSSION
The results clearly indicate that geospatial analysis using Landsat satellite data, along with ancillary data, has proven to be an effective tool in quantifying land use changes and assessing land degradation in coal-mined landscapes. Studies conducted by Dubovyk (2017) and (Gao, et al., 2020) addressed intricacies involved in understanding the complex land degradation processes by harnessing remote sensing techniques. The potential capabilities of Landsat 4, 5, 7, and 8 in identifying land use dynamics in anthropogenically disturbed coal mine areas and analyzing physiographic, soil, climatic, and socio-economic indicators that influence the land degradation process were widely reported in the past (Pandey, et al., 2022; Thakur et al., 2021; Hong, et al., 2018). The results revealed that mining activities induced spatial and temporal changes in land use and land cover at different sites in the study region between 1994 and 2022. A significant amount (10.62%) of forest area was diverted to mining activities, settlements/bare surface, and plantation. The forest cover was rapidly lost due to intensified mining activities aimed at increasing coal production over a span of 28 years. The observed trends align with findings from other studies conducted in various regions of India (Garai and Narayana, 2018; Ahirwal et al., 2021) and within Central India (Thakur, et al., 2021; Pandey, et al., 2022). Studies consistently show declines in forest cover and waterbodies due to mining expansion for coal-related infrastructure like washeries, storage depots, and roads, leading to significant land and environmental degradation (Guan and Yu, 2021; Ferreira et al., 2022; Wang et al., 2023). Studies indicate that agricultural encroachment is the primary driver of forest degradation, with open-cast coal mining further exacerbating the issue by causing significant land-use changes. This transition often converts dense forests into open forests. In central India, a region abundant in coal, extensive mining activities have led to the widespread loss of natural ecosystems (Thakur et al., 2024).
Anthropogenic activities and socio-ecological factors drive land use change and land degradation in coal-mined landscapes (Romshoo et al., 2020; Abuzaid et al., 2021). This study highlights severe impacts on soil, climate, topography, and land use due to extensive mining over the past 25 years. Coal mining’s expansion, driven by rapid industrialization and energy demands, has negative implications for local ecosystems and communities (Ma et al., 2019; Ahirwal and Maiti, 2021; Rawat et al., 2022; Tariyal et al., 2022). Reinvesting in natural capital regeneration is essential in these mined regions (Hota and Behera, 2016). Mining significantly impacts soil, water, and the biosphere, as evidenced by soil quality degradation and water contamination (Kumar et al., 2022; Mishra et al., 2022; Pandey et al., 2022). Nutrient-rich topsoil removal from forests and agricultural lands deteriorates soil properties (Singh et al., 2010). Acid mine drainage in water bodies and heavy metal pollution are common consequences of mining activities (Equeenuddin et al., 2010). Soil physical and chemical properties are altered, leading to compaction, reduced fertility, and erosion risks (Frouz et al., 2011; Jing et al., 2018; Feng et al., 2019; Thakur et al., 2021). Effective reclamation and soil management strategies are crucial for mitigating land degradation vulnerability in mining areas (Mishra et al., 2022).
The terrain index indicates that natural terrain is being altered by anthropogenic coal mining activities, and the expanding area with moderate and steep slopes are increasing the degree of vulnerability to land degradation (Balakrishnan, 2019; Biswas et al., 2020). Mined over burdens reshapes topography both in terms of slope and elevation stimulate land degradation through increased water and wind erosion (Ahirwal and Maiti, 2021). Xiao, et al. (2020) monitored the changes in topographic features in the coal-mining areas of Fushun, China. They observed a maximum depth increase of 140 m, with an elevation rise of 10 m over the course of 10 years between 1996 and 2006. Dumping overbuden material near stream banks induces positive topographic alterations, signaling detrimental impacts on the hydrological system. Unfavorable relief changes manifest as profound depressions in coal mines resulting from coal extraction. These depressions transform into areas of water accumulation, leading to the wastage of both surface and groundwater resources. Soil degradation is caused by land deformation has also been documented in previous studies in India, Australia, and other countries (Frouz et al., 2011; Moomen and Dewan, 2016; Ahirwal and Maiti, 2021), which has increasingly become a worldwide concern.
The climate index has also shown that area under mining is highly vulnerable to climatic aberrations such as erratic rainfall pattern, high evaporation, high temperature, and low humidity conditions. Climate Change has been an emerging driver of mining policies adopted across the globe (Odell, et al., 2018). The anomalies in climatic variables are attributed to increased rates of albedo and insolation, as well as significantly reduced rates of evapotranspiration compared to unmined portions of the landscape (Wickham et al., 2007). Native plants are removed during mining operations, and since native trees seldom reestablish themselves in the harsh conditions of mines, they are often replaced by grasses and invasive alien species, which offer less protection. Previous studies have emphasized that coal mining activities are hazardous and are the main driving factors for spiking ambient temperature and a decrease in rainfall (Ahirwal and Maiti, 2021; Nie, et al., 2021). This is due to increased fugitive emissions, removal of vegetation, coal gangue fires, increased consumption of petroleum fuels for transportation, and occasional mine fires during blasting, drilling and removal of coal from open pits (Ahirwal and Maiti, 2021; Nie, et al., 2021). High temperatures and unpredictable rainfall pose health risks such as heat stroke, heart attacks, and fatigue, along with increasing the prevalence of epidemic diseases. Land use analysis reveals that extensive mining activities and expansion of coal allocation blocks have surpassed sustainable levels, leading to over-utilization of mineral resources and heightened land degradation concerns (Huang et al., 2018; Thakur T. K. et al., 2022). Global trends show a decline in non-degraded land availability while competing land uses continue to rise rapidly (Scholes et al., 2018). Prioritizing land use based solely on immediate economic gains neglects environmental and social considerations, contributing to widespread unsustainable practices in coal-mined regions. Optimal utilization of underutilized lands presents opportunities for maximizing benefits (Ahirwal and Maiti, 2021; Mishra et al., 2022; Pandey et al., 2022).
Land degradation is a key contributors to acceleration of climate change and has gained global attention for its adverse impacts on ecosystems and societies. Numerous studies have repeatedly warned that climate change can be further exacerbated if land degradation is not addressed at scale within the stipulated time frame (Scholes, et al., 2018; Kumar, et al., 2022; Mishra, et al., 2022; Pandey, et al., 2022). Despite growing evidence of land degradation being the primary cause for triggering socio-economic problems by endangering biological resources, food, nutrition, energy security, etc., still, comprehensive estimates on extent and types, underlying causes, and site-specific technologies are largely lacking for restoration of such landscapes (Xie, et al., 2020; Sreenivas, et al., 2021). Coal mining is an important economic activity that cannot be immediately closed, despite its adverse impacts on deforestation, land degradation, climate change, biodiversity loss, and disruptions in the lifestyles of people in central India, which is a rich repository of coal reserves (Thakur, et al., 2021; Mishra, et al., 2022; Pandey, et al., 2022). Due to deforestation, the global estimate of carbon emissions from forest degradation ranges from 40% to 212% (Gao, et al., 2020). According to Sreenivas et al., 2021, it has been reported that the per capita agricultural land in India is approximately 0.15 ha. It is estimated that this figure might further decline to 0.09 ha by the year 2075, with nearly 30% of the national area potentially suffering from the vagaries of land degradation. It is estimated that India is one of the major coal producers as well as consumer and her consumption pattern was predicted to rise by 2.6% by 2020 (Thakur et al., 2022a; b).
The LDVI, integrating climatic, edaphic, and topographic indices, identifies highly vulnerable areas near mining sites, aligning with reports of land degradation and soil quality deterioration (Martins et al., 2020). Vulnerability to degradation varies even under similar land use, influenced by factors like topography, soils, climate, and geology (Van der Werf and Petit, 2002; Nowak and Schneider, 2017). Tailoring land-use sensitivity, exposure, and capacity to withstand disruptions is crucial for sustainable development goals. As land use landscapes deteriorate internally and bear human disturbances, vulnerability becomes more evident. Site I shows lower vulnerability compared to Sites 2 and 3, where intensified mining has concentrated severely to extremely vulnerable areas. Despite their size and adaptive capacity, all areas face potential degradation. Identifying strategies to address vulnerability across landscapes is crucial to halt further degradation. Ecological restoration and green mining practices are advocated as priorities based on the extent of vulnerability to land degradation.
5 ECORESTORATION STRATEGIES
The study reveals significant changes in LULC due to intensive mining and associated activities, leading to reductions in water bodies and forests. Land degradation worsens with disturbances in land cover, terrain alterations, and resource exploitation, increasing ecosystem fragility. Although mining authorities implement ad hoc eco-restoration plans, our research recommends prioritizing long-term, result-oriented bio-engineering techniques for the most vulnerable sites. Figure 7 comprehensively illustrates the complex interactions and eco-restoration measures necessary for sustainable development in disturbed landscapes affected by aggressive mining.
[image: Figure 7]FIGURE 7 | The figure illustrates the complexity of ecological interactions as observed during land degradation phase vis a vis ecological restoration phase in active coal mine sites of the study area. The figure stands on the pillar of UNCCD 2018–2030 Strategic Framework: a comprehensive international commitment to attain Land Degradation Neutrality (LDN) with three core objectives: (i) The restoration of productivity of degraded land, (ii) Enhancing the livelihoods of people dependent on them, (iii) Mitigating the impact of droughts on vulnerable populations.
5.1 Reclamation of vulnerable coal mined sites
The restoration of vulnerable coal mined sites requires a holistic and sequential planning. The core focus is to be given on developing nature-based solutions (Nbs) as proposed by International Union for Conservation of Nature and Natural Resources-Commission on Ecosystem Management (IUCN-CEM) (Fu, 2021; Thakur et al., 2024). The two-pronged strategy of any comprehensive eco-restoration plan includes both ecological integrity and socio-economic development (Gong, et al., 2020). Sustainable Ecosystem Restoration (SER) stands on the pillar of solving a cascade of cross-cutting issues such as regional ecological conflicts, reconstruction of damaged ecosystems, and Zero Ecosystem Degradation (Swamy and Darro. 2023; Suding, 2011). Disturbed landscapes as a result of coal mining and mine spoils demand urgent attention as a top priority site for implementing land reclamation as well as eco-restoration measures due to it is extreme vulnerability to land degradation. The path towards sustainable coal mining and reclamation advocates for a comprehensive Ecosystem Reclamation Approach (ERA) (Feng et al., 2019), which aims to rebuild ecosystem services previously provided by the landscape. The five distinct phases suggested for the reclamation of mine soil are as follows: i) geomorphic reshaping, ii) soil reconstruction, iii) hydrological stability, iv) vegetation restoration, v) phytoremediation, and vi) landscape rebuilding and approach for reclamation of degraded coal mine areas is illustrated in Figure 7.
Geomorphic reshaping is fundamental for achieving effective reclamation, guiding subsequent phases (Macdonald et al., 2015; Bandyopadhyay et al., 2020). At the microsite level, reclamation influences initial topography and contributes to long-term stability through soil texture and arrangement (Macdonald et al., 2015). Soil reconstruction addresses compaction, acidity, and carbon loss using natural and artificial methods (DeFries and Eshleman, 2004; Zipper et al., 2015). Organic additions aid nutrient cycling, while proper placement of salvaged materials restores soil quality (Frouz et al., 2011). Hydrological stability is tied to soil and vegetation restoration (Townsend et al., 2009; Macdonald et al., 2015; Zapico et al., 2018), with loose materials enhancing water flow and recharge (Frouz et al., 2011). Effective landform design manages moisture and water movement, supported by vegetation that mitigates erosion, requiring integrated erosion control approaches (Townsend et al., 2009).
The importance of vegetation in reclamation has been validated by prior studies (Frouz et al., 2011; Macdonald et al., 2015; Zipper et al., 2015; Pandey et al., 2022). Plant communities’ composition is influenced by landform changes, restoration techniques, hydrology, and landscape design, impacting ecosystem services and soil development. Enhanced plant-soil interactions promote nutrient cycling, soil biota development, infiltration, and water retention. Mixed plantations are recommended for resilience against pests and environmental stressors, fostering diverse habitats and reducing competition (Macdonald et al., 2015; Zapico et al., 2018). Despite slower establishment, mixed plantations improve surface conditions through synergistic soil-plant interactions. Landscape reconstruction and geomorphic reshaping occur across scales, affecting topography, hydrology, soil properties, and vegetation establishment (Macdonald et al., 2015). These processes, along with gardening and recreational methods, enhance mine soil properties and provide various ecosystem services.
Coal mining activities inadvertently contaminate the soil by releasing heavy metals such as arsenic (As), cadmium (Cd), chromium (Cr), copper (Cu), mercury (Hg), nickel (Ni), and lead (Pb) etc. Through waste dumping and the leaching of water from mine soils into the surrounding environment (Dutta and Zaman, 2022). These elements are toxic, creating stress conditions by interfering with biochemical or physiological processes obstruct uptake and translocation of nutrients and water, and affecting photosynthesis thus retarding growth and development of plants. Moreover, they are hazardous and even carcinogenic to human beings at mild concentrations can enhance ecological risk. The organic amendments, biofertilizers and mycorrihzal fungi along with suitable plant species are useful in remediation of polluted mine spoils. Phytoremediation is an economically and environmentally sound option, where plants are grown, to remove or stabilize the contaminated site by eliminating toxic heavy metal pollutants mainly by the process of phyto-stabilization phyto extraction and phytovolatilization to mitigate the risks and vulnerability (Figure 8). A proposed novel eco-restorative strategy through wetland plant Typha latifolia and HM phytoremediation using a micro-biotechnological approach for reclamation of degraded coal mine areas is illustrated in Figure 9. Plants employed for phytoremediation also have the ability to tolerate and accumulate multiple metals in their above-ground and belowground tissues (Mukherjee et al., 2017; Barya et al., 2020a; b). Phytoremediation is considered more effective for native microbial communities than human induced bioaugmentation (Bandyopadhyay et al., 2020; Thakur et al., 2023). The different mechanisms of Phytoremediation is depicted in Figure 8.
[image: Figure 8]FIGURE 8 | The figure depicts the mechanism of Phytoremediation and its types. (Figure adapted from Rohrbacher et al., 2016 and due permission taken from authors.).
[image: Figure 9]FIGURE 9 | Different approaches of Phytoremediation employing the wetland plants are in practice for land reclamation of coal mine areas. The plant depicted in the figure is Typha latifolia used in phytoremediation across the world.
Phytostabilization involves heavy metal accumulation or valence reduction in the rhizosphere, limiting their mobility and absorption into root tissues or cell walls (Mukherjee et al., 2017; Bandyopadhyay et al., 2020). This process detoxifies soil health by plant defense mechanisms, stabilizing heavy metals and preventing leaching and dispersion (Mukherjee et al., 2017). Unlike phytoextraction, phytostabilization does not require disposing of hazardous biomass (Bandyopadhyay et al., 2020). Phytoextraction, a newer phytoremediation method, involves plants absorbing and storing heavy metals in their above-ground biomass (Ali et al., 2013; Zapico et al., 2018), offering a commercial and permanent decontamination solution by removing heavy metals from soil. Phytovolatilization, another phytoremediation process, transforms heavy metals like Hg, As, and Se into volatile forms within plants, subsequently releasing them into the atmosphere (Tangahu et al., 2011).
The plant species chosen for phytoremediation in coal mine-polluted sites should possess specific traits: fast growth, high biomass production, deep roots, natural hyperaccumulation ability, or genetic engineering (Ali et al., 2013). These plants detoxify heavy metals, improve soil quality, prevent erosion, resist pests, and enhance biodiversity, aiding in ecosystem self-sustainability. The native species of Albizia lebbeck, Albizia procera, Dalbergia sissoo and Dendrocalamus strictus along with local shrubs and grasses Saccharum spontaneum, Cynodon dactylon, Eulaliopsis binata, Croton oblongifolius, Lantana indica were found promising for reducing heavy metal concentrations over exotic Eucalyptus teriticornis and Leucaena leucocephala for phytoremediation in coal mine areas (Thakur et al., 2022c; Pandey et al., 2022), however site specific evaluation of species is necessary as the degree of decontamination depend interaction of site and environment. Further research is needed to understand the effects of heavy metal-enriched biomass from natural or transgenic hyperaccumulating trees on various ecological components. Phytoremediation methods can detoxify mining sites from heavy metals, enabling future agricultural or forestry use, enhancing ecosystem services, and benefiting local communities. Balancing the importance of coal mining for industrial growth in Central India with its significant environmental impacts necessitates a strategic approach to restoration. Effective governance must prioritize restoration efforts, considering the substantial hazards to both environment and human health. Specific mechanisms should be integrated to address the unique challenges posed by coal mining degradation. Comprehensive environmental development measures should be implemented alongside mining activities, requiring collaboration among mine authorities, local entities, environmental organizations, NGOs, and communities to execute targeted eco-restoration plans, particularly in highly vulnerable degraded sites. We propose an integrated approach involving the combinatorial use of grasses, shrubs, and trees, enhanced with biofertilizers and organic soil amendments, for phytobial remediation of toxic pollutants. This method aims to facilitate the reclamation and revegetation of degraded coal landscapes. By increasing the phytocover and improving topsoil quality, this strategy seeks to restore soil fertility and support the long-term ecological rehabilitation of these areas (Barya et al., 2020b; Thakur et al., 2024).
6 CONCLUSION
The study conducted a comprehensive assessment of coal mining’s impact on decadal land use dynamics and developed a Land Degradation Vulnerability Index (LDVI) to prioritize areas for eco-restoration. It serves as a benchmark for further research on mining-induced land degradation. Over 28 years, significant changes were observed in Land Use and Land Cover (LULC) due to increased mining activities, leading to the loss of natural forest areas and water bodies, and disruptions in agricultural land use. Despite reclamation efforts through tree plantations, the rate of land degradation remains high near mines and overburdens, indicating the need for integrated restoration approaches involving biological, engineering, and chemical methods.
Sustainable land management practices are recommended for moderately to low vulnerable lands, while highly vulnerable areas require intensified restoration efforts. Scaling up restoration operations with stakeholder involvement is essential for holistic development and achieving the Sustainable Development Goals (SDGs), particularly the goal of zero net land degradation by 2030. The study’s findings provide valuable insights for planners and policymakers to develop sustainable land management practices and implement effective reclamation measures for eco-restoration in coal-mined areas, promoting sustainable development.
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