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Abstract: Coal mining and ecological restoration activities significantly affect land surfaces, partic-
ularly vegetation. Long-term quantitative analyses of vegetation disturbance and restoration are
crucial for effective mining management and ecological environmental supervision. In this study,
using the Google Earth Engine and all available Landsat images from 1987 to 2020, we employed
the Landsat-based Detection of Trends in Disturbance and Recovery (LandTrendr) algorithm and
Support Vector Machine (SVM) to conduct a comprehensive analysis of the year, intensity, duration,
and pattern of vegetation disturbance and restoration in the Heidaigou and Haerwusu open-pit coal
mines (H-HOCMs) in the Jungar Coalfield of China. Our findings indicate that the overall accuracy
for extractions of disturbance and restoration events in the H-HOCMs area is 83% and 84.5%, respec-
tively, with kappa coefficients of 0.82 for both. Mining in Heidaigou has continued since its beginning
in the 1990s, advancing toward the south and then eastward directions, and mining in the Haerwusu
has advanced from west to east since 2010. The disturbance magnitude of the vegetation greenness in
the mining area is relatively low, with a duration of about 4-5 years, and the restoration magnitude
and duration vary considerably. The trajectory types show that vegetation restoration (R, 44%)
occupies the largest area, followed by disturbance (D, 31%), restoration—disturbance (RD, 16%),
disturbance-restoration (DR, 8%), restoration—disturbance-restoration (RDR), and no change (NC).
The LandTrendr algorithm effectively detected changes in vegetation disturbance and restoration in
H-HOCMs. Vegetation disturbance and restoration occurred in the study area, with a cumulative
disturbance-to-restoration ratio of 61.79% since 1988. Significant restoration occurred primarily in the
external dumps and continued ecological recovery occurred in the surrounding area.

Keywords: LandTrendr algorithm; vegetation greenness; Heidaigou open-pit coal mine; Haerwusu
open-pit coal mine; disturbance and restoration

1. Introduction

Mining plays an important role in the global economy but is accompanied by profound
environmental consequences, such as the destruction of original vegetation, land degra-
dation, air and water pollution, soil contamination with heavy metals, and biodiversity
loss [1-6]. Coal is a commonly mined resource and is one of the main driving forces of land
degradation in some regions worldwide [7,8]. The demand for coal resources in China has
been increasing over the past 30 years owing to rapid economic development, and China
has become the largest coal producer and consumer in the world [9,10]. Consequently,
many ecological and environmental challenges have emerged [8]. Mine rehabilitation must
be accomplished to achieve sustainable development. In recent years, various parts of
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China have actively carried out ecological restoration projects in mines and implemented
the idea that “green waters and green mountains are golden mountains and silver moun-
tains”. As mining operations are continuously being conducted, efforts are being made to
establish “green mines” by increasing investments in ecological restoration in these areas.

The status and trends of vegetation conditions generally serve as a proxy for land
degradation [11,12] and an important indicator for environmental change [5]. Both min-
ing disturbances and restoration have driven the rapid dynamics of vegetation cover in
mining areas [13], especially in opencast coal mines [14,15]. High-precision monitoring of
vegetation greenness and quantification of vegetation disturbance and restoration are of
great significance for the systematic control of disturbed land and minimization of the envi-
ronmental effects of mining [16]. In recent decades, remote sensing has provided practical
solutions for mining disturbance detection and environmental impact assessments [13]. It
has numerous advantages, such as wide coverage, continuous data space, high observation
frequency, and relatively low cost. As a result, it serves as an important means of surface
observation and provides essential support for monitoring regional ecological environ-
ments. Long-term remotely sensed vegetation index (e.g., NDVI and EVI) data are suitable
for detecting and characterizing trends in vegetation conditions over time [17], providing
technical support for the management of production activities in mining areas [18].

Methods for detecting mining disturbances and reclamation activities based on re-
mote sensing generally include visual interpretation, vegetation index discrimination, and
classification and time-series analysis [4,19]. The traditional comparison of remote sensing
images between different years by visual interpretation is insufficient to reflect the dynamic
change characteristics of the ecology of a mining area. Quantitative monitoring and change
pattern diagnosis of vegetation disturbance and restoration in open-pit coal mines are still
lacking. In recent years, many excellent algorithms based on remote sensing time-series
data for detecting changes in land cover by analyzing images in chronological order have
emerged. These time-series algorithms utilize spectral vegetation indices for fitting and
analysis, such as Breaks For Additive Season and Trend (BFAST) [20], Detecting Break-
points and Estimating Segments in Trend (DBEST) [21], Continuous Change Detection
and Classification (CCDC) [22], Land Change Monitoring, Assessment, and Projection
(LCMAP) [23], the automated algorithm of vegetation change tracker (VCT) [24], and
the Landsat-based Detection of Trends in Disturbance and Recovery (LandTrendr) algo-
rithm [25]. Specific to mining disturbances and reclamation, Wang et al. (2021) proposed
a mine landscape restoration index (MLRI) to simultaneously monitor the restoration of
multiple mine sites [26]. Xu et al. (2023) proposed an automatic method (auto-VDR) to
identify vegetation destruction and restoration in various open-pit mines [27].

LandTrendr is a set of processing and analysis algorithms that was proposed by
Kennedy et al. (2010) [25]. It was developed based on the study of multi-temporal
change detection methods using Landsat data and can flexibly capture long-term eco-
logical changes. Since its inception, the LandTrendr algorithm has been widely applied
in forest disturbance and recovery detection [28-30], marsh vegetation and hydrological
disturbance and restoration [31], land cover change trajectories [32], surface water dynam-
ics [33], as well as mining disturbance and restoration [13,34,35]. The previous studies
illustrated the value of the trajectory-based LandTrendr algorithm for mine rehabilitation
studies in South Africa, and vegetation disturbance and restoration in Australia and China.
They demonstrated the reliability and efficiency of detecting the recovery process in a single
mining area and provided detailed information on the restoration process. The applicability
of the Land Trendr algorithm to different types of coal mines in different regions worldwide
requires further analysis.

The objective of this study is to detect ecological disturbance and restoration of
two large adjacent surface coal mines in the loess area, the Heidaigou and Haerwusu
open-pit coal mines (H-HOCMs) in the Jungar Coalfield of China. The high-density Land-
sat remote sensing images over a 34-year time series were constructed utilizing the Google
Earth Engine (GEE) remote sensing cloud computing platform. The annual maximum
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vegetation index was used as an indicator to detect changes in ecological disturbance and
restoration in the area under consideration. The LandTrendr spectral-temporal segmenta-
tion algorithm and support vector machine (SVM) were then applied to analyze the timing
and types of vegetation disturbance and restoration in the mining area. The findings of this
analysis provide technical support for the scientific assessment of coal mining, ecological
restoration, and promotion of green development in coal mines.

2. Materials and Methods
2.1. Region under Study

The Jungar coalfield, known as the largest surface coalfield in China, is located at
the junction of the Inner Mongolia Autonomous Region, Shanxi Province, and Shannxi
Province (Figure 1a,b). There are a dozen open-pit coal mines in Inner Mongolia, two-thirds
of which are located in the Junge Banner of Inner Mongolia. Among them, the Heidaigou
and Haerwusu open-pit coal mines are the two largest. They are linked closely and belong
to the same geological structural unit. Therefore, we considered the main mining areas
of these two open-pit coal mines in parallel. The Heidaigou and Haerwusu open-pit coal
mines (H-HOCMs) are located in the central part of the Jungar open-pit mine and in the
eastern part of Jungar Banner (Figure 1b,c). There are clear traces of coal mining from
remote sensing images (Figure 1c,d).
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Figure 1. Location of the study area. (a) Location of Jungar open-pit mine; (b) remote sensing imagery
of the Jungar open-pit mine in 2021 and location of H-HOCMs (blue line); (c) remote sensing imagery
of the H-HOCM s in 2021. A, mine construction area (A1, Heidaigou; A2, Haerwusu); B, external
waste dump (B1, Heidaigou North dump; B2, Heidaigou East dump; B3, Heidaigou Yinwan dump;
B4, Dongyanbang dump; B5, Haerwusu dump); C, mining pits (former or current) (C1, Heidaigou
pit; C2, Haerwusu pit; C3, Cuiergeju pit); (d) Landsat true color composite images for the study area
in different years from 1987 to 2020.
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The mining area is on the marginal area of the Loess Plateau, with rolling hills and
ravines, which is known for being one of the most severely eroded areas in China. It has
a continental, arid climate characterized by low annual rainfall, mostly concentrated in
summer, and a high rate of evaporation. Before the mining activities began, the natural
environment in the area was harsh, with a cross-network of gullies and severe wind erosion,
with the sparse Stipa steppe comprising the main vegetation [36]. The geological structure
of the mining area is simple, with a gentle dip angle of the stratum. The coal-bearing
stratum is predominantly composed of hard rock layers. However, there are variations in
the development of joints and cracks in the strata.

There are three open-pit mines in the studied region with an area of 9394.7 ha in
total, namely Heidaigou, Haerwusu, and Cuiergeju. Construction on the Heidaigou mine
began in 1990 and officially started production in 1999 [37]. The annual production of
the Heidaigou open-pit coal mine reached 25 Mt/a in 2006 after capacity expansion and
renovation, making it the largest open-pit coal mine in China [38]. The secondary expansion
and renovation project of Heidaigou Coal Mine began construction in June 2011, and the
raw coal production capacity was increased to 34 Mt/a. Construction of the Haerwusu
Opencast Coal Mine, adjacent to the Heidaigou coal mine in the north, began in May 2006,
and the mine was officially established in 2008. Its production capacity was 21.68 Mt/a
in 2010. The capacity of the two coal mines reached 60 Mt/a after joint expansion and
renovation projects. The construction of Cuiergeju Coal Mine began in 2013, with a design
scale of 1.20 Mt/a.

The studied region was divided into three types (Figure 1c): A, the mine construction
area, including the coal processing plant, washing plant, and maintenance center; B, the
external soil discharge site; and C, the mining pits including the previous and current.
Mining pits can be converted to internal waste dumps after mining. For example, the early
pits in the northern part of Heidaigou became internal dumps a few years later and may
become reclamation areas if ecological restoration is conducted. The tracks of vegetation
disturbance and recovery in various sites can be observed clearly from multi-phase remote
sensing images (Figure 1d).

2.2. Data

The Landsat 5, 7, 8, and 9 Collection 2 surface reflectance datasets for the years
1987-2020 over the H-HOCMSs were selected as the main data sources for this study. Data
were collected primarily using the Google Earth Engine (GEE) cloud platform. Utilizing
the processing power of the GEE, image data can be directly retrieved from its database,
allowing the creation of an extended-time-series Landsat remote sensing image dataset.

In this study, the normalized vegetation index (NDVI) was used to analyze the distur-
bance and restoration of vegetation in the mining area. To minimize the impact of noise, the
maximum annual NDVI value was obtained using the maximum composite algorithm, and
the time-series data of the maximum annual NDVI from 1987 to 2020 were obtained. The
annual maximum NDVI, an important indicator of vegetation, can respond to changes in
vegetation greenness in coal mine areas, and its change curve can express the disturbance
and restoration of surface vegetation due to coal mining and ecological restoration projects.
The segmentation parameters of the LandTrendr algorithm and kinds of change patterns
were determined through data analysis.

2.3. Methods
2.3.1. Research Overview

The overall flow diagram of the methodology is shown in Figure 2. First, in the data
preparation stage, a Landsat NDVI dataset with a time series of 34 years was obtained
from Landsat and pre-processed to extract the maximum annual NDVI value. Next, we
designed a LandTrendr algorithm detection process on the GEE, and repeatedly debugged
the spectral index NDVI and related parameters in the algorithm. Because the setting of the
parameters is related to the research area, suitable results were obtained using the debug-
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ging parameters until the highly accurate numerical results were recorded. The results of
ecological disturbance and vegetation recovery were then extracted, including the year of
disturbance and restoration in the research area, the change amplitude of the spectral index,
and the duration of the change event. Finally, the disturbance and restoration patterns
were categorized using a supervised classification of SVM according to the trajectory of the
annual NDVI, and related statistical analysis and mapping were performed.
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Figure 2. The flow diagram of the methodology.
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2.3.2. The LandTrendr Algorithm

The LandTrendr algorithm does not specify changes at the beginning, but it is an arbi-
trary time segmentation method; that is, it uses straight lines to simulate important features
of the trajectory and eliminates noise while retaining important details. Time-series seg-
mentation, the core aspect of the LandTrendr algorithm, involves appropriate segmentation
and linear fitting of time series trajectories and modeling of complex spectral time-series
into a series of linear segments to display important signal information while eliminating
noise interference. Specifically, it includes peak removal and time-series segmentation,
time-series trajectory fitting, model simplification, and optimal model selection as indicated
in the previous study [25].

Both coal mining and vegetation restoration have led to changes in vegetation, which
can affect the ecology of mining areas. Mining disturbances can lead to a rapid decrease
in vegetation greenness, and the vegetation indicators of the pit and waste dump remain
low until the restoration work or natural restoration; however, the restored vegetation
indicators may also decrease due to the impact of disturbances. Notably, vegetation
trajectories also change owing to factors such as phenology, climate change, acquisition
time of remote sensing images, and image quality. In contrast, mining disturbances and
vegetation restoration remain the main drivers of ecological change in coal mining areas.

Figure 3 shows a vegetation change trajectory model that represents the year of
disturbance occurrence, time interval, and range of vegetation index changes in these two
events with the attributes of disturbance occurrence, disturbance amplitude, and duration.
Notably, the polyline in Figure 3 is the dynamic trajectory of the mining disturbance area,
which is progressively repaired and disturbed after recovery. The shape and attributes of
the trajectory are dependent on the background ecological conditions, mining process, and
the impact of reclamation.

N
Occurrences of
NDVI Mining disturbance
Occurrence of Post-
recovery disturbance

Magnitude 95
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Duration Duration
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Year Time”

Figure 3. Vegetation change trajectory model.

2.3.3. Support Vector Machine

The support vector machine (SVM) is a powerful machine learning approach for data
classification and regression problems with high dimensionality based on statistical learning
theory and structural risk minimization principle [39,40]. It is one of the most successful
supervised classifiers for remote sensing image classification [41], and can perform optimal
classification on the basis of minimizing errors. The ability to extract different feature types
from remote sensing images by selecting training samples has important applications in
regional-scale research [42]. The SVM can still achieve classification results with small
errors even when the training samples are insufficient [43,44]. In this study, the SVM
was used to classify different change patterns over H-HOCMSs according to different
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NDVI change trajectories. We divided the NDVI trajectory patterns into six categories,
namely, no change (NC), disturbance (D), restoration (R), disturbance-restoration (DR),
restoration—disturbance (RD), and restoration—disturbance-restoration (RDR) events. The
theoretical schematic curves and statistical ones from samples are shown in Figure 4.
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Figure 4. Vegetation change trajectory in the studied region 1987-2020: (a) Theoretical schematic
curves; (b) NDVI curves from samples (The gray area is the range between the maximum and
minimum values from all sample points of different vegetation change trajectories. The black line is
the average curve for each type.).

2.3.4. Validation

After employing LandTrendr and SVM, we selected a collection of 365 verification
points by visual interpretation to validate the results. To ensure the reliability of the valida-
tion, we labeled various samples as extensively as possible within the region. The verifi-
cation points, including the disturbance and restoration events are shown in Figure 5. A
confusion matrix for the occurrence of events was generated to calculate kappa coefficients
(K), user accuracy (UA), producer accuracy (PA), and overall classification accuracy (OA).

OA = Liz1%ii (1)
TN
pA = i )

Xt
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Figure 5. Map of validation points.

Here, N is the total number of samples, # is the number of rows and columns in the
confusion matrix, x;; is the number of samples in row i, column 7, and x;,) and x(, are the
total numbers of samples in row i and column i, respectively.

2.3.5. The Ratio of Cumulative Disturbance to Restoration (CDRR)

CDRR is defined as the ratio of cumulative areas of a disturbed field to restored one
from the start year to the focus year of the monitoring period. This indicator can also be
used to assess the sustainability performance of the study region in a given period.

n
i=14r

CDRR = =—=— —
im1 Ad

©)

n is the number of years from the beginning. Here, we set the beginning as 1988, which
removed the disturbance errors, eliminated sustained natural recovery, and reflected the
disturbance and restoration of vegetation caused by human activities. A, and A, are the
cumulative area of restored and disturbed fields, respectively.

3. Results
3.1. Accuracy Verification

The confusion matrix shows the producer and user accuracies in Table 1 for each
year. The disturbance and restoration years of most samples are consistent with visual
interpretation, except for 2010, 2013, etc. The overall accuracy for extractions of restoration
and disturbance events reached 84.5% and 83%, respectively, and all kappa coefficients
reached 0.82. The accuracy of the two events indicates that the parameters are suitable and
the results are reliable.
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Table 1. Precision evaluation of the occurrence of disturbance and restoration events.

Disturbance Events Restoration Events

Occurrence PA (%) UA (%) Occurrence PA (%) UA (%)
1989 100.00 100.00 1993 100.00 100.00
1990 100.00 100.00 1996 100.00 100.00
1991 100.00 100.00 2000 100.00 80.00
1999 100.00 88.24 2002 100.00 100.00
2003 100.00 100.00 2003 100.00 100.00
2004 100.00 100.00 2004 75.00 75.00
2005 100.00 100.00 2005 80.00 80.00
2006 100.00 100.00 2007 100.00 100.00
2007 92.59 100.00 2008 85.71 100.00
2008 100.00 100.00 2009 66.67 100.00
2009 66.67 100.00 2010 84.62 100.00
2010 33.33 100.00 2011 100.00 100.00
2011 100.00 100.00 2012 80.70 97.87
2013 33.33 100.00 2013 80.00 92.31
2014 75.00 100.00 2014 100.00 100.00
2015 100.00 85.71 2016 100.00 100.00
2017 100.00 100.00 2020 100.00 100.00
2018 100.00 100.00 No-event 50.00 15.38
2019 91.67 100.00
2020 84.62 100.00

No-event 48.39 65.22
OA 83.00% 84.50%
Kappa 0.82 0.82

The results of supervised classification were evaluated by the sample numbers for D,
RD, DR, R, NC, RDR patterns of 107, 72, 39, 142, 2, and 3, respectively. A confusion matrix
was generated, and the K, UA, PA, and OA were calculated. The classification results of
vegetation change trajectories by SVM showed a high PA and UA, with an OA of 81% and
a kappa coefficient K of 0.73. The accuracy of NC and RDR trajectory types are relatively
low because they are hard to distinguish.

3.2. Vegetation Disturbance and Restoration Results

Vegetation disturbance and restoration in the H-HOCMs over the period of 1987-2020
were obtained using the LandTrendr algorithm. The year of disturbance and restoration,
spectral index change amplitude, and duration of disturbance and restoration in the studied
region were extracted to reflect changes in mining ecological disturbance and vegetation
restoration in the mining fields.

3.2.1. Occurrence of Vegetation Disturbance and Restoration

The occurrence of mining-related ecological disturbances and vegetation restoration
in the region under observation, that is, the year of disturbance or restoration events on
each pixel, is presented in a gradient to show the spatial and temporal distribution of
change events (Figure 6). The different colors in Figure 6 represent the time of the event.
In the LandTrendr algorithm, 1987 was considered as the starting point for disturbance
or restoration. According to the actual situation of this mining area, the mining started
in 1990; therefore, the disturbance occurrence year of 1987 was filtered out (Figure 6a). The
hollow area in the disturbance and restoration maps indicates that there may not have been
disturbance or restoration events during this period.

Vegetation disturbances mainly occurred in the core field of the mine, including the
construction fields (A), external waste dumps (B), and pits (C). The occurrence of mining
activities in the studied region has a strong regularity, spreading from the northwest
(Figure 6a). The first layout of the Heidaigou open-pit mine advanced from the northeast to
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southwest, from the beginning of the 1990s to the 2010s. The second area of the Heidaigou
open-pit mine extends from west to east, similar to the Haerwusu open-pit mining area.
The occurrence of disturbances increased from 2010 in the west to 2019 in the east. In
addition to the continuous mining disturbance areas directly related to coal seam mining,
infrastructure mainly disturbed fragments A1l and A2 in 1990 for Heidaigou and 2006
for Haerwusu.
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Figure 6. Years of disturbance and restoration occurrence: (a) year of disturbance occurrence; (b) year
of restoration occurrence; (c) percentage of disturbance and restoration and CDRR for each year.

The occurrence of restoration indicates that the restoration situation is distributed
throughout the region, unlike the disturbance, without a distinct advancement process or
time course (Figure 6b). The vegetation in the surrounding environment is characterized
by continuous greening since 1987. The restoration of waste dumps (B) occurred after
2000; specifically, the dump in Haerwusu (B5) has been mainly restored since 2012, and
the restoration of the external dumps in Heidaigou (B1-B4) occurred earlier. Most of
the pit areas did not have obvious restorations except for the inner dump north of the
Heidaigou pit.

The annual disturbance and restoration areas from 1987 to 2020, and the ratio of
CDRR are presented in Figure 6¢. In 1987, there was a large mining disturbance area due
to errors caused by the algorithm’s division of abrupt changes. Therefore, we excluded
the starting year. Notably, the periods 1999, 2007, 2011, 2014, and 2017-2020 witnessed
larger areas of vegetation disturbance due to mining operations. The disturbance area
was 608.04 ha in 1999, suggesting that coal mining activities officially commenced during
this period. This aligns with the social materials that mention the start of construction in
1990, followed by the official transition to production in 1999. The disturbed areas in 2007
and 2011 were also noteworthy, indicating possible expansion activities by the coal mine
during those periods. This corresponds to the expansion and transformation mentioned
in the related materials published in June 2006. While direct evidence of expansion in
2011 is lacking, social materials mention that this open-pit coal mine surpassed 31 million
tons in 2011, becoming the largest in China. Therefore, the mining area likely experienced
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a new phase of expansion and transformation from 2010 to 2011 to facilitate increased
production operations.

The total area of vegetation recovery since 1987 was 4331.79 ha, which indicates a
greener outer environment. In mining areas, vegetation rehabilitation has occurred over
large areas since in 2000, 2002, 2008, 2010, 2012, 2013, 2016, and 2020. The CDRR began to
be significantly higher than in the previous years since 2012, which implies that the mining
area implemented vegetation restoration measures in 2012 after the construction of China’s
largest coal mine in 2011. The CDRR level was relatively high throughout 2018, with only a
slight decline between 2018 and 2020, demonstrating that vegetation restoration measures
were implemented vigorously and effectively.

The results of the above analysis show that during the nine years since construction
of the mine began in 1990 to 1999, the degree of development was not high, and there
was no obvious change in the natural recovery of vegetation. The scale and production of
coal mines improved from 1999 to 2011, and many vegetation restoration projects were
conducted after 2011. The total restored area from 2012 to 2020, as shown in Figure 6c,
indicates the remarkable efficiency of ecological rehabilitation.

3.2.2. Magnitude of Vegetation Disturbance and Restoration

The spectral index change amplitudes of the mining ecological disturbance and vege-
tation restoration were extracted to reflect the change intensity. The spectral index (NDVI)
change amplitude was computed, as shown in Figure 7. In recent years, the fields of greater
vegetation disturbance have mainly been located in the pits, including the pits of Heidaigou
Phase II, Haerwusu, and Cuiergeju in the northeast. The disturbance magnitude of recent
pits can reach 0.5-0.6, which is larger than that of previous ones owing to the increasing
natural vegetation. Disturbances in other areas, including construction land, dumps, and
old pits, are very small because of the low vegetation cover of the previous areas. In
addition to the direct disturbance caused by mining, other fragments were disturbed by
related facilities.

(b) ey N

01 02 03 04 05 06 07

Figure 7. Distribution of (a) the maximum disturbance and (b) restoration magnitudes.

The maximum vegetation restoration magnitude is 0.6-0.7, mainly in the external
dumps of the two coal mines (B1-B5) and construction area of Heidaigou (Al). Most
of the revegetation intensities in the external environment of the mine are within the
range 0.2-0.4. Additionally, the inner dump built in the north part of the Heidaigou open
pit has been reclaimed with restoration magnitudes of 0.3-0.5. Vegetation restoration is



Remote Sens. 2023, 15, 5667

12 0f 18

difficult in this mining area because of the high degree of soil damage caused by mining
operations. However, the fields with larger disturbance amplitudes have relatively higher
restoration amplitudes, which supports the inference that vegetation restoration measures
were successfully implemented after 2011 in the mining region.

3.2.3. Duration of Vegetation Disturbance and restoration

The duration of ecological disturbances and vegetation restoration events in the
studied region ranged from 1 to 29 years (Figure 8). In the mining fields, the disturbance
time was relatively short (<5 years) (Figure 8) because mining operations were more
disruptive but faster in the deposit area and later mining operations were based on the
disrupted surface. However, the areas southwest of the mining fields (C1 and C2) were
used for stockpiling operations for many years, and therefore, they were disturbed for
a longer period (approximately 20 years). Sporadic disturbances occurred in the outer
environments of the two surface coal mines, and the duration of these disturbances was
approximately four years.

0 2 4 8

_ ‘ | | _ s KM

4 8 12 16 20 24 28 (years)

Figure 8. Duration of (a) disturbance and (b) restoration.

The restoration duration was relatively long compared to the disturbance duration.
The peripheral vegetation of the mine sites showed sustained greening without disturbance,
with a recovery time of >28 years. The restoration time in dumps B1 and B2, north of B3,
B4, and B5, and the inner dump of Heidaigou was <5 years. Combined with the vegetation
restoration area statistics table, these restorations were mostly concentrated after 2011. The
restoration duration for the pit areas of Heidaigou phase 1I, Haerwusu, and Cuiergeju
lasted approximately 20 years because the pits were mined late, and the ground surface
underwent restoration followed by disturbance.

3.3. Vegetation Disturbance and Restoration Pattern

The change patterns showed that vegetation restoration occupied the largest area,
followed by D, RD, DR, RDR, and NC (Figure 9a,b). The vegetation restoration was
mostly located around the mining field, indicating that the outer environment around the
mining field was not disturbed by mining activities on a large scale and that the increase in
temperature and precipitation over the past 34 years greatly promoted vegetation growth
in these fields. The mine site core is still dominated by disturbance patterns occupying
approximately 31% of the studied region. Most of the Heidaigou open-pit field was
disturbed during nearly 30 years of anthropogenic mining activities, with the northwestern
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Area (ha)
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field being disturbed first and then reclaimed. The changing pattern in the western field
of the Heidaigou and Haerwusu open pits was RD mainly because it was mined in recent
years, and there was a period of vegetation restoration before mining. The field where no
events occurred was small, and it is located primarily near the A1 transportation facility.
The RDR pattern was located at the intersection of the mining field and the spoil dump,
and it is affected by the mining transition period of the Heidaigou mine, causing changes
in vegetation disturbance and restoration patterns.

N 01

A (c) oy

L

b,
3
_ 5

NDVI

3792.87(31%)

1917.63(16%)
985.05(8%)
. 0
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01
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Figure 9. Changing patterns of ecological disturbance and restoration in the studied region 1987-2020
(a) spatial distribution of changing patterns; (b) statistics of area proportion; (c) NDVI anomaly of
mine construction area; (d) NDVI anomaly of outer dumps; (e) NDVI anomaly of mining pits.

The NDVI anomalies for different sites of fields in H-HOCMs are shown in Figure 9c¢,e.
Due to the influence of mining activities, each sub-area of the mining region also shows
different vegetation change patterns. Vegetation in the outer environment shows a R pattern
with consistent greening trend. The mine construction area (Al and A2) indicates a DR
pattern, in which disturbance of A1 mainly happened in 1990 and A2 in 2006 (Figure 9c).
The vegetation in these areas restored a similar magnitude to that of the surrounding
regions afterward. Vegetation in five outer dumps was disturbed at different periods of
mining activities and restored dramatically in the past decade (Figure 9d). The restoration
magnitude of most dumps is much higher than that of the surrounding environment. The
vegetation change curves of the mining pits are the combined effect of long-term mining
activities, especially the Heidaigou with a longer period of disturbance and restoration.
The overall change curves of the three pits exhibited a disturbance pattern, and disturbance
in Heidaigou (C1), Haerwusu (C2), and Cuiergeju (C3) pit mainly appeared in 2002, 2006,
and 2015, respectively.



Remote Sens. 2023, 15, 5667

14 0f 18

4. Discussion
4.1. Reliability of LandTrendr Algorithm

In the GEE, we applied the time-series Landsat dataset and the LandTrendr algorithm
to comprehensively analyze the vegetation disturbance and restoration of H-HOCM s in
the Jungar Coalfield. The findings revealed that the LandTrendr algorithm could detect
long-term changes and sudden events, making it an important tool for quantitative analysis.
Running on the GEE, the algorithm offers high analysis efficiency, simplifies the research
process, and reduces the cost of obtaining relevant information. Moreover, it can track
the progress of these disturbances and their recovery over time, thereby offering valuable
support for the ecological environmental supervision of open-pit coal mines. Thus, the
LandTrendr algorithm can efficiently capture mine-induced disturbances and is a practical
tool for mine restoration management [35].

However, there are limitations to consider when applying the Land Trendr algorithm
for the evaluation of mining detection. First, the algorithm detection results may be affected
by non-mining factors, such as clear-cutting and drought, which must be independently
verified. Second, the setting of parameters will affect the algorithm and result, and the
parameters must be continuously adjusted according to the background conditions of
regional surface vegetation and the degree of disturbance; in addition, due to non-field
investigations or image data accuracy problems, there may be some errors, and the bias
of visual interpretation may result in insufficiently accurate data on the disturbance or
recovery events, leading to errors. Finally, in ecologically fragile areas, changes in the NDVI
caused by mining disturbances may not be significant. For example, the dumps in Northern
Heidaigou could not be detected as vegetation disturbance due to the low vegetation index
of the land surface. Similarly, there is a risk of misidentifying NDVI reduction resulting
from land degradation as a mining disturbance, which affects the algorithm’s evaluation
accuracy. Therefore, when applying the LandTrendr algorithm in practical applications, all
these issues must be comprehensively considered, and appropriate parameters should be
selected to address specific problems effectively.

Meanwhile, the LandTrendr algorithm also has some limitations in tracking vegetation
disturbance and restoration in mining areas. First, it is only applicable to surface mining
points as it relies on changes in the surface spectral vegetation index, which means it cannot
be used for underground mines that do not cause surface changes. Second, when it is
applied to detect the ecological restoration process in a large range of multiple mining
areas, the requirements for the optimal segmentation of different mines cannot be met
simultaneously if only one group of parameters is used [27], and challenges may arise in
terms of feasibility owing to the need to customize parameters for specific mining areas.
Third, the algorithm has high requirements for remote sensing image quality; poor image
quality can result in missed or false change detections.

4.2. Disturbance and Restoration in the Jungar Coalfield

Over the past 30 years, the rapid development of China’s economy and the increasing
intensity and breadth of production and construction activities have inevitably disturbed
its ecosystem. The process of mine extraction and reclamation affects the surface land,
resulting in more rapid changes to the surface than other natural causes, such as climate,
posing a threat to local ecology and the environment. In China, surface coal mines are
mainly distributed in the central and western regions, such as arid and semi-arid areas in
Shanxi and Inner Mongolia, where the ecological environment is relatively fragile [45,46].
According to public data released by the Ordos Municipal Government, by the end of
March 2020, there were 134 coal mines in Junge Banner, of which 86 were in production,
including 47 coal mines and 39 open-pit coal mines. Heidaigou and Haerwusu are the two
largest open-pit coal mines in the region. Surface mining has a greater ecological impact,
making it more difficult to conduct reconstruction and restoration [16].

Land reclamation in mining areas has gradually received attention from 1989 to
the year the “Regulations on Land Reclamation” were implemented [46,47]. In 2006, land
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reclamation was included in China’s mining permit acquisition and approval processes [48].
In 2011, the State Council of China promulgated the “Land Reclamation Regulations”,
which states that all land damaged or destroyed by production and construction activities
must be reclaimed. In accordance with the principle of “whoever destroys the land should
reclaim it”, the producer or builder is responsible for its reclamation [26]. The Heidaigou
open-pit coal mine is one of the first batches of pilot green mines announced by the Ministry
of Land and Resources in 2011. As presented in Figure 6¢, most restoration efforts occurred
in 2012 and 2013. Reclamation of the mined field adopts the method of “immediate mining
and filling”, taking materials locally and backfilling locally. The entire process involves
backfilling the rock and loess of the area currently being mined to the last mining area,
ultimately forming a piece of the flat inner row of the soil field. The mined area in Northern
Heidaigou was changed into an inner dump and was reclaimed as vegetated fields.

Reclamation takes a long time, usually 3-5 years from the backfilling with rock and
loess to the natural settling and maturation of the land. The reclaimed vegetation in the
artificial region of this study could recover from the mining disturbance in approximately
4 years, which is similar to the 3-5 years suggested by Li et al. (2019). However, vegetation
in a shrub/grass community usually takes 15-30 years for natural succession [14,49]. Our
study shows that the increase in greenness in the surrounding area takes over 20 years and
that artificial vegetation restoration can greatly shorten the restoration time and enhance
the intensity.

The Heidaigou and Haerwusu open-pit coal mines were selected from the National
Green Mine List for 2020. With increasing awareness of environmental protection and
the requirements of related regulations, the design and practice of reclamation projects
run through the mining life cycle and continue for a long time after coal production [16].
Ecological mining planning for agriculture, forestry, grazingwas proposed according to the
local natural and economic conditions in the H-HOCMSs. The reclamation measures were
carried out in the development design, mining, and practical land development stages of
practical land. The reclamation field of the Heidaigou open-pit coal mine reached 1200 ha
in 2020, and the reclamation rate of the external dumps is close to 100%. The vegetation
coverage in the mining area has increased significantly, the structure of the ecosystem
in the mining area has changed from simple to complex, and the vegetation population
has changed from single to diverse, forming a natural landscape with greening in spring,
flowers in summer, and fruits in autumn. Nevertheless, further ecological restoration is
still needed for the internal dump transformed from the mine pit to achieve sustainable
land use in the future.

5. Conclusions

We detected ecological disturbance and restoration details of large surface coal mines
in the loess region, the Heidaigou and Haerwusu open-pit coal mines (H-HOCMs), using
the Landsat images available from 1987 to 2020 and the Land Trendr algorithm on the Google
Earth Engine cloud platform. A comprehensive analysis of the year, intensity, duration,
and pattern of vegetation disturbance and restoration in the H-HOCMs was conducted.
The main conclusions are as follows: (1) The LandTrendr algorithm is characterized by
high accuracy in detecting ecological disturbance and restoration events in the H-HOCMs,
with the overall accuracy of disturbance and restoration being 84.5% and 83%, respectively,
and kappa coefficients of 0.82; (2) disturbance in the Heidaigou open-pit coal mine has
continued since the beginning of the 1990s, in a north-south direction followed by an
eastward advancement, and mining in the Haerwusu has advanced from west to east
since 2010; (3) the vegetation greenness disturbance magnitude in the mining area is
relatively low, and the duration is about 4-5 years, and the restoration magnitude and
duration varied largely; and (4) the main trajectory type shows that vegetation restoration
(R) occurring in the external waste dumps and outer surrounding area occupies the largest
area (44%), followed by disturbance (D) of mining pits (31%), restoration-disturbance (RD,
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16%), disturbance- restoration (DR, 8%), restoration—disturbance-restoration (RDR) and no
change (NC).
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