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Abstract

:

Mining activities are the primary human-induced disturbances on plant communities in various ecosystems, and they also are important for implementing strategies of ecological protection and restoration based on them. The effects of underwater mining on plant communities in wetland ecosystems, however, are seldom demonstrated, and it is also difficult to accurately evaluate the state of plant communities’ condition, considering the dynamic and randomness of plant communities under multiple factors, including climate, mining, and other human activities. To address these issues, a “Status-Habitat-Potential” (SHP) model has been developed, with nine indicators from the status, habitat, and potential of plant communities, and the plant communities in the Nansi Lake mining area are evaluated to illustrate the effects of underwater mining. Time series remote sensing images from Sentinel-2 and Google Earth Engine are applied. Comparison analysis, Global Moran’s index, and hot and cold analysis are also used to demonstrate the spatial characteristics of the SHP index. Results show that the SHP index varies between 0 and 0.57 and shows a high aggregation pattern according to the Global Moran’s index (0.41), with high and low values aggregating in the center of the lake and living areas, respectively. The SHP index between subsidence and contrast areas shows no significant difference (at p < 0.05), indicating little effect of mining subsidence on plant communities directly. Overall, underwater mining would not cause as obvious effects on plant communities as underground mining, but human activities accompanied by mining activities will result in the loss of plant communities around lake shores and river channels. This study put forward a new model to evaluate plant communities in terms of their status, habitat, and potential, which could also be used to illustrate other long-term effects of disturbances on plant communities.
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1. Introduction


Conflicts between coal mining and ecological conservation have become a significant factor that constrains the sustainable development of mining areas. In underground mining areas, coal mining has caused serious impacts on surface ecosystems [1,2,3,4], especially on plant communities, often resulting in deaths or damage to plants [5], and degradation of plant communities [6]. Evaluating plant communities and quantifying the effects of mining have become important parts of ecological protection and restoration in mining areas [7]. Among all underground mining areas, underwater mining is a special type, because the surface hazards caused by underwater mining are often overlooked due to being covered by water, and the impact of underwater mining on plant communities is ignored as well. To develop appropriate strategies and management measures for ecological conservation, it is necessary to evaluate plant communities under the disturbance of underwater mining.



The impacts of underwater mining on wetland plant communities have been a subject of controversy. It is widely believed that waterlogging areas formed by underground mining in high groundwater areas provide new habitats and abundant water sources, thus promoting the development of plant communities [8,9]. Similarly, some studies suggest that subsidence caused by underwater mining increases the depth and capacity of water [10,11], which would also benefit wetland plants [12]. Additionally, subsidence may also create diverse habitats, which favors the increase in species diversity [11]. On the contrary, some studies argued that changes in the water depth can affect the development of existing plant communities [13,14,15]. For example, increased water depth may result in the loss of living space for some emergent plants and limit their survival [16]. Ground cracks associated with subsidence can lead to water resource loss [17,18], causing the mined wetlands to remain drier with shorter water retention times and less spatial variation compared to undisturbed wetlands. Overall, there are still differing opinions on the effects of underwater coal mining on plant communities, which undoubtedly leads to difficulties in developing wetland ecological conservation policies.



Unstable dynamic changes in wetland plant communities are responsible for the divergence of opinions on the impacts of underwater mining. Wetland plant communities are influenced by various climatic factors such as rainfall and temperature [19,20], showing fluctuations in water levels between different years [21], which can cause changes in the coverage, type, and density of plant communities [22,23,24], and thus, wetland ecosystems exhibit randomness and volatility in the changes in plant communities [25,26]. Moreover, based on the disturbance characteristics of underground mining, the disturbance process may persist for 1–2 years [27], while plant growth and changes in communities are also long-term and slow processes [28]. However, previous studies mostly reflected the influences on plant communities through changes observed between different years [29,30,31], making it difficult to objectively and accurately reflect the dense dynamic of wetland plant communities. To reveal the impact of underground coal mining on plant communities, it is necessary to develop new methods for quantitatively evaluating wetland plant communities.



The goal of this study was to develop a new model for the evaluation of plant communities in underwater mining areas and to illustrate the impacts of underwater mining on wetland plant communities. The Nansi Lake, China was selected as the study area. The main objectives of this research were to (1) propose a quantitative model to evaluate plant communities in underwater mining areas while considering the fluctuation of plant communities under the driving effects of natural force, and (2) illustrate the impacts of underwater mining on wetland plant communities in the Nansi Lake.




2. Materials and Methods


2.1. Study Area


Nansihu Wetland (116°34′–117°24′ E, 34°27′–35°20′ N) is located in the northern part of the Huai River Basin in East China. It is the sixth largest freshwater lake in China and the most important natural reservoir in Shandong Province (Figure 1). The lake covers an area of 1289 km2 and serves as an important water supply channel, as well as a reservoir for the South-to-North Water Transfer Project. Apart from the Beijing and Hangzhou channels, the average depth of the lake is close to 1.5 m. Its capacity is approximately 6.37 × 109 m3, receiving drainage from 54 rivers. During flood periods, the lake becomes a shallow, open-plain grassland lake. The water flows from north to south and eventually merges with the ocean through the Huai River. The lake falls within the warm temperate monsoon climate zone, with an average annual temperature of 13.7 °C. The average annual rainfall ranges from 550 to 720 mm, with nearly 60% concentrated in the rainy summer months. The average annual natural runoff is 2.96 × 1010 m3.



There are seven coal mines currently being mined under Nansihu Lake. The average total thickness of the coal seams is 5.78 m, accounting for 82% of the total thickness of economically viable coal seams. The coal quality is medium grade. Fully mechanized caving longwall mining and thin coal seam comprehensive mechanized mining technologies are employed. The mining depth ranges from −90 m to −1500 m in multiple coal seams. The annual production capacity is 12 million tons. By 2020, a total of 61.6 km2 subsidence was caused by mining activities (Figure 1).




2.2. “Status-Habitat-Potential” Model for Plant Communities


A quantitative model for evaluation of plant communities in wetland ecosystems from the perspectives of the status, habitat, and potential are developed in this research. The status of plant communities, which can be represented by various plant indicators and remote sensing indices, such as plant coverage, richness, and density, as well as normalized difference vegetation index (NDVI), is able to reflect the structure and function of the community. The habitat where plant communities are located is equally significant to them, including factors such as soil, topography, and hydrology, which can be demonstrated by soil organic matter, slopes, and water content, as well as some remote sensing indices, such as normalized difference water index (NDWI). The elements of habitat determine whether a plant community has a stable growing environment and sufficient access to energy, nutrients, and water, during growth and succession processes. The potential of plant communities is important in indicating their development in the future and is often related to the resilience, resistance, and stability of the plant communities, which should also be considered in evaluation and can be assessed based on previous changes in plant communities. Therefore, a “Status-Habitat-Potential” model for plant communities, including nine indicators, is put forward, as shown in Figure 2, to make a comprehensive evaluation of underwater mining areas.



Considering the spatial and temporal characteristics of plant communities, as well as their habitats in wetland ecosystems, NDVI and NDWI were selected as the basic parameters of plant communities and habitats. Because the effects of climate, phenology, and underwater mining on plant communities could vary over a long period of time, it would be inaccurate to evaluate plant communities by the NDVI or NDWI at a single time point. To address this issue, a total of nine indicators based on time series NDVI and NDWI revealing the status, habitat and potential of plant communities were selected: (1) plant types, (2) NDVI minimum, (3) NDVI maximum, (4) average NDWI, (5) variance of NDWI, (6) water coverage frequency, (7) variance of NDVI, (8) trend of NDVI and (9) Kendall’s tau-b coefficient. The definitions and equations of each indicator are shown as follows.



	(1)

	
Plant types







Plant types can reflect the hierarchy of communities and have certain indicative roles in predicting future changes, as well as the development of plant communities. This study selects 2020 as the targeted year, and ESA WorldCover 2020 is selected as the baseline data for plant types. ESA WorldCover 2020 is a global land cover map with a 10 m resolution based on Sentinel-1 and Sentinel-2 data in 2020, which includes 11 land cover categories, namely forest, shrubland, grassland, cropland, built-up areas, bare/sparse vegetation areas, snow and ice, water bodies, herbaceous wetlands, mangroves, and mosses/lichens. Each plant type is evaluated and scored for the calculation of SHP index.



	(2)

	
NDVI maximum







NDVI maximum is the average value of annual maximum NDVI (NDVImax), reflecting the NDVI of vegetation when it is in the best growth conditions. NDVI maximum generally occurs in summer. For the same type of plant community, the larger NDVI maximum indicates that the community has a healthier state under the optimal environment; conversely, it indicates that the community has certain defects and is difficult to fully utilize nutrients. NDVI maximum is calculated by Equation (1):


    N D V I   m a x   =     N D V I   m a x     y   i     n    



(1)




where     N D V I   m a x     y   i     is the maximum value of NDVI in year i, and n is the number of years in this study (i = [1, 2, 3, 4, 5], n = 5).



	(3)

	
NDVI minimum







NDVI minimum is the average value of annual minimum NDVI (NDVImin) and reflects the NDVI of vegetation when it is in the poorest growth conditions, which usually occurs in winter. For the same type of plant community, the larger the NDVI minimum, the stronger the tolerance to cold and drought; conversely, it indicates that the plant community finds it difficult to maintain stability under external disturbances. NDVI minimum is calculated by Equation (2):


    N D V I   m i n   =     N D V I   m i n     y   i     n    



(2)




where     N D V I   m i n     y   i     is the minimum value of NDVI in year i, and n is the number of years in this study (i = [1, 2, 3, 4, 5], n = 5).



	(4)

	
Average NDWI







The average NDWI reflects the average level of water resources in a wetland over a certain period of time. For wetland plant communities, a higher annual average NDWI indicates that vegetation has sufficient water supply to meet its growth requirements. The average NDWI is calculated by Equation (3):


    N D W I   a v e   =     N D W I   j     j    



(3)




where     N D W I   j     is the value of NDVI in image j, and j is the number of images collected in this study (j = 709).



	(5)

	
Variance of NDWI







The variation of NDWI reflects the stability of water bodies in a certain period of time. Generally, stable water bodies tend to maintain similar levels of NDWI, and there is not much variation between different years. On the other hand, unstable water bodies often experience fluctuations in water level due to factors like rainfall. These fluctuations can limit the growth of aquatic plants and make it difficult for them to survive during dry seasons. The variance of NDWI is calculated by Equation (4):


    N D W I   v a r i a n c e   =     N D W I   s t d       N D W I   m e a n     × 100 %  



(4)




where     N D W I   s t d     and     N D W I   m e a n     are the standard deviation and mean value of NDWI in all images collected in this study.



	(6)

	
Water coverage frequency







Water coverage frequency is the frequency at which a certain area maintains water cover during multiple observations. Similar to NDWI, Water coverage frequency is also an indicator showing the stability of water body and is calculated by comparing the number of times that each pixel is identified as water in the remote sensing images to the total number of remote sensing images. The water coverage frequency is calculated by Equation (5):


  W C F =     n   w a t e r       n   i m a g e     × 100 %  



(5)




where     n   w a t e r     and     n   i m a g e     are the numbers of each pixel being identified as water and remote sensing images, respectively.



	(7)

	
Variance in NDVI







The variation in NDVI can reflect the stability of plant communities facing external interference. A larger variance of NDVI implies more intense vegetation fluctuations, making it more susceptible to disturbances, and it can be considered that plant communities with stronger NDVI stability have greater development potential. The variance of NDVI is calculated by Equation (6):


    N D V I   v a r i a n c e   =     N D V I   s t d       N D V I   m e a n     × 100 %  



(6)




where     N D V I   s t d     and     N D V I   m e a n     are the standard deviation and mean value of NDVI in all images collected in this study.



	(8)

	
Trends in NDVI







Trends in NDVI reflect the overall change direction of plant communities in a certain period, which is an important phenological index in long-term assessment, and is estimated from the linear term of a regression on the full-time series of collected images in this study. In this study, the trend of NDVI is calculated directly by the function of “formaTrend” documented in GEE.



	(9)

	
Kendall’s tau-b rank correlation







Kendall’s tau-b rank correlation coefficient is a measure of the degree of correlation between two ordered variables, applicable when both categorical variables are in an ordered category. The Kendall’s tau-b correlation coefficient ranges from −1 to +1. A value less than 0 represents a negative correlation, greater than 0 represents a positive correlation, and equal to 0 indicates no correlation. The closer the correlation coefficient is to 0, the weaker the correlation; the closer it is to −1 or +1, the stronger the correlation. For time series NDVI data, Kendall’s tau-b rank correlation coefficient calculates the relationship between NDVI and its order, reflecting the trend of NDVI changes over time. This can be used to predict future changes based on the historical vegetation dynamics. In this study, functions built in the GEE platform calculating Kendall’s tau-b rank correlation coefficient are directly applied to process and visualize the NDVI data in the study area.



Based on above nine indicators, a Status-Habitat-Potential (SHP) index is calculated by normalizing and weighting each indicator. The weights of each indicator are determined by the entropy method. The calculation steps of the weight by entropy methods are as follows.



(1) Calculate the proportion of the sth value of the tth indicator as follows:


    p   s t   =     x   s y       ∑  s = 1   n      x   s t       · ( s = 1 , 2 … n , t = 1 , 2 … m )  



(7)







(2) Calculate the entropy of the tth indicator:


    e   t   = − k   ∑  s = 1   n      p   s t   l n ⁡ (   p   s t   )    



(8)




where k > 0 and is given by:


  k =   1   l n ⁡ ( n )    



(9)







(3) Calculate the coefficient of variance for the tth indicator as follows:


    d   t   = 1 −   e   j    



(10)







(4) Calculate the weight as follows:


    ω   t   =     d   t       ∑  t = 1   m      d   t        



(11)




where n and m represent the number of sample points, and the number of indicators, respectively.




2.3. Acquisition and Analysis of Time Series Remote Sensing Images with GEE


Time series remote sensing images are acquired and analyzed via Google Earth Engine (GEE) to calculate indicators of the SHP model, and the spatial characteristics of SHP index are further analyzed (Figure 3). In this study, Sentinel-2 images (Sentinel-2 MSI: MultiSpectral Instrument, Level-2A, ESA) of the study area within 2018 and 2022 are all selected through Google Earth Engine (GEE), which have 13 spectral bands: four bands at 10 m, six bands at 20 m and three bands at 60 m spatial resolution, as well as are atmospherically corrected as surface reflectance product. A total of 709 images were acquired in this study. After that, filtered images are preprocessed by clipping, mosaicking, and stacking to construct time series images, as well as adding the two new bands, NDVI and NDWI, into image collections on GEE (Supplementary Materials S1 and S2). A detailed method of preprocessing with Google Earth Engine Code Editor is provided in the supplement material. Then, various indicators are calculated and normalized based on the time series data. Next, the SHP index is computed with nine indicators and the entropy weighting method. Finally, a comparative analysis between subsidence and contrast areas is used to reflect the effect of underwater mining on plant communities. To demonstrate the spatial characteristics of plant communities under effects of the underwater mining, spatial analysis was also performed with the distribution of SHP index via Global Moran’s index [32] and hot spot analysis [33]. Global Moran’s index is regarded as one of the most widely used methods to estimate spatial autocorrelation of each index, which can effectively characterize the clustering of whole region, and the positive values for Moran’s I suggest positive spatial autocorrelation, while negative values indicate spatial outliers. The function of Global Moran’s index is shown as follows:


  I =   n     S   0     ×     ∑  i = 1   n      ∑  j = 1   n      w   i j       y   i   −   y  ¯          y   j   −   y  ¯          ∑  i = 1   n          y   i   −   y  ¯      2        



(12)






    S   0   =   ∑  i = 1   n      ∑  j = 1   n      w   i j        



(13)




where   n   is the total number of samples; yi and yj represent SHP indices in the sample at location i and j, respectively;     y  ¯    is the average value of SHP index in all samples;     w   i j     is the spatial weight between sample locations i and j.



Hot spot analysis is a mapping technology that can reveal hidden spatial clusters based on the distance between samples, which can identify locations with statistically significant high and low values in a certain geographic area. Getis-Ord Gi* statistic is a measure of spatial autocorrelation at the local scales, indicating high and low values that are associated with the hot spot and cold spot cluster patterns, respectively. The statistically significant hot spot is returned with high z-scores and small p-values. In contrast, the high negative z-scores and small p-values indicate significant cold spots. The function of Getis-Ord Gi* statistic is shown as follows:


    G   i   ∗   =     ∑  j = 1   n      w   i j     x   j   −   X  ¯    ∑  j = 1   n      w   i j              n   ∑  j = 1   n        w   i j     2     −       ∑  j = 1   n      w   i j         2       n − 1       



(14)




where i is the center of the local neighborhood; xj is the SHP index in the sample at location j;     w   i j     is the spatial weight between sample locations i and j; n is the total number of samples.



Due to the difference in dimensions, units, and meanings among SHP indicators, indicators should be normalized before calculating the SHP index. Each plant type is scored based on its significance in function to wetland ecosystems, and the scoring table is shown in Table 1. Tree cover, shrubland, and grassland are scored based on the hierarchy of plant community, with scores of 1, 0.8, and 0.6, respectively; herbaceous wetland, permanent water bodies, and bare/sparse vegetation, are scored according to the suitability for wetland vegetation, with scores of 0.8, 0.4, and 0.2, respectively; considering the intensive human activities on cropland and built-up, which make it difficult for wetland plants to survive, they are both scored with 0. For positively correlated indicators, including NDVI minimum, NDVI maximum, average NDWI, water coverage frequency, trend of NDVI, and Kendall’s tau-b rank correlation, larger values indicate better plant community conditions and greater stability. Therefore, the normalization with maximum and minimum values is applied. As for negatively correlated indicators, including variances of NDVI and NDWI, larger values indicate greater fluctuation of plant communities, and thus, reciprocal processing is performed before normalization with maximum and minimum values. The normalized value of each indicator is calculated by Equation (12):


    I   n o r m a l i z a t i o n   =     I   j       I   m a x   −   I   m i n     × 100 %  



(15)




where     I   j     is the value of indicator j, and     I   m a x     and     I   m i n     are the maximum and minimum of indicator j among all images (j = 9).




2.4. Statistical and Spatial Analysis


Analysis of variance was performed to analyze the variation of SHP index between subsidence and contrast areas by random points selected within two areas. Significant differences between subsidence and contrast areas were evaluated at the 0.05 level with a Duncan test. All data were analyzed using SPSS 20.0 and MATLAB software R2023a; diagrams were made using Origin 9 software; Global Moran’s index and hot spot analysis were calculated and performed in ArcMap 10.6 software.





3. Results


3.1. Status-Habitat-Potential Indicators of Plant Communities in Nansi Lake


The Status-Habitat-Potential indicators of plant communities in Nansi Lake are shown in Figure 4. In 2020, the plant communities in Nansi Lake consist of trees, shrubs, grass, and herbaceous wetland vegetation. The NDVI maximum ranges from −0.37 to 0.95, while the low-value part is mainly located at built-up and bare land, and the highest value reaching 0.95 indicates that the regional vegetation is extremely lush, and mainly distributed around lakes. The NDVI minimum ranges from −0.95 to 0.03. The low values of the NDVI minimum are mainly concentrated in land areas such as woodland, cultivated land, and grassland, while the high values are distributed around water bodies, indicating that the plant community in the study area is almost unable to survive in winter.



The average NDWI ranges from −0.66 to 0.5, and the high-value areas are mainly water bodies and some plant-cover areas, while the low-value areas are those without water or plants such as built-up and bare land. The variance of NDWI varied between −10 and 10, and the areas with large variation are generally those where land cover types changed, such as cultivated land transforming into water bodies, bare land transforming into water bodies, or the opposite type. In terms of water coverage frequency, the margins of Nansi Lake are obviously greater than the central part of the lake, indicating greater fluctuations in the habitats of plant communities.



The variation of NDVI is between 0 and 0.23, compared with the NDWI variation, and it can be found that the changes in NDVI are relatively small. The high-value area of the NDVI variation is located at the junction of water and land, while the central part of the lake maintains a low variance in NDVI. The trend of NDVI ranges from −0.005 to 0.007 and the areas with positive values are mainly concentrated in the center of the lake, while the values in areas with dense human activities such as lakeshores are mostly negative. In addition, NDVI Kendall’s tau-b rank correlation coefficient also reflects the changing trend of plant communities, with values ranging from −0.63 to 0.69, which show a more obvious trend than NDVI variance because it only establishes a correlation rather than a quantitative relationship between time series and NDVI. Similarly, the central area of the lake shows a higher positive trend than the edge areas of Nansi Lake. Based on the original values of Status-Habitat-Potential indicators, the normalized values of each indicator are calculated, which will be further applied to estimate the SHP index with the entropy method.




3.2. Distribution and Spatial Characteristics of SHP Index in Nansi Lake


The distribution of the SHP index is shown in Figure 5, and the spatial characteristics of SHP indices are analyzed with Global Moran’s index and hot spot analysis. The weights of the SHP indicators vary between 0.08–0.12, indicating a similar significance for each indicator (Table 2), and the SHP index is calculated according to the weights of each indicator. The SHP index of plant communities in Nansi Lake is between 0 and 0.57, with high-value areas concentrated in the central part of the lake, which is covered by water bodies, trees, and herbaceous wetlands in terms of land cover. Overall, the SHP index in Nansi Lake is generally at a medium level.



The spatial characteristics of SHP indices are analyzed with Global Moran’s index (Table 3) and hot spot analysis. From the perspective of spatial distribution, the Global Moran’s index is 0.41, with z score equaling 456.32 and p equaling 0, indicating an aggregated pattern in Nansi Lake. Furthermore, the hot and cold spots are analyzed and distributed as shown in Figure 6. The high values of the SHP index mostly aggregate in the central part of the lake, while the low values of the SHP index mainly aggregate in areas that are cropland and built up, and the SHP index in other areas is not randomly distributed.




3.3. Comparison of SHP Index between Subsidence and Contrast Areas


Differences in the SHP index of plant communities between the subsidence and contrast areas in Nansi Lake are demonstrated by comparing the values of random sample points within two areas. Based on the spatial distribution map of mining subsidence obtained from local mine enterprises, Nansi Lake is divided into subsidence and contrast areas, as shown in Figure 7.



Considering the difference in the areas of subsidence and contrast areas, 100 and 1000 random points are selected to compare their values of SHP index, and one-way ANOVA is performed (Figure 8). Results show that the average SHP index in the subsidence area is 0.34 ± 0.12, while the SHP index in the contrast area is 0.32 ± 0.1, with no significant difference in SHP index between two areas at p < 0.05, which indicates that underwater mining has limited impact on the status, habitat, and potential of the plant communities.





4. Discussion


4.1. Effects of Underwater Mining on Plant Communities in Wetland Ecosystems


Ground subsidence caused by underwater mining did not have significant impacts on plant communities. Ground subsidence has been considered as the main form of disturbance in underground mining areas, contributing to waterlogging and loss of plant communities [34,35,36]. However, it is worth noting that there are differences between the underwater mining areas and the lake caused by waterlogging, in terms of the changes in soil properties, species composition, and water properties. Waterlogging caused by mining subsidence would transform terrestrial ecosystems into wetland ecosystems, resulting in a complete change for original plant communities, while underwater mining mainly leads to fluctuations in the soil properties, species composition, and water level of subsidence areas. Therefore, it is necessary to distinguish the effects of subsidence induced by underground and underwater plant communities. In this study, significant differences were not found by comparing the SHP index between the subsidence and contrast areas, indicating that plant communities did not undergo dramatic changes in the subsidence areas. This may be due to the following reasons: (1) The offset of positive and negative effects of mining subsidence. Firstly, subsidence will alter the topography of the lake bottom, increase water depth, and influence soil properties, which could limit the growth of some emergent and submerged plants. Some terrestrial plants could also sink into the water and die (as shown in Figure 9a). New wetlands will appear in the subsidence areas with low depth (As shown in Figure 9b), thus recovering the number of wetland plant communities. Therefore, the positive and negative effects of underwater mining could enable plant communities in the subsidence areas stable on the whole. (2) The resilience of plant communities. Plant individuals and communities both have the ability to resist external interferences to a certain extent, that is, resilience [37], which allows vegetation to maintain structural and functional stability after subsidence and can recover within a certain threshold. Based on the above two reasons, the plant community in the subsidence area may not be severely affected by underwater mining within a certain time scale.



However, human activities accompanying coal mining under the lake may have a greater impact on wetland plant communities. According to the distribution of the SHP index, it can be found that river courses, lake shores, and estuaries, are areas with low SHP, which is largely due to the influence of human activities. Underground mining areas are generally accompanied by various human activities, such as agricultural planting, aquaculture, and coal washing, while coal mining under lakes has more diverse types of human activities. In the underwater mining area, it is easier to form water accumulation areas after subsidence, especially around the lake shore. Since villagers along the lake have been engaged in fish farming for a long time, these areas are often transformed into fish ponds. Therefore, the plant communities in these areas and their surrounding areas are often transformed into fish ponds, leading to human control of the water body (as shown in Figure 10a). A large number of shipping vessels transporting coal is also widely distributed and will cause damage to the plant communities around the river, as well as to the plant communities at the bottom of the river (as shown in Figure 10b). Moreover, the damage caused by subsidence (shown in Figure 10c) will force residents to move to live around the lake (shown in Figure 10d), and the resulting discharge of domestic sewage may lead to water pollution and eutrophication, which will cause severe impacts on the local plant communities [38]. Furthermore, coal mining under lakes in some areas will also have a drastic impact on the regional hydrological system. Subsidence and cracks are likely to result in the destruction of underground aquifers, which may cause the loss of groundwater and the depletion of surface water, causing the original wetland ecosystem to transform into a terrestrial ecosystem. On the other hand, due to the developed water system in the coal mining area under the lake, there is often a closer connection between surface water, groundwater, and mine water, and the resulting water pollution problems (such as polycyclic aromatic hydrocarbons [39,40]) are also significantly more than those of other types. In general, the subsidence caused by coal mining under the lake has both positive and negative effects on the plant community. Overall, plant communities in subsidence areas may not be significantly different from those in surrounding areas, but various coal-related human activities will have a significant impact on plant communities.



Differences in the temporal and spatial scales, as well as evaluation targets between the SHP model developed in this research and previous methods, could contribute to a diverse insight into the effect of underwater mining on plant communities. Most of the evaluation models for the plant community only focus on their status at a certain time point, and the statuses at different time points were compared directly to show the effects of disturbances. In the SHP model, the plant communities were evaluated from three different dimensions: status, habitat, and potential, which would lead to a different result compared with those methods considering status only in some cases. For example, some species in a community could be influenced by mining-induced subsidence and extinct, and the status of the plant community will decline in the short term. However, the habitat and potential of this community could remain stable, because other plant species are likely to substitute and survive after subsidence, indicating that the status of this plant community could recover. Therefore, the plant community in the above case could be considered less impacted according to the evaluation result in the SHP model than in other methods. From the perspectives of the temporal–spatial scale, the SHP model applies time series remote sensing images to evaluate plant communities for long time scales while considering the annual development of plant communities, driven by natural force, which not only eliminates the annual deviance between different months, but also the interannual deviance between various years, and thus, the evaluation results from SHP model could be more accurate than those methods using images at single time points. In terms of the spatial scale, the SHP model focuses on the overall conditions of plant communities within the pixel range of remote sensing images, which would inevitably ignore some changes in small scales, such as the death of one plant and the fluctuation of a community, showing a different evaluation result when compared with that in small scale research. Overall, based on the temporal and spatial scales, as well as evaluation targets of the SHP model, underwater mining could have a relatively small effect on plant communities.




4.2. Spatial Characteristics of Plant Communities in Underwater Mining Areas and Strategies for Protection


Under the multiple effects of underwater mining and accompanying human activities, lake shores, and river channels become areas with the most obvious fluctuations in plant communities. According to the results of the hot spot analysis and the Global Moran index, it can be found that there is an aggregated pattern in the plant communities of the Nansi Lake mining area. Hot spots and cold spots are concentrated in the center of the lake and the living area, respectively, while the SHP index in other areas shows a random distribution, especially on lake shores and river channels. As shown above, lakeshores and rivers are areas with intensive human activities in this region, including coal shipping, aquaculture, irrigation, and other activities, while these areas are also areas where water and land interact, which is generally believed to have the highest vegetation diversity. But relatively, these areas are also the most sensitive to changes in climate factors, especially water level fluctuations caused by inter-annual rainfall differences. Changes in water levels will not provide a stable habitat for plant communities, thus limiting the succession, and making it unsuitable for the emergence as well as growth of many perennial plants. Therefore, under the multiple effects of climate fluctuations and human activities, lake shores and river channels are the main areas where plant communities in underwater mining areas are damaged.



According to the spatial characteristics of plant communities and human activities in underwater mining areas, targeted strategies for ecological protection and restoration need to be carried out. (1) Identifying the primary disturbances in underwater mining areas. It is commonly believed that subsidence was the most dramatic disturbance in underground mining areas, while the results of the evaluation in the Nansi Lake mining area provide a novel finding, indicating diverse effects of mining activities under different geological environments and land covers. Therefore, as for underwater mining areas, a systematic evaluation should be performed to identify the primary disturbances for ecological conservation and management in the study area. (2) Delineating reasonably the mining scope based on surface coverage types. According to the general rules of mining-induced subsidence, the depth of subsidence increases with the recommendation of the coal mining working face, until reaching the regional maximum subsidence value at full mining or super-full mining scenarios. Therefore, the scope of the subsidence can be determined before implementation through subsidence prediction, which should be distributed on the deeper lakes or river channels in the area, thereby avoiding or reducing damages to land, shoals, and lakeside plant communities due to large-scale and long-depth subsidence. (3) Formulating a restoration plan based on the spatial characteristics of the subsidence and water-logging areas. The formed subsidence and water-logging areas can be restored to different forms according to their spatial location, subsidence depth, and landscape characteristics. For example, some water accumulation areas with a deeper subsidence depth and closer to the shore can be reclaimed into cropland by covering it with soil. Some waterlogged areas with deep subsidence and poor connectivity to the lake can be selectively transformed into aquaculture areas, while those waterlogged areas located on both sides of the lakeshore and closely connected with the lake can be planted with wetland vegetation, to maintain the dynamic balance of the total wetland plant community. (4) Formulating protection plans based on regional production and lifestyle. In the Nansi Lake mining area, coal shipping, coal washing, and aquaculture are the main human disturbances to the regional plant community compared to mining subsidence. It is necessary to delineate protection scopes for these human activities, such as clearing industrial facilities, aquaculture fences, and residential areas on both sides of the river to reduce human interference, and gradually eliminate these disturbances through industrial transformation and establishment of protected areas. Overall, mining has always been considered a strong human disturbance, and most of the strategies for ecological protection and restoration have been implemented around mining disturbance. However, the various human activities associated with underwater mining should be the first priority in the protection strategy, targeted actions should be carried out for these disturbances rather than for mining activities.




4.3. Potentials for Application of Time Series Images in the Evaluation of Plant Communities


The dynamic characteristics of plant growth and community succession cannot be evaluated through one single remote-sensing image at a single time point. As the most important ecological element in the terrestrial ecosystem, the plant is an intuitive reflection of regional ecological conditions [41]. Therefore, the evaluation of plant communities is widely applied in the planning, restoration, and management of ecosystems [42]. Although the application of remote sensing technology has greatly reduced the subjectivity and randomness of traditional field surveys, remote sensing images at a single time point still have certain limitations and cannot accurately reflect the dynamic change process of plant communities. First of all, there are certain differences in the structural parameters such as coverage, diversity, and biomass of plant communities in different years. The leaf area, water content, and chlorophyll content of plants also change within one year. Remote sensing images at a single time point can only reflect the status of the plant community at the time of investigation, which reduces the representativeness of the overall status of the regional plant community, and it is also difficult to reflect the dynamic change process of plant communities. Moreover, remote sensing images are easily affected by factors such as cloud cover, ice, and snow coverage, leading to enormous noise in the remote sensing data. At last, the complexity of factors involving changes in vegetation could also prevent acquiring a clear insight into the effects on plant communities. The succession of plant communities is under the combined effects of different factors, such as soil, climate, and human activities, showing natural seasonal cycles and fluctuations. Therefore, it would be hard to distinguish the specified effect of one factor from combined effects.



Time series remote sensing images have great potential in the evaluation of plant communities. With the increase in the categories and amount of open satellite remote sensing image data, such as Landsat, Sentinel, and GF series of remote sensing satellites, and the improvement of spatial resolution, as well as the increasing maturity of remote sensing cloud platforms, such as GEE, time series remote sensing has been widely applied in the monitoring and evaluation of ecosystems [43,44,45]. In terms of evaluation for plant communities, time series remote sensing mainly has the following advantages: (1) Reflecting the multi-dimensional characteristics of vegetation. Time series remote sensing can obtain the average value of plant indicators and thereby can be more accurate in reflecting the average level of its status. In addition, it can reflect the growth trend of dynamic changes in plant communities based on the variance, slope, and entropy of different plant indicators. For instance, the normalized spectral entropy was used to quantify the resilience of plant communities [46]. (2) Reflecting the impact of different disturbances on plant communities. When revealing the impact of disturbances on plant communities, it has been common in the past to evaluate and compare the status of plant communities in different years. However, this kind of method ignores the long-term impacts of some disturbances, such as subsidence, drought, and decline of groundwater level, which will last for years or months. Thus, impacts on plant communities from long-term disturbances may last for several years as well, forcing the plant community to gradually degrade. However, the comparison of plant communities at different years can easily ignore the degradation of plant communities, which is often simply attributed to the changes in plant types. Therefore, it is necessary to restore the complete process of plant community changes through time series remote sensing. (3) Improving the robustness of evaluation results. By collecting all available remote sensing data in the study area, time series indicators can effectively avoid errors resulting from missing data. Combining time series remote sensing algorithms can also eliminate outliers caused by data noise, thereby improving the accuracy and objectivity of the evaluation results. All in all, compared with traditional single-time point remote sensing images, time series remote sensing images have been significantly improved in terms of data quality, information dimension, and scope of application, and are especially suitable for the evaluation of plant communities under long-term disturbances. However, it is also worthwhile that although the time series remote sensing images can picture a relatively complete changing process of plant communities, other factors involved in the development of plant communities are still difficult to distinguish, and targeted models should be developed based on different purples.





5. Conclusions


This study put forward a “Status-Habitat-Potential” model to evaluate the plant communities in underwater mining areas, with nine indicators from the status, habitat, and potentials of plant communities, and the plant communities in the Nansi Lake mining area evaluated. The results show that the SHP index in Nansi Lake varies between 0 and 0.57, and shows a high aggregation pattern according to Global Moran’s index (0.41), with high and low values of SHP index aggregating in the center of the lake and living areas, respectively, based on hot spot analysis. By comparing the values of the SHP index between subsidence and contrast areas, the plant communities are not significantly influenced by subsidence resulting from underwater mining. However, human activities accompanying underwater mining, such as coal shipping, aquaculture, and domestic wastewater, are the main disturbances in underwater mining areas, which limit the development of plant communities in the wetland ecosystem, especially for those around lake shores and river channels. The evaluation model developed in this study provides an approach to comprehensively reveal the status, habitat, and potential of plant communities in wetland ecosystems, and the effects of underwater mining on plant communities are illustrated, as well as strategies for protection in underwater mining areas, put forward based on spatial characteristics of plant communities under mining effects, which can provide a reference for ecological conservation and management in similar mining areas.
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Figure 1. Locations of Nansi Lake and subsidence area. 
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Figure 2. Framework of “Status-Habitat-Potential” model and indicators. 
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Figure 3. Flow chart of evaluation for plant communities via SHP model. 
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Figure 4. SHP indicators in Nansi Lake. (a) Plant types, (b) NDVI minimum, (c) NDVI maximum, (d) average NDWI, (e) variance of NDWI, (f) water coverage frequency, (g) variance of NDVI, (h) trends in NDVI and (i) Kendall’s tau-b coefficient. 
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Figure 5. Spatial distribution of SHP index in Nansi Lake. 
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Figure 6. Cold and hot spots of SHP index in Nansi Lake. 
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Figure 7. Distribution of subsidence area in Nansi Lake. 
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Figure 8. SHP indices in the subsidence and contrast areas of Nansi Lake. Different letters indicate significant differences between the SHP indices in the subsidence and contrast areas of Nansi Lake at p < 0.05 based on Duncan’s multiple range test. 
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Figure 9. Effects of mining-induced subsidence with (a) high and (b) low depth on plant communities. 
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Figure 10. Human activities accompanied by underwater mining in Nansi Lake. (a) Fish ponds in the subsidence area, (b) coal shipping, (c) destruction of buildings in the subsidence area, and (