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Abstract: The motivation for this study arises from the need to monitor the condition of a rehabil-
itated post-mining areas even decades after the end of the recovery phase. This can be facilitated
with satellite derived spectral vegetation indices and Geographic Information System (GIS) based
spatiotemporal analysis. The study area described in this work is located in Western Poland and
has unique characteristics, as it was subjected to the combined underground and open pit mining of
lignite deposits that had been shaped by glaciotectonic processes. The mining ended in early 1970’ties
and the area was subjected to reclamation procedures that ended in the 1980’ties. We used the
Normalized Difference Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI) spectral
indices derived from Sentinel-2 data for the 2015–2022. period. Then, we applied a combination of
GIS-based map algebra statistics (local, zonal and combinatorial) and GI* spatial statistics (hot spot
and temporal hot spot) for a complex analysis and assessment of the vegetation cover condition in a
post-mining area thought to be in the rehabilitated phase. The mean values of NDVI and EVI for the
post-mining study area range from 0.48 to 0.64 and 0.24 to 0.31 and are stable in the analyzed 8 year
period. This indicates general good condition of the vegetation and post-recovery phase of the area
of interest. However, the combination of spatiotemporal analysis allowed us to identify statistically
significant clusters of higher and lower values of the vegetation indices and change of vegetation
cover classes on 3% of the study area. These clusters signify the occurrence of local processes such
as, the encroachment of aquatic vegetation in waterlogged subsidence basins, and growth of low
vegetation in old pits filled with waste material, barren earth zones on external waste dumps, as well
as present-day forest management activities. We have confirmed that significant vegetation changes
related to former mining occur even five decades later. Furthermore, we identified clusters of the
highest values that are associated with zones of older, healthy forest and deciduous tree species. The
results confirmed applicability of Sentinel-2 derived vegetation indices for studies of post-mining
environment and for the detection of local phenomena related to natural landscaping processes still
taking place in the study area. The methodology adopted for this study consisting of a combination
of GIS-based data mining methods can be used in combination or separately in other areas of interest,
as well as aid their sustainable management.

Keywords: underground mining; open pit mining; glaciotectonic; remote sensing; Sentinel-2; GIS;
spatial statistics; combinatorial change detection

1. Introduction
1.1. Post-Mining Reclamation

Reclamation is a stage of mining operation focused on creating new or restoring the
former use and natural values of an area degraded by extraction of mineral resources [1,2].
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Reclamation can be aimed at reforestation, agriculture, creation of artificial water bodies (in
flooded open pits), creation of recreational sites or a combination of these land uses [1,3,4].
Sometimes the post-mining sites are left to natural landscaping processes [5,6].

The number of post-mining areas worldwide is growing and requires effective and
reliable methods of monitoring their condition. Kretschmann & Nguyen [7] argue that the
processes affecting the post-mining environment are continuous and should be treated as
eternal tasks. Therefore, post-mining sites should be subjected to permanent monitoring [8],
also in the rehabilitated phase. However, it is often limited in scope or neglected in time
due to, among other things, high costs of such procedures.

In terms of the condition of the environment, Yang et al. [9] identify two change
points in a mine operation life cycle. These are the start of the environment disturbance (t1)
caused by mining and the beginning of environment recovery (t4) with the introduction
of reclamation and development procedures. In addition, a point of disturbance to post-
mining recovery of the environment can occur (t5) due to potential secondary effects of
mining, e.g., secondary subsidence [10] or incorrect reclamation measures [7,9]. These
change points have been illustrated in Figure 1. In our study we focus on the rehabilitated
phase of the mine life cycle.
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Figure 1. Vegetation condition trajectory in time at a mining site (after Yang et al. [9], modified),
t0—initial condition, t1—start of mining disturbance, t2—mining operation phase, t3—start of reha-
bilitation, t4—end of rehabilitation phase, t5—occurrence of post-mining disturbance, t6—start of
secondary recovery.

1.2. Remote Sensing of Post-Mining Areas

The assessment of the post-mining environment is most often focused on spatiotempo-
ral analysis of vegetation, water or soil conditions. Traditional field monitoring methods are
usually limited to small areas and characterised with low frequency due to the high costs
of in-situ measurements. This approach results in an incomplete picture of the processes
of mine disturbance and rehabilitation of the environment [9,11]. Remotely sensed data
acquired by satellite and airborne platforms such as Unmanned Aerial Vehicles (UAVs)
provide a practical and cost-effective solution for monitoring mining disturbance and
rehabilitation of entire post-mining areas with high spatial and temporal resolution [12,13].
Publicly available open satellite imagery of the Landsat and Sentinel-2 missions already
have been widely and effectively used for assessing, tracking and historical reconstruction
of the environmental conditions and changes in different areas of interest based on anal-
ysis of various spectral indices. For example, vegetation spectral indices are considered
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an indispensable tool in classifying land cover and long-term monitoring of vegetation
changes taking place in various areas, e.g., agriculture land, forest management [14]. Ban-
nari et al. [15] provide comprehensive and well-established chronological overview of
vegetation spectral indices applied in the analysis and monitoring of vegetation cover
starting from the indices proposed by Pearson and Miller [16], i.e., the Ratio Vegetation
Index (RVI) and the Vegetation Index Number (VIN). The review ends with the Modified
Soil Adjusted Vegetation Index (MSAVI) and the Angular Vegetation Index (AVI) described
in [17,18], respectively. Xue and Su [19], based on 138 references, provide an alphabetical
list of as many as 118 vegetation indices with their concise characteristics. A database with
basic characteristics of vegetation spectral indices has been developed by Henrich et al. [20]
and is available at the www.indexdatabase.de webpage (accessed on 22 September 2022).

With regard to monitoring and assessment of vegetation cover condition in post-
mining areas with the use of satellite remote sensing imagery Pawlik et al. [21] have
prepared a review of vegetation indices used for studies of processes in former-mining
environments based on 92 scientific publications published between 1968 and 2020. This
review lists chronologically and concisely describes 42 indices.

In an another study Buczyńska [22] classifies satellite spectral indices that are used for
monitoring of post-mining areas into four categories: vegetation indices, geological indices,
indices used for determining the water content in soils and indices designed to identify
areas damaged by fires. In the first group the author lists 13 indices.

The authors of above publications state that vegetation indices (Vis) obtained from
remote sensing have been used in different applications, one of which is monitoring of
mining and post-mining areas. According to Xue and Su [19] Vis are simple and effective
algorithms for quantitative and qualitative evaluations of vegetation cover, vigour, and
growth dynamics. Noteworthy, recent studies utilising satellite imagery in mining area
studies and listed chronologically include works by: Zipper et al. [23]; Karan et al. [24];
Yao & Wei [25]; Padmanaban et at. [26]; Yang et al. [9]; Li et al. [27]; Wu et al. [28]; Kopeć
et al. [29]; Vidal-Macua et al. [30]; Vorovencii [31]; Guan et al. [32]. A brief summary of
their findings has been given below. Zipper et al. [23] have assessed mine land disturbance
and reclamation process over a 27-years period for the Wise County Appalachian coal field
(USA) with time series analysis of the Normalized Difference Vegetation Index (NDVI)
calculated from Landsat data. Karan et al. [24] have assessed the reclamation process
of coal post-mining area in India based on NDVI and the Enhanced Vegetation Index
(EVI), as well as linear regression and support vector machine (SVM) approach. Yang
et al. [9] have assessed the applicability of the LandTrendr algorithm to detect trajectory
of the vegetation change for the Curragh coal mine site in Australia based on analysis
of the Landsat derived NDVI for the 1988–2015 period. Li et al. [27] have analysed land
cover distribution, mining area damage and recovery process based on the Landsat 5 and
Landsat 8 derived NDVI between 1990–2016 for the Lingbei rare earth mine in China. Yao
and Wei [25] have assessed changes in vegetation condition of a reclaimed mining area
in China through time series analysis of 19 vegetation indices, including NDVI and EVI
and principal component analysis (PCA). Padmanaban et al. [26] have applied Landsat
imagery from 2013–2016 to analyse land cover dynamics, and the increase of wetland areas
over the Kirchheller Heide mine in Germany. The authors have applied Spectral Mixture
Analysis (SMA) of NDVI. Wu et al. [28] have proposed an algorithm to detect mining
activity and assess the spatial distribution of the affected vegetation based on the NDVI
index derived from MODIS and Landsat data. Kopeć et al. [29] have combined Sentinel-1
interferometric and Sentinel-2 NDVI and MNDWI data with geographically weighted and
random forest regression methods to assess the potential of wetland formation over an
active underground coal mining area in Poland. Vidal-Macua et al. [30] have combined
Landsat satellite data time series analysis of the NDVI and machine learning technique to
identify suitable conditions for vegetation development in reclaimed open-cast mines for a
case study of Teruel coalfield in central-eastern Spain. Vorovencii [31] has used Landsat
imagery for the years 1988, 1998, 2008, and 2017 to map the extent of surface mining and
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reclamation in the Jiu Valley (Romania). The author used NDVI, Soil-Adjusted Vegetation
Index (SAVI), and Modified Soil-Adjusted Vegetation Index-2 (MSAVI-2) to classify land
cover types. Guan et al. [32] have used the NDVI time series data, filter processing and
logistic function to analyse the succession characteristics of rehabilitated vegetation for a
dump of open-cast coal area in China. They have concluded that the average development
period for new vegetation to reach a stable state is 13 years.

The main topics of post-mining studies that used high-resolution, satellite multispec-
tral imagery covered: classification of land use types and separation of areas covered with
vegetation, determination of the range of mining operations, changes in the condition of
the vegetation over time, determination of the moment of restoration of the vegetation
state, to that known before the exploitation, and determination of subsidence zones and
their impact on vegetation degradation. The analytical algorithms used most often for
these applications included: spatiotemporal statistics [9,23,33], multivariate global and
local spatial regression models [29], e.g., for analysis of the relationship between ground
subsidence and potential causative factors [34–36], supervised and unsupervised machine
learning algorithms [30], e.g., for land cover change analysis [37], land cover classifica-
tion [38], damage assessment, monitoring and land management [39], quantification of
land cover change following closure of an open-pit mine with limited reclamation [40],
estimation of reforestation progress above a reclaimed mine [41].

1.3. Summary

Until recently, the studies of the condition of the environment in mining and post-
mining areas were based largely on the Landsat missions’ data. The number of studies
based on the Copernicus Sentinel-2 mission that operates from 2015 is yet lower. However,
the Sentinel-2 mission offers better temporal (5 days revisit time for most of the Earth
surface), and spatial resolution of 10 m as compared to 30 m for the Landsat data [42].
Xue and Sue, [19] point out the following advantages of satellite based remote sensing:
free access to visible and multispectral data (in case of the above mentioned missions),
high spatial resolution, possibility to extract long time series of consistent and comparable
data, cost effectiveness as compared to field sampling. The limitations may be caused by
observations in cloudy conditions, recommendation to verify the results in the field, as well
as low pixel resolution and revisit times for some applications, e.g., farming.

Among the vegetation spectral indices used in the studies presented in the reviewed
publications, the most frequently chosen for mining areas was the NDVI. The second most
often used being the EVI. The first index was used, e.g., to designate areas with different
vegetation conditions, the second to provide information on structural changes in flora,
e.g., vegetation species differentiation.

The literature review, presented above and based on query of the Scopus, Web of
Science and Google databases indicates that the number of published studies on vegetation
condition assessment decades after the end of mining and past the recovery phase is very
limited. The same conclusion applies to the use of a combination of advanced GIS-based
spatial statistics functions. We have not found a study related to the assessment of the
vegetation condition in a rehabilitated post-mining area characterised by a combined,
underground and open pit mining of lignite.

Thus, the main objective of this study has been to analyse and to assess vegetation
(forest) condition in a complex lignite post-mining area nearly five decades after the end of
mining and presently thought to be in the rehabilitated phase. For this purpose, we chose
and adapted complementary Geographic Information System (GIS) based spatiotemporal
statistics that included: map algebra functions (local and zonal), temporal Hot Spot analysis
and combinatorial class change detection analysis. These were applied to a time-series
of satellite derived imagery. The research has been carried out for the case study of a
former underground and open-cast lignite mine located in a topography transformed by
glacio-tectonic processes (Western Poland bordering with Germany). Based on the results of
literature review we used the NDVI and the EVI spectral indices derived from the European
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Copernicus programme Sentinel-2 mission. The analysis covered the period from 2015
to 2022.

2. Materials and Methods
2.1. Study Area

This study covers the area of a rehabilitated part of the former lignite mine “Przyjaźń
Narodów—Szyb Babina” in Western Poland.It is situated in the south-east part of the
glaciotectonic landscape called the Muskau Arch between 51◦30′–51◦36′N and 14◦42′–
14◦50′E. Its location is shown in Figure 2. The specific study area covers 13.78 km2 (Figure 3).
The arch is a geomorphological structure in the form of a terminal moraine shaped by
an ice sheet lobe from the South Polish (Elsterian) glaciation. The formation is visible in
the morphology of the terrain as semicircular hills separated by elongated depressions.
Its arms span approx. 20 km and have length of approx. 40 km with width of around
5–6 km [43,44]. The Muskau Arch is divided by the Nysa Łużycka river that also constitutes
the Polish-German boundary.
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Figure 2. Location of the study area.

The glaciotectonic deformations of Neogene formations, such as lignite, sand and
clay sediments are visible in morphology, as well as in data from geological boreholes and
mining excavations. These structures were forced towards the surface by the moving ice
sheet and formed glaciotectonic scale-like features accompanied by fold-like structures and
diapirs [45].

The lignite deposits shaped by these processes were subjected to long-term mining,
first with underground and later with open pit methods. The mine operated from 1921
to 1973. The first small open pits functioned between 1935 and 1940. Open cast mining
was introduced on a larger scale from the 60’ties of the 20th Century. It is estimated that
altogether 479 ha of land was transformed by underground and open pit activities [46,47].
Until 1966, the mining company carried out technical reclamation on an area of approx.
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30 ha that was exploited during the World War II, between 1940 and 1944. The main
rehabilitation of post-mining grounds started in the early 70’ties. The process was aimed at
afforestation of external and internal dumps, as well as zones adjacent to old open pits, and
creation of artificial lakes by filling the abandoned pits with water [48]. Planting of various
tree species, such as pine, aspen, birch and oak was preceded by technical preparation of the
terrain (e.g., levelling). The afforestation procedures were carried out on grounds with low
pH (below 3.0), without proper treatment with neutralizers and enrichment with mineral
fertilisers [47]. Thus, the substrate used for planting vegetation formed a loose environment
made of fine-grained and dusty Miocene sands, often with lignite fractions. In the effect, the
post-mining area was subjected to water erosion and deflation that had destructive effects
on the planted fauna, especially on the slopes and lower lying zones. This, in consequence,
caused secondary degradation of the post-mining site and reclamation procedures were
repeated in the first half of the 80’ties of 20th Century [46].
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As a result of first mining and then reclamation, the primeval post-glacial landscape
has been transformed with the post-mining reservoirs filled with acidified and sulphated
waters. These reservoirs are the main anthropogenic feature of the transformed land-
scape [47,49] and have depths ranging from several to over a dozen meters, with the area
of largest lake over 20 ha.

Apart from artificial lakes and dumps, the following anthropogenic landforms can
be distinguished in the area: subsidence basins of irregular, usually elongated shape,
occurring over old underground workings, sometimes forming waterlogged wetlands;
circular sinkholes, several metres in diameter and depth, created in the process of loose
deposits moving into voids left by shallow underground mining, usually due to hydraulic
processes in the ground [50]; larger and deeper sinkholes in the vicinity of old shafts usually
filled with water [45,51].

The known extent of open-pits, dumps and underground mining, interpreted from
cartographic documents [50] is presented on the orthophoto background in Figure 3a.
Figure 3b shows the location of present-day artificial lakes.
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2.2. Data
2.2.1. Sentinel-2 Data

In our study we have employed multispectral imagery captured by the European
Space Agency Copernicus Sentinel-2 mission. The Multi Spectral Instrument (MSI) Level-
1C (L1C) products were downloaded from the U.S. Geological Survey (USGS) EarthExplorer
data portal (https://earthexplorer.usgs.gov/ (accessed on 22 September 2022)). We have
inspected and selected cloud free images registered in the month of August from 2015 to
2022 to represent vegetation cover in the same phenological phase. The dates of acquisition
of satellite imagery used for the analyses are given in Table 1.

Table 1. List of the images selected for this study and their acquisition dates.

Year Month Day

2015 August 20

2016 August 27

2017 August 29

2018 August 27

2019 August 29

2020 August 6

2021 September * 5

2022 August 16
*—no cloud free August image is available for the study area in 2021.

We chose the Sentinel-2 data for the following reasons. First, it has been in service
since 2015 and provides sufficient observation time to assess the vegetation condition of
the study area in the post-rehabilitation stage we aimed at. Second, the spatial resolution
of Sentinel-2 products (pixel size of 10 m) provides a good framework for monitoring
vegetation change in the post-mining environment. Other open source satellite imagery,
such as the Landsat mission provides data with lower, 30 m pixel resolution.

2.2.2. GIS Data and Software

The GIS data used in this study comprised of polygon feature vector layers char-
acterising present day land cover types available from the Polish national database of
topographic objects provided by the regional office for geodetic and cartographic documen-
tation (https://wodgik.lubuskie.pl/bdot10k (accessed on 22 September 2022)), polygon
feature vector layers representing forest units available from the National Forest Data
Bank (https://www.bdl.lasy.gov.pl/portal/mapy-en (accessed on 22 September 2022)),
and polygon feature vector layers representing extent of underground and open pit mining
and post-mining and geological features obtained from the Polish Geological Institute—
National Research Institute [50] and updated under the Polish National Science Centre
OPUS project no 2019/33/B/ST10/02975 [51]. The GIS data processing and spatiotemporal
analyses have been performed in ESRI ArcGIS Pro software v. 2.8 licensed to the Wroclaw
University of Science and Technology (subscription ID 1133081784) and Python scripts.

2.3. Methodology

The integrated methodological approach adopted for analysis and assessment of
vegetation cover condition in a post-mining area in our study is presented in Figure 4. and
summarised in the succeeding subsections.

https://earthexplorer.usgs.gov/
https://wodgik.lubuskie.pl/bdot10k
https://www.bdl.lasy.gov.pl/portal/mapy-en
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Figure 4. Methodology of the research.

2.3.1. Satellite Data Pre-Processing

The acquired Sentinel-2 images in the L1C processing level (top-of-atmosphere re-
flectance (TOA) in cartographic geometry) were converted to the L2A product, in which in-
dividual pixels of the image store information about the value of the bottom-of-atmosphere
reflectance (BOA) [42]. The conversion between L1C and L2A products included scene
classification and atmospheric correction [52], which were performed in SNAP 8.0 software
using the Sen2Cor processor (2.8.0 version), developed by Mueller-Wilm et al. [53]. The
pre-processed images were used to determine two vegetation indices: NDVI and EVI.

The methodology for deriving the NDVI and EVI spectral indices from satellite images
has been widely described in various publications [24,26,31,54,55]. Below we summarise
the main steps, providing literature for the readers less familiar with remotely sensed data
processing.

NDVI is the most commonly used vegetation index, developed by Rouse et al. [56]. It is
a combination of red and near-infrared bands, thus the spectral ranges in which the highest
absorption and reflection of solar radiation by vegetation are observed, respectively [57,58].
The NDVI index is given by the Formula (1):

NDVI =
NIR− RED
NIR + RED

(1)

where, RED and NIR represent the spectral reflectance values in the red and near infrared
bands, respectively (NIR spectral range is represented by band 8 and RED spectral range is
represented by band 4 of the Sentinel-2 mission).

The NDVI takes values from−1 to 1 and is used for assessment of the general condition
of vegetation and its identification among other forms of land cover [24]. Negative values
of the index prove the lack of flora in a given region, while values in the range from 0.2 to
0.8 are typical for areas covered with vegetation. The highest NDVI values (more than 0.8)
indicate a dense and healthy plant cover [59]. It is worth to emphasize that this index is
sensitive to the effects of soils, atmosphere and shadows [60].

EVI was developed to improve the accuracy of vegetation studies in areas of high
biomass. The index is described by the Formula (2) [61]:

EVI = G ∗ NIR− RED
NIR + C1 ∗ RED− C2 ∗ BLUE + L

(2)

where,
BLUE—value of spectral reflectance in the blue band,
G—gain factor (G = 2.5),
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L—canopy background adjustment (L = 1.0),
C1, C2—coefficients of the aerosol resistance term (C1 = 6.0, C2 = 7.5).
EVI reduces the effects of the atmosphere and soil background by application of the

blue band [62]. This index takes values from −1 to 1. As in the case of NDVI, negative
values of the EVI index indicate areas devoid of vegetation, while high positive values
represent healthy and dense flora [63].

Both vegetation indices were calculated using the dedicated band indices and map
algebra toolboxes in ESRI ArcGIS Pro v.2.8.0.

2.3.2. GIS Based Spatiotemporal Analysis

We have combined the Getis-Ord Gi* spatial statistic based temporal hot spot and map
algebra based spatial statistics approach for the complementary spatiotemporal analysis
and assessment of vegetation condition in the rehabilitated stage of the post-mining area.
In addition, we integrated map algebra local, zonal and combinatorial raster functions
for data pre-processing, exploratory analysis, reclassification and vegetation class change
detection.

• Map algebra

We used the map algebra [64] raster cell functions to calculate the following spatial
statistics for individual locations (pixels): mean value, range, standard deviation, and
coefficient of variation for the stack of rasters representing NDVI and EVI values from
August 2015 to August 2022. Coefficient of variation (CV) is the ratio of the standard
deviation σ to the mean µ (3) [65].

CV =
σ

µ
(3)

It presents the extent of variability in relation to the mean value of the data. Thus, the
higher the coefficient of variation, the greater the level of dispersion around the mean.

For the correlation analysis on a pixel by pixel level, we applied the Pearson correlation
coefficient (r), which is used to measure the strength of a linear association between two
variables (4) [65].

r = ∑n
i=1(xi − x)(yi − y)√

∑n
i=1(xi − x)2

√
∑n

i=1

(
yi − y

)2
(4)

where,
r is the Pearson correlation coefficient,
xi is the value of the variables x,
yi is the value of the variable y,
x is the arithmetic mean of variable x,
y is the arithmetic mean of variable y.

• Combinatorial class change detection

For the temporal land cover change detection analysis, we first applied raster reclassi-
fication function to classify the floating-point NDVI and EVI values into categorical maps
representing land cover classes.

We assigned the following classes for NDVI data:

• class 1: NDVI ≤ 0.0—representing water,
• class 2: 0.0 < NDVI ≤ 0.2—representing barren land, roads and sparse vegetation,
• class 3: 0.2 < NDVI—representing low vegetation and forest.

For EVI data we used the following classes:

• class 1: EVI ≤ 0.0—representing water,
• class 2: 0.0 < NDVI ≤ 0.1—representing barren land, roads and sparse vegetation,
• class 3: 0.1 < EVI—representing low vegetation and forest.
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The boundary values have been chosen based on literature review and verification of
the above described conditions for randomly selected 18 ground control points, 6 in water
area, 4 in barren land area and 10 in vegetation/forest zones.

Next, we used the combinatorial map algebra functions to detect vegetation temporal
change by assigning new values to each unique combination of input classes in the com-
pared raster stack. The general procedure is illustrated in Figure 5 on the example of 2
input raster datasets with three vegetation cover categories.
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For both spectral indexes we obtained 9 possible combinations:

• 1—change from class 1 to class 2,
• 2—change from class 1 to class 3,
• 3—change from class 2 to class 3,
• 4—change from class 2 to class 1,
• 5—change from class 3 to class 2,
• 6—change from class 3 to class 1,
• 7—unchanged class 1,
• 8—unchanged class 2,
• 9—unchanged class 3.

To record the change in the stack of analysed raster layers, the identified combinatorial
change, once it happened, had to be permanent or last for at least 2 epochs in case of the
last two periods.

• Emerging Hot Spot Analysis

The Getis-Ord Gi* spatial statistic algorithm available in GIS software is widely used
for hot spot analysis [10,66]. By calculating the Gi* statistic of spatial features (spatial
variable), it is possible to identify the clustering of zones with high (hot spot) and with
low (cold spot) values of a spatial variable in the context of their neighbourhood. The
theory behind this analysis has been described in [67,68]. The calculation is based on the
Formula (5) [67].

G∗i =
∑n

j=1 wi,jxj − X ∑n
j=1 wi,j

S

√ [
n ∑n

j=1 w2
i,j−

(
∑n

j=1 wi,j

)2
]

n−1

(5)

where:
xj—variable value for feature j,
wi,j—spatial weight between feature i and j,
n—total number of features,
X is given by Equation (6),
S—is given by Equation (7):

X =
∑n

j=1 xj

n
(6)

S =

√
∑n

j=1 x2
j

n
−
(
X
)2 (7)

When the analyzed data are a timeseries, the hot spot analysis can identify the chang-
ing trend of the data [66,69]. The emerging hot spot analysis has been successfully applied
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in studies of vegetation condition based on the NDVI satellite derived spectral index in
a river basin in China [66], impact assessment of watershed development in India [70],
temporal and spatial variation of vegetation in an economic development belt in China [71],
drought area analysis in Iran [72] with one of the first applications by Fraser et al. [73] for
identification of forest burned area in Canada.

Using the calculated NDVI and EVI values as input data, we calculated the standard
deviations and probability values for each location (pixel). We used these values, standard
deviations < −2.58 or >+2.58 with associated probability values < 0.01 (99% confidence
level) and standard deviations < −1.96 or >+1.96 with associated probability values < 0.05
(95% confidence level) to determine clusters of locations with statistically significant high
and low values of these variables in the 2015–2022 period. In the temporal hot spot
approach, we checked each location (pixel) for a potential change of the hot or cold post on
a step-by-step basis. In the result, we mapped the stable hot and cold spots, as well as the
emerging hot and cold spots—locations, for which the statistical values changed over time
in the rehabilitated post-mining study area.

3. Results
3.1. General Descriptive Statistics

First, we present the general descriptive statistics for the post-mining study area
as background information for spatial analysis of the NDVI and EVI vegetation indices
distribution and temporal changes.

The mean values of the NDVI spectral index in the study area calculated for the
selected dates in August (Table 1) range from 0.48 to 0.64. The mean NDVI values in the
study area excluding artificial lakes, that are represented by negative and very low (close
to zero) values of NDVI, range from 0.50 to 0.68 (Table 2, Figure 6).

Table 2. General descriptive statistics for the NDVI spectral index for the post-mining study area and
for the post-mining study area without artificial lakes.

Date With Artificial Lakes Without Artificial Lakes

Min Max Mean Std Dev. Min Max Mean Std Dev.

August
2015 −0.16 0.78 0.56 0.13 −0.10 0.79 0.59 0.08

August
2016 −0.42 0.87 0.64 0.17 −0.33 0.87 0.68 0.09

August
2017 −0.36 0.83 0.62 0.16 −0.26 0.83 0.65 0.09

August
2018 −0.21 0.78 0.57 0.13 −0.07 0.78 0.60 0.08

August
2019 −0.07 0.72 0.48 0.10 0.06 0.72 0.50 0.07

August
2020 −0.03 0.73 0.52 0.10 0.07 0.73 0.53 0.07

August
2021 −0.23 0.82 0.61 0.13 0.03 0.82 0.63 0.07

August
2022 −0.40 0.83 0.61 0.15 −0.03 0.83 0.64 0.08
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post-mining study area excluding artificial lakes.

The mean values of the EVI spectral index in the study area calculated for the same
dates range from 0.26 to 0.30. Whereas the EVI values in study area excluding artificial
water bodies range from 0.28 to 0.32 (Table 3, Figure 6).

Table 3. General descriptive statistics for the EVI spectral index for the post-mining study area and
for the post-mining study area without artificial lakes.

Date With Artificial Lakes Without Artificial Lakes

Min Max Mean Std Dev. Min Max Mean Std Dev.

August
2015 −0.05 0.64 0.29 0.09 −0.02 0.64 0.31 0.07

August
2016 −0.12 0.78 0.30 0.10 −0.06 0.78 0.32 0.08

August
2017 −0.10 0.67 0.30 0.10 −0.06 0.67 0.32 0.08

August
2018 −0.06 0.59 0.29 0.09 −0.01 0.59 0.30 0.07

August
2019 −0.03 0.54 0.26 0.07 0.02 0.54 0.27 0.05

August
2020 −0.10 0.69 0.31 0.10 −0.02 0.69 0.32 0.08

August
2021 −0.05 0.63 0.29 0.09 0.01 0.63 0.30 0.07

August
2022 −0.08 0.53 0.24 0.08 0.00 0.53 0.25 0.06

The temporal trajectory of the mean NDVI and EVI values in the post-mining study
area is presented graphically in Figure 6. The highest mean NDVI values occurred in
2016 and steadily decreased between 2017 and 2019 when they were at the lowest. In the
2020–2022 period the mean NDVI values steadily increased each year.

The highest mean EVI values were registered in 2016, as in the case of NDVI and in
2020. The calculated mean EVI values steadily decreased between 2017 and 2019 similarly
to the mean NDVI values. However, after the peak in 2020, in the 2021–2022 period there
was a decrease in the mean EVI values, unlike in case of the other index.

The graph shown in Figure 7 represents the measure of correlation between mean
NDVI and mean EVI values in the 2015–2022 period. The calculated Pearson correlation
coefficient, which is used to measure the strength of a linear association between two
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variables [74] ranges from 0.75 for the 2020 data to 0.92 for the 2019 data. The range of these
values indicates a strong correlation between the two spectral indices (we should note that
the NIR and the RED spectral bands are used to calculate values of both indexes).
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Figure 7. Pearson coefficient of correlation between the NDVI and the EVI values for the 2015–2022
period.

Figures 8 and 9 are the histograms of NDVI and EVI pixel values for the first period
(2015) and for the last period (2022) binned in 0.02 intervals. The histogram of NDVI values
for the post-mining area has negative skewness for the 2015 data (−2.70) and for the 2022
data (−2.44). The shift of the histogram values to the left between 2015 and 2022 points
to a potential general weakening of the condition of the forest vegetation in the analysed
period and represented by this spectral index. We interpret, the shift to the right (negative
to positive values, and lower to higher values) of the slight “bulge” in the left tail of the
histogram as potential natural landscaping processes taking place in local zones of the
study areas, such as decrease of the surface water area, emergence of aquatic vegetation in
artificial lakes and appearance of low vegetation in barren parts of mining dumps.
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This shape of the NDVI histograms is generally repeated for the 2015 and 2022 his-
tograms of the EVI values (Figure 9). However, the factor of skewness is lower, as well as
the smaller factor of the shift.
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The analysis of the descriptive statistics for the NDVI and the EVI values point to
the general good condition of the rehabilitated post-mining study area. These statistics
are also an indication of the potential effect of meteorological drought in Poland in recent
years [75] and probable emergence of hydrological drought in the post-mining study area.
This phenomenon should be studied in the future. The local changes occurring in the post-
mining area undergoing natural landscaping processes are the subject of the spatiotemporal
analyses presented in the next sections.

The maps of spatial distribution of NDVI and EVI values for the selected August dates
in the 2015–2022 period have been provided in supplementary materials Figures S1 and S2
respectively.

3.2. Spatial Pattern of NDVI and EVI Values

The spatial distribution of mean NDVI and EVI values for the 2015–2022 period
are presented in Figures 10a and 10b, respectively. These values were calculated as the
arithmetic mean of each raster cell in the time series of the NDVI and EVI data in the
selected dates of the month of August. The resulting NDVI and EVI maps show the
average values for the 2015–2022 period against the background of the known extent of
underground and open pit mining.

The mean NDVI varies from −0.1748 to 0.7832 with an average of 0.5761 and standard
deviation of 0.1085. The negative values of mean NDVI (light green) are associated with
anthropogenic water bodies and the low positive values with embankments of the larger
artificial lakes, roads, buildings, and old mining dumps in the NE and S parts of the
post-mining study area.

The highest positive values of NDVI (dark green) represent undisturbed compact
forest area in the Nysa Łużycka River valley (S and W parts of the study area) and forest
units with the oldest vegetation (>50 years old) located between the rehabilitated open pits
and dumps, as well as in the zones of old underground mining (Figures 3a and 10a).

The mean EVI varies from −0.0552 to 0.5937 with an average of 0.2850 and standard
deviation of 0.0872. The spatial distribution of EVI values follows the pattern of NDVI
and shows greater spatial differentiation than the first index, e.g., in the old forest units
(central and northern parts between redeveloped open pits and in river valley in the south).
Thus, due to the character of this spectral index it allows for the analysis of the forest
spatial structure and condition in greater detail than with NDVI. The negative values of
EVI are also associated with anthropogenic water bodies and the low positive values with
embankments of the large reservoirs, roads, buildings, and importantly old dumps in
the NE and S parts of the post-mining study area. The highest positive values represent
undisturbed forest area in the Nysa Łużycka River valley (S part of the study area) and
forest units with the oldest vegetation (>50 years) located between rehabilitated open pits
and dumps, as well as in a former underground mining zone (Figures 3a and 10b).
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The coefficient of variation (CV) maps for the NDVI and EVI spectral indices in
the 2015–2022 period, are presented in Figures 11a and 11b respectively. In contrast to
Figure 10a,b the latter show the variability of spectral indexes in relation to the mean in
the analysed period. Thus, the clusters of higher CV values in local zones indicate that
the vegetation cover there varies more strongly than in other places of the rehabilitated
post-mining area.
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The CV of NDVI varies from −2.74% to 39.58%. The local clusters of high values of
CV (orange/red colour) are associated with forest units with the newly planted trees (3 to
6 years) that result from recent forest management activities. There are also local clusters of
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high values in the vicinity of anthropogenic water bodies in the southern part of the study
area, near water bodies formed above underground mining and along newly constructed
trails, e.g., north-west of the largest artificial lake (Figure 11a).

The CV of EVI varies from −4.01% to 38.35% and the spatial distribution follows the
pattern of CV of NDVI. The local clusters of high values of CV (orange/red colour) are
associated with forest units with the newly planted trees (3 to 6 years) that result from
forest management activities. As in the case of NDVI there are local clusters of high values
in the vicinity of anthropogenic water bodies in the southern part of the area, near water
bodies formed above underground mining and along newly constructed trails (Figure 11b).

3.3. Spatiotemporal Pattern of Hot and Cold Spots

The results of hot spot (HS) and emerging hot spot (EHS) analysis allowed us to
identify zones of significant high (hot) and low (cold) values of NDVI and EVI. The hot spot
analysis was performed for individual maps representing spectral indexes in the selected
dates in August and the emerging hot spot analysis for the entire series of NDVI and EVI
data.

The results of hot spot analysis for the final date are shown in Figure 12a for the NDVI
data and Figure 12b for the EVI data and present zones of hot and cold spots identified
at 99% and 95% confidence level. The largest clusters of cold spots (indicating aggrega-
tions of low values of NDVI and EVI) are predominately associated with anthropogenic
water bodies. We identified clusters of low values corresponding to barren land areas of
waste dumps, large embankments of lakes, as well as emerging vegetation in waterlogged
subsidence basins from underground mining (Figure 3a). The latter consists of cold spots
identified at 99% (darker blue) and 95% (lighter blue) confidence levels, the former, being
water surfaces, predominately 99%.
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Figure 12. Hot spot pattern of NDVI (a) and EVI (b) values in the post-mining area in the last year of
analysis (2022).

The hot spots, for both the NDVI and EVI, identified in each year of analysis (red
clusters) are associated predominately with healthy compact forest zones, areas undisturbed
by former mining activity, as well as deciduous forest units. The hot spots identified at 99%
and 95% confidence levels are represented by darker and lighter red colours respectively.



Remote Sens. 2023, 15, 3067 17 of 28

Larger areas of hot spots identified at the 95% confidence level for the NDVI than for
the EVI, and more local hot spots identified at the 99% confidence level for the EVI are the
main differences between the results obtained for both spectral indices.

Next, we applied EHS to analyse the pattern and the trend of vegetation cover condi-
tion over time (from 2015 to 2022). The EHS algorithm identifies up to eight types of hot
or cold spots described in [76]. Thus, as in the case of HS analysis, clusters of statistically
significant low values of NDVI and EVI have been aggregated as cold spots and high values
as hot spots. In an analysed time series of data hot or cold spots can intensify or diminish
with the variation of vegetation condition.

The spatial pattern of hot and cold spots trends for NDVI and EVI have been shown in
Figure 13a and in Figure 13b, respectively. The results of EHS analysis are consistent with
the results of HS analysis. However, they provide information on the trajectory of hot and
cold spots in time. The statistics of temporal hot and cold spot patterns for NDVI and EVI
data in the rehabilitated post-mining area have been shown in Table 4.
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The consecutive, persistent, new and intensifying hot spots are the main observed
patterns in case of the NDVI, covering 6.50%, 3.91%, 3.09% and 2.51% of the study area
respectively. In the case of the EVI the main observed hot spot patterns include: consecutive
(3.37%), new (2.74%), persistent (2.34%) and intensifying (1.19%) of the area.

The cold spot NDVI patterns are predominately persistent (5.87% of the area), new
(1.39%), and consecutive (1.02%). Around 1.47% of the area has been classified as a historical
hot spot. In the case of the EVI cold spot patterns we identified the persistent (4.29%), new
(2.74%) and the historical (1.12%) ones as the most frequent. According to the methodology:
a new hot or a cold spot is identified if a location has statistically significant high or low
values in the final time bin; a location that has ben statistically significant hot spot for
90 percent of the time-step intervals, including the final time step and the intensity of high
values is increasing is classified as an intensifying hot or cold spot; a location that has been
a statistically significant hot or cold spot for 90 percent of the time-step intervals without
an apparent trend in the intensity of high or low values over time is a persistent hot or cold
spot; a location that has been statistically significant hot or cold spot for less than 90 percent
of the time-step intervals and the intensity of high or low values in subsequent time steps
is decreasing is an diminishing hot or cold spot; a location that has not been a statistically
significant hot (cold) spot prior to the final hot (cold) spot run of at least two hot (cold) spot
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time-steps and less than 90 percent of all time steps are statistically significant hot (cold)
spots is a consecutive hot spot; and a location that has not been a cold spot in at the least
the last two time bins. Between 2/3 and 3/4 of the study area has not been identified as
statistically significant high or low value of NDVI or EVI respectively in the study period.

Table 4. Emerging hot spot pattern statistics of NDVI and EVI.

Pattern Type NDVI NDVI EVI EVI

[km2] [%] [km2] [%]

persistent hot spot 0.5389 3.91% 0.3222 2.34%

consecutive hot spot 0.8956 6.50% 0.4648 3.37%

intensifying hot spot 0.3464 2.51% 0.1642 1.19%

diminishing hot spot 0.0300 0.22% 0.0754 0.55%

new hot spot 0.4263 3.09% 0.3778 2.74%

oscillating hot spot 0.1187 0.86% 0.2033 1.48%

sporadic hot spot 0.1831 1.33% 0.0645 0.47%

historical hot spot 0.0370 0.27% 0.0038 0.03%

no pattern 9.6710 70.18% 10.7148 77.75%

persistent cold spot 0.8088 5.87% 0.5906 4.29%

consecutive cold spot 0.1407 1.02% 0.0700 0.51%

intensifying cold spot 0.0246 0.18% 0.0404 0.29%

diminishing cold spot 0.0394 0.29% 0.0382 0.28%

new cold spot 0.1910 1.39% 0.3778 2.74%

oscillating cold spot 0.1231 0.89% 0.1116 0.81%

sporadic cold spot 0.0038 0.03% 0.0071 0.05%

historical cold spot 0.2020 1.47% 0.1539 1.12%

The main difference, in pattern, between the NDVI and EVI is the larger area identified
as hot spot pattern in case of the first index. There are more intensifying, persistent sporadic,
and especially consecutive hot spots in case of the first one. In case of cold spot patterns,
also the area of persistent and consecutive ones is greater for the NDVI data.

This can be attributed to the characteristics of these vegetation indices as EVI corrects
the NDVI for soil background noise and is more sensitive in areas with dense vegeta-
tion [62,77].

The significant temporal cold spot patterns of NDVI and EVI values are predominately
associated with the artificial water bodies, former open pits filled with waste material,
and forest units with recently planted trees in place of the ones cut down. The significant
temporal hot spot patterns of NDVI and EVI values are associated with undisturbed, older
(>40–50 years) forest units and clusters of deciduous tree species. This is particularly visible
in case of the EVI data. Representative examples are marked in Figure 13a,b with red
colours.

There are local significant positive trend patterns on the shores of artificial lakes
(diminishing or oscillating cold spots), in the vicinity of waterlogged areas and parts of
the previously barren earth old pits (diminishing cold spots, sporadic and oscillating hot
spots).

The distributions of high variation rates are consistent with the distributions of high
CV of NDVI and EVI. Figure 14a,b present the significance of NDVI and EVI trends in the
rehabilitated post-mining area, respectively.
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curred over an area of 0.23 km2 (1.65%). The change from the class representing water (1 
in Table 5) and class representing sparse vegetation to healthy vegetation (3 in Table 5) are 
dominant. The change of class values from 1 to the higher one for both NDVI and EVI is 
linked to waterlogged areas in former underground mining area, artificial water bodies 
from open pit mining that followed underground mining and small artificial water bodies 
in open pit mining area that experience encroachment of vegetation (Figure 3a, photo 
shown in Figure 16a). The change to higher class is also associated with open pits filled 

Figure 14. Statistical significance of NDVI (a) and EVI (b) temporal trends.

3.4. Combinatorial Temporal Class Change Detection

The results of combinatorial class change analysis are presented in Figure 15a for the
NDVI and Figure 15b for the EVI. The change of pixel zones from class 1 to higher that
happened at a given time step and remained in this class for the remaining time is shown in
green colour, the change of pixel zones from higher class to class 1 that happened at a given
time step and remained in this class for the remaining time is shown in orange colour. For
better clarity the most significant zones of change are marked with red circles, the letters
depict field case study sites presented in Figure 16.
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Figure 16. Site (a), vegetation entering borders of subsided flooded area. Site (b), low vegetation in a
filled and waterlogged former open pit. Site (c), dead vegetation in subsided flooded area. Site (d),
healthy deciduous forest vegetation. Site (e), barren land of post-mining dump. Site (f), slope of open
pit filled with dumped post-mining material.

For the NDVI data, we identified a total area of 0.20 km2 (1.45%) where vegetation
cover condition improved in the analysed time. In case of EVI the positive change occurred
over an area of 0.23 km2 (1.65%). The change from the class representing water (1 in Table 5)
and class representing sparse vegetation to healthy vegetation (3 in Table 5) are dominant.
The change of class values from 1 to the higher one for both NDVI and EVI is linked to
waterlogged areas in former underground mining area, artificial water bodies from open
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pit mining that followed underground mining and small artificial water bodies in open
pit mining area that experience encroachment of vegetation (Figure 3a, photo shown in
Figure 16a). The change to higher class is also associated with open pits filled with material,
sometimes partly waterlogged and being gradually overgrown with low vegetation (site b
in Figure 15, photo shown in Figure 16b).

Table 5. Combinatorial class change statistics of NDVI and EVI.

Combination NDVI EVI

[km2] [km2]

1 0.0847 0.1373

2 0.0296 0.0042

3 0.0854 0.0864

4 0.0656 0.0288

5 0.0301 0.1572

6 0.0029 0.0000

7 0.4046 0.3551

8 0.0575 0.2099

9 13.0200 12.8015

The opposite change, i.e., from class 2 or 3 to lower class was determined for an area of
0.10 km2 (0.72%) in case of the NDVI data and an area of 0.19 km2 (1.35%) in case of the EVI
data. The class changes are connected predominately to dumps and embankments of large
artificial water bodies and associated with the observed rill erosion of steep slopes [51], as
well as human activity, e.g., trail and road construction [78].

Altogether 2.17% and 3.0% of the study area for the NDVI and EVI respectively
experienced permanent change of land cover in the analysed period. The remaining area
kept their respective classes. These are associated with artificial water bodies and old waste
dumps (combinations 7 and 8 in Table 5), e.g., sites c, e and f in Figure 15, and presented
in photos (Figure 16c,e,f). The largest unchanged area (combination 9) is associated with
forest e.g., site d in Figure 15, photo shown in Figure 16d.

The combinatorial class change detection approach augments results of temporal hot
spot analysis and illustrates the permanent changes of land cover type due to landscaping
processes occurring locally in the post-mining study area.

3.5. Field Examination

The post-mining area and the zones detected in the combinatorial and Hot Spot
analysis were assessed in the field. The selected photographical records of the field re-
connaissance are presented in Figure 16a–f. The photos were taken during two field trips
on the 15 May 2021 (Figure 16b,e,f) and on the 15 August 2021 (Figure 16a,c,d). The site
analysis confirmed the results of the integrated spatiotemporal analysis. We identified
sites experiencing encroachment of vegetation in waterlogged (example site a), as well as
exposed open pits filled with overburden from open-cast mining operation (example sites
c and f). There are zones of barren land in the external waste pits, that are the result of
unsuccessful afforestation and have been subjected to natural landscaping processes [79].
These zones experience rill erosion (example site e). Erosion processes occur on the steep
embankments of larger artificial lakes.

The underground mining areas experienced ground subsidence that created elongated
basins. Some have been waterlogged that led to the dying of vegetation on the surface
(example site b). On the other hand, there are also locations with well-developed and
healthy coniferous, mixed and deciduous forest in the areas between to old open pits and
within underground mining areas (example site d). The average age and type of forest
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units in the area are presented in Figures 17a and 17b, respectively. The average age of
trees in individual forest units for the former open-pit mining areas range from 20 to
55 years. The forest is younger on waste sites due to secondary reclamation procedures in
the 1980’ties [47]. In the areas of former underground mining the tree age ranges from 40 to
70 years. In the areas of combined underground and open-pit mining it is between 20 and
30 years. The typical forest types in the area, according to the National Forest Data Bank
nomenclature [80] are: pine forest and mixed coniferous forest, mixed deciduous forest,
and deciduous forest, as well as mixed wet forest and riparian forest in the Nysa Łużycka
River valley in the south. The most common tree species include the following: pine, birch,
oak, spruce, poplar, beech, alder, larch.
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The results of spatiotemporal analysis and field investigations point to diverse, both
positive and negative landscaping processes in the post-mining areas.

4. Discussion and Comments

The published studies apply and indicate the NDVI as a competent indicator for
monitoring vegetation in mining areas, especially for vegetation cover change detection
related to starting mining or post-mining recovery processes [9,11,23,24,81]. Nevertheless,
we should be aware of the reported deficiencies of this vegetation index such as influence
of moisture and the bare soil background on readings [62,77]. Some researchers suggest
that it may be worth trying to use it together with other vegetation indices, such as EVI
and SAVI, to improve the accuracy [71].

We applied the combination of NDVI and EVI for a study of a rehabilitated lignite
post-mining area where forest and artificial water bodies are the dominant land cover types.
The EVI is a better indicator of plant stress [61,82,83] and accounts for most of the problems
of using the NDVI thus we found it being a good augmentation for analysis of the condition
of mixed forest of varied age.

In contrast to many studies that rely on the Landsat data [26,27,30,31,84] we applied
the Sentinel-2 imagery. The advantage being the better spatial resolution, the disadvantage
being the shorter period of available satellite imagery dating back to 2015. The number
of available images, in case of both the Landsat and Sentinel-2 missions, can be reduced
due to cloud cover during registration of data. As we have aimed at the analysis of recent
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condition of vegetation cover in the area thought to be in the rehabilitated phase, the period
of observations (2015–2022) was sufficient for the study. We used images for the month of
August to assess vegetation in the same phenological stage. These were available in each
year with the exception of 2021 when early September data were used.

We captured the recent general condition of vegetation cover in a rehabilitated post-
mining area that resulted from long-term complex underground and open-pit mining of
lignite and we were able to confirm the existence of local landscaping processes presently
taking place there.

We found the general steady state of forest that was introduced two times, first
about five and later four decades ago after unsuccessful initial reclamation [46,47,50].
The combination of spatiotemporal analyses of NDVI and EVI timeseries, temporal Hot
Spot and combinatorial class change detection has allowed us to identify locations with
improving and worsening condition of vegetation cover. The negative processes include for
example the occurrence of barren land on old waste dumps that, as observed during field
reconnaissance, undergoes rill erosion. The area of these unvegetated parts did not increase
during the 2015–2022 period. The same cannot be said about steep slopes of large artificial
water bodies that in several locations experienced deterioration of vegetation as indicated
by results of combinatorial and hot spot analysis and confirmed by field study. The other
identified processes include slow encroachment of low vegetation in exposed former pits
filled with waste rock and encroachment of aquatic vegetation mainly in waterlogged or
flooded zones that resulted from subsidence due to underground mining.

Our results show that the post-mining study site is past the recovery stage [9]. How-
ever, the areas that were the most transformed by mining still experience processes that
need to be further monitored, e.g., with the use of UAV platform. The barren earth zones
and dead high vegetation in waterlogged areas provide indication of secondary disturbance
that happened years prior to the period of our analysis. The Sentinel-2 resolution proved
more than satisfactory for our present study. We should note that reference to a time-series
of in situ measurements, e.g., [83], could improve accuracy of our findings but these are
not available. Our study is probably the first one aimed at analysis of vegetation cover
condition thought to be in the rehabilitated phase in this area. The long-term analysis of
recoverying vegetation in this post-mining area based on the mid-spatial resolution of the
Landsat imagery was the subject of another publication [85].

In the study we have proposed a methodological approach for the analysis and assess-
ment of the post-mining recovery that can be applied to both short and long time series of
remotely sensed data. We have applied a combination of complementary spatiotemporal
analysis methods in GIS, temporal hot spot and combinatorial change detection, to obtain a
comprehensive portrait of vegetation condition. The hot spot analysis has been applied
so far in large scale studies, e.g., river basins or drought areas [66,70–72]. We found it to
be an effective method for assessment of vegetation cover condition in a differentiated
and complex medium scale post mining area. The reclassification and combinatorial map
algebra functions provided a simple and efficient means to detect vegetation condition class
change. We have opted for a manual setting of the number of vegetation cover classes, as
well as their boundaries based on the analysis of statistics and ground control points. There
are other methods available such as cross-correlation analysis, image differencing, object
pixel-based classification, post-classification comparison, or image fusion-based change
detection [86–89] that can be applied.

A recently applied approach to land use change detection is the LandTrendr algorithm
that can be used to identify sudden changes in vegetation condition temporal trajectory
for selected locations represented by a stack of pixel data [90,91]. In our case the data
timeseries was too short for this analysis and the observed changes are of slow, gradual
character. According to Yang et al. [9] it is better suited by open-cast mining which disturbs
the terrain to a greater extent than underground mining [92].

The methods proposed and applied for this study can be used in combination or
separately in other areas of interest.
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5. Conclusions

Post-mining areas, even those thought to be in the rehabilitated phase, require contin-
uous monitoring because of the potential occurrence of secondary disturbances. As has
been demonstrated openly available satellite spectral data and a combination of GIS-based
spatial statistic methods provide a functional solution for the initial assessment of the
condition of vegetation cover prior to or without the need for costly and time-consuming
field surveys.

The spatial distribution and temporal trends of NDVI and EVI values indicate that
the post-mining study area was generally stable in the 2015–2022 period and past the re-
covery phase. However, the results of the combinatorial vegetation cover class change and
temporal hot spot analyses also showed local disturbances in the condition of land cover.
These processes, of both positive and negative character, are the results of secondary distur-
bances caused by ground subsidence from underground mining, unsuccessful reclamation
procedures of waste dumps and slopes of artificial lakes, as well as present-day forest
management activities. Our findings prove continouing effects of mining on vegetation
even five decades after its ending.

The main local processes of vegetation cover change include, introduction of aquatic
vegetation in waterlogged subsidence basins, emergence of low vegetation in old pits filled
with waste material, erosion of barren waste dumps and slopes. These are responsible for
natural landscaping processes taking place in this, now predominately forest and lake, area
of former complex underground and open-pit mining in glacio-tectonic terrain.

The proposed methodology can be used in the most of other post-mining grounds in
the world that are in the recovery or rehabilitated phases. Whereas, the monitoring of the
Muskau Arch post-mining ground should be continued in the future to assess the trajectory
and rate of the identified spatiotemporal trends in vegetation cover condition locally and
on the entire study area.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs15123067/s1, Figure S1: NDVI distribution maps; Figure S2:
EVI distribution maps.
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of Remote Sensing, GIS and Machine Learning with Geographically Weighted Regression in Assessing the Impact of Hard Coal
Mining on the Natural Environment. Sustainability 2020, 12, 9338. [CrossRef]

30. Vidal-Macua, J.J.; Nicolau, J.M.; Vicente, E.; Moreno-de las Heras, M. Assessing Vegetation Recovery in Reclaimed Opencast Mines
of the Teruel Coalfield (Spain) Using Landsat Time Series and Boosted Regression Trees. Sci. Total Environ. 2020, 717, 137250.
[CrossRef]

31. Vorovencii, I. Changes Detected in the Extent of Surface Mining and Reclamation Using Multitemporal Landsat Imagery: A Case
Study of Jiu Valley, Romania. Environ. Monit. Assess. 2021, 193, 30. [CrossRef]

https://doi.org/10.1007/s11056-015-9506-4
https://doi.org/10.1515/environ-2015-0026
https://doi.org/10.29227/IM-2020-02-31
https://doi.org/10.12902/zfv-0294-2020
https://doi.org/10.1016/j.jclepro.2018.01.050
https://doi.org/10.3390/su11030884
https://doi.org/10.1080/17480930.2012.710505
https://doi.org/10.1016/j.jag.2004.11.003
https://doi.org/10.1016/j.ecolind.2020.107264
https://doi.org/10.3390/s20041144
https://www.ncbi.nlm.nih.gov/pubmed/32093068
https://doi.org/10.1080/02757259509532298
https://doi.org/10.1016/0034-4257(94)90134-1
https://doi.org/10.1155/2017/1353691
www.Indexdatabase.de
https://doi.org/10.1088/1755-1315/942/1/012034
https://doi.org/10.1016/j.jenvman.2016.07.070
https://doi.org/10.3390/ijgi6120401
https://doi.org/10.3390/su10113851
https://doi.org/10.3390/su12229338
https://doi.org/10.1016/j.scitotenv.2020.137250
https://doi.org/10.1007/s10661-020-08834-w


Remote Sens. 2023, 15, 3067 26 of 28

32. Guan, Y.; Wang, J.; Zhou, W.; Bai, Z.; Cao, Y. Identification of Land Reclamation Stages Based on Succession Characteristics of
Rehabilitated Vegetation in the Pingshuo Opencast Coal Mine. J. Environ. Manag. 2022, 305, 114352. [CrossRef] [PubMed]

33. Huang, S.; Tang, L.; Hupy, J.P.; Wang, Y.; Shao, G. A Commentary Review on the Use of Normalized Difference Vegetation Index
(NDVI) in the Era of Popular Remote Sensing. J. For. Res. 2021, 32, 1–6. [CrossRef]

34. Blachowski, J. Application of GIS Spatial Regression Methods in Assessment of Land Subsidence in Complicated Mining
Conditions: Case Study of the Walbrzych Coal Mine (SW Poland). Nat. Hazards 2016, 84, 997–1014. [CrossRef]

35. Sawut, R.; Kasim, N.; Abliz, A.; Hu, L.; Yalkun, A.; Maihemuti, B.; Qingdong, S. Possibility of Optimized Indices for the
Assessment of Heavy Metal Contents in Soil around an Open Pit Coal Mine Area. Int. J. Appl. Earth Obs. Geoinf. 2018, 73, 14–25.
[CrossRef]

36. Cao, J.; Ma, F.; Guo, J.; Lu, R.; Liu, G. Assessment of Mining-Related Seabed Subsidence Using GIS Spatial Regression Methods: A
Case Study of the Sanshandao Gold Mine (Laizhou, Shandong Province, China). Environ. Earth Sci. 2019, 78, 26. [CrossRef]

37. Petropoulos, G.P.; Partsinevelos, P.; Mitraka, Z. Change Detection of Surface Mining Activity and Reclamation Based on a Machine
Learning Approach of Multi-Temporal Landsat TM Imagery. Geocarto Int. 2013, 28, 323–342. [CrossRef]

38. Chen, Y.; Luo, M.; Xu, L.; Zhou, X.; Ren, J.; Zhou, J. Object-Based Random Forest Classification of Land Cover from Remotely
Sensed Imagery for Industrial and Mining Reclamation. Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 2018, XLII–3, 199–206.
[CrossRef]

39. Zhang, M.; Zhou, W.; Li, Y. The Analysis of Object-Based Change Detection in Mining Area: A Case Study with Pingshuo Coal.
ISPRS Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 2017, XLII-2/W7, 1017–1023. [CrossRef]

40. LeClerc, E.; Wiersma, Y. Assessing Post-Industrial Land Cover Change at the Pine Point Mine, NWT, Canada Using Multi-
Temporal Landsat Analysis and Landscape Metrics. Environ. Monit. Assess. 2017, 189, 185. [CrossRef]
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48. Kasiński, J.R.; Słodkowska, B. Lignite seams in the Muskau arch—sedimentation conditions, stratigraphic position, deposits
importance. Opencast Min. 2017, 58, 20–31. (In Polish)

49. Oszkinis-Golon, M.; Frankowski, M.; Jerzak, L.; Pukacz, A. Physicochemical Differentiation of the Muskau Arch Pit Lakes in the
Light of Long-Term Changes. Water 2020, 12, 2368. [CrossRef]
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