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Abstract: Understanding the changes in a land use/land cover (LULC) is important for environmental
assessment and land management. However, tracking the dynamic of LULC has proved difficult,
especially in large-scale underground mining areas with extensive LULC heterogeneity and a history
of multiple disturbances. Additional research related to the methods in this field is still needed.
In this study, we tracked the LULC change in the Nanjiao mining area, Shanxi Province, China
between 1987 and 2017 via random forest classifier and continuous Landsat imagery, where years of
underground mining and reforestation projects have occurred. We applied a Savitzky–Golay filter and
a normalized difference vegetation index (NDVI)-based approach to detect the temporal and spatial
change, respectively. The accuracy assessment shows that the random forest classifier has a good
performance in this heterogeneous area, with an accuracy ranging from 81.92% to 86.6%, which is also
higher than that via support vector machine (SVM), neural network (NN), and maximum likelihood
(ML) algorithm. LULC classification results reveal that cultivated forest in the mining area increased
significantly after 2004, while the spatial extent of natural forest, buildings, and farmland decreased
significantly after 2007. The areas where vegetation was significantly reduced were mainly because
of the transformation from natural forest and shrubs into grasslands and bare lands, respectively,
whereas the areas with an obvious increase in NDVI were mainly because of the conversion from
grasslands and buildings into cultivated forest, especially when villages were abandoned after
mining subsidence. A partial correlation analysis demonstrated that the extent of LULC change was
significantly related to coal production and reforestation, which indicated the effects of underground
mining and reforestation projects on LULC changes. This study suggests that continuous Landsat
classification via random forest classifier could be effective in monitoring the long-term dynamics of
LULC changes, and provide crucial information and data for the understanding of the driving forces
of LULC change, environmental impact assessment, and ecological protection planning in large-scale
mining areas.

Keywords: LULC change; underground mining and reforestation; random forest classifier;
heterogeneous area; continuous Landsat classification

Remote Sens. 2019, 11, 1719; doi:10.3390/rs11141719 www.mdpi.com/journal/remotesensing

http://www.mdpi.com/journal/remotesensing
http://www.mdpi.com
https://orcid.org/0000-0002-2063-8218
http://www.mdpi.com/2072-4292/11/14/1719?type=check_update&version=1
http://dx.doi.org/10.3390/rs11141719
http://www.mdpi.com/journal/remotesensing


Remote Sens. 2019, 11, 1719 2 of 22

1. Introduction

The development of land use/land covers (LULC), as a manifestation of the structure and function
of socio-ecological systems, reflects the transformation of regional ecosystems and socioeconomics [1–4].
In an area with extensive human activity, such as a mining area, several disturbances are likely to
significantly change the LULC [5–8]. LULC of these areas are more likely to change dramatically in
terms of their level of heterogeneity, based on disturbances from both continuous underground mining
and restoration activities at the surface. The former usually causes loss of vegetation, destruction of
buildings, and soil degradation, while the latter results in reconstruction of the modified LULC through
activities such as reforestation [9–16]. Monitoring LULC changes can provide critical information
related to eliminating disturbances and developing new land management plans, which will benefit
both the environment and the management of a mining area [17–19]. Because LULC changes occur
at large spatial and temporal scales, traditional field surveys, such as geodetic surveys and cadastral
surveys, have proven to be inadequate for documenting dynamic and long-term changes to LULC due
to the high costs of fieldwork.

Remote sensing provides an effective approach to monitoring the LULC changes in mining areas.
In comparison with traditional field surveys, remote sensing can help researchers track long-term
changes of the LULC at a low cost. Previous studies have applied remote sensing to monitor the
LULC in numerous mining areas. The changes in LULC of the Tortiya mining area within 46 years
were detected by supervised classification via Corona and Landsat images [20]; the surface mines
within the United States were classified to revealed the changes between 2001 and 2006 [21]; the
distribution of land use/land covers in mining areas was also mapped by classification via multiple
remote sensing imagery [22,23]. In these studies, supervised classification is the most important
approach to obtaining the LULC data, such as using random forest, a support vector machine, as well
as the maximum likelihood and neural network methods [24–26]. As for remote sensing imagery with
medium resolution, like Landsat images, it could be hard to identify and classify the LULC directly.
To address this, field investigation and extra data such as elevation information and normalized
difference vegetation index (NDVI), were adopted frequently to improve classification precision [27].

The detection of the dynamics of a LULC can prove to be difficult, especially in highly
heterogeneous mining areas with multi-factor disturbances [28]. Traditionally, changes in the LULC
have been demonstrated via multiple or two-date comparisons of LULC units, which could show
spatial and temporal changes between two years and simulate the entire trend of LULC changes [29–31].
Some existing LULC products were also produced to richen the understanding of LULC changes, such
as the Fine Resolution Observation and Monitoring of Global Land Cover (FROM-GLC) map and the
30-m resolution Global Land Cover Dataset (GLOBELAND) [32,33]. However, these dynamics may be
inadequate to understand the effect of surface activities on the LULC due to discontinuous and scarce
classification results, which would be particularly significant in an area with a variety of disturbance
types. Frequent and remarkable LULC changes have often occurred in these areas, showing little
regular pattern of change. To overcome these gaps, some researchers have also proposed the use of
consecutive monitoring methods, such as a LandTrendr algorithm [34]. This type of algorithm tracks a
single spectral value or vegetation index in each cell of all available remote sensing images in a study
area to represent localized LULC change [35,36]. This approach, however, can only be applied in an
area with single LULC type, because different LULC are difficult to differentiate when diverse objects
might show the same value or index [37]. Overall, the effect of multi-factor disturbances on LULC are
still not well understood, and a method that can be used to acquire continuous and long-term LULC
change data in an area with strong heterogeneity and multi-factor disturbances is still lacking.

This research aimed to monitor LULC change in a mining area with a strong heterogeneity and
multi-factor disturbances via continuous Landsat classification. We adopted a random forest classifier
and selected the Nanjiao Mining Area, Datong City, Shanxi Province as the study area, where local
features include continuous mining activities and reforestation, as well as diverse LULC. In the Nanjiao
mining area, the generally low vegetation cover is mainly composed of cold- and drought-tolerant
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coniferous forests, shrubs, and some herbaceous vegetation. A long history of coal mining in the
Nanjiao mining area can be traced back 1500 years. By the end of 2000, 191 coal mining enterprises were
active in the southern suburbs [38]. After the coal mine consolidation efforts were completed in 2010,
a total of 43 coal mines were retained having a total production capacity of 57.08 million tons annually.
Between 1949 and 2003, the cumulative coal mine output reached 113.2 million in total. The large-scale
mining of coal has led to a large area of subsidence which, as of 2015, involved 331.59 km2. Therefore,
a series of ecological restoration projects have been carried out in the Nanjiao district.

The present study had three objectives: (1) To evaluate the performance of continuous Landsat
classification via random forest classifier in revealing LULC changes in heterogeneous regions; (2) to
monitor the dynamics of LULC in an area with intense mining activity and afforestation from 1987 to
2017; and (3) to discuss the effects of underground mining and afforestation projects on the LULC.

2. Materials and Methods

2.1. Study Area

The research was conducted in the Nanjiao mining area, located in Nanjiao District, Datong
City, Shanxi Province, China (Figure 1). Here, the semi-arid continental climate features a mean
annual temperature of 6.4◦C and mean annual precipitation of 384.6 mm, with precipitation mainly
occurring from June to September. The loess soil here is typically composed of approximately 64%
sand (50–2000 µm), 24% silt (2–50 µm), and 12% clay (< 2 µm). The Pingchuan hills dominate the area,
while the terrain elevation is generally high in the northwest and low in the southeast, with an average
elevation of 1250 m. This area with coal mining subsidence covers five townships (the townships of
Pingwang, Kouquan, and Ya’er Cliff, and the towns of Gaoshan and Yungang), with a total area of
459.37 km2.
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Figure 1. Location of the Nanjiao mining area and the distribution of the subsidence area. The boxes
with years in legend represent the durations of mining activities occurring in each area.

In addition, to address severe wind and soil erosion in the region, China has implemented several
major reforestation projects simultaneously—the most important of them being the Three-North
Shelter Forest Program (since 1987) and the Beijing-Tianjin Sandstorm Source Control Project (since
2002) [39,40]. The reforestation efforts involved the cultivation of introduced vegetation, mainly trees
(pine and poplar) and shrubs (sea buckthorn), which were mainly distributed in the mining area after
land reclamation and abandoned farmland. The coal production and reforestation area from 1987 to
2017 in this area were collected and shown as Figure 2. All mining-related data in this study were
acquired from Bureau of Land and Resources in Nanjiao district, Datong city.
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Figure 2. Coal production and reforestation from 1987 to 2017. EP1 (Ecological project 1): Three-North 
Shelter Forest Program. EP2 (Ecological project 2): Beijing-Tianjin Sandstorm Source Control Project. 
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26–29 September, 2018 to verify these LULC and correct misclassified objects. For example, the forest 
in the study area was divided into three categories: Natural forest, cultivated forest, and mixed forest. 
As for natural forest, which is mainly located on the mountain with a high elevation, it was dense 
and dominated by pine; cultivated forest was distributed on the plain with low Digital Elevation 
Model (DEM) value, and mainly consisted of poplar, planted in an intensive and tidy pattern; mixed 
forest developed under spontaneous succession in the long term, and was made up of trees, shrubs, 
and grass, which was usually in a loose pattern and poor growth condition due to lack of 
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Figure 2. Coal production and reforestation from 1987 to 2017. EP1 (Ecological project 1): Three-North
Shelter Forest Program. EP2 (Ecological project 2): Beijing-Tianjin Sandstorm Source Control Project.

2.2. Training Sample and Datasets

2.2.1. Training Sample Collection

High precision training samples and an appropriate classification system are the perquisite of
LULC classification. In this study, we combined both imagery observation and field investigation to
determine classification system and training samples. Firstly, we concluded categories of potential
LULC via Landsat imagery, Google Earth images and acquired land use maps, and those which
cannot be determined were marked. Then, we conducted field surveys in the Nanjiao district from
26–29 September, 2018 to verify these LULC and correct misclassified objects. For example, the forest
in the study area was divided into three categories: Natural forest, cultivated forest, and mixed forest.
As for natural forest, which is mainly located on the mountain with a high elevation, it was dense and
dominated by pine; cultivated forest was distributed on the plain with low Digital Elevation Model
(DEM) value, and mainly consisted of poplar, planted in an intensive and tidy pattern; mixed forest
developed under spontaneous succession in the long term, and was made up of trees, shrubs, and
grass, which was usually in a loose pattern and poor growth condition due to lack of management.
They showed different spectral characteristics on Landsat images due to their species and density of
tree. In the Landsat image with false-color composite, natural forest, cultivated forest, and mixed forest
showed black, dark red, and dull red, respectively, as shown in Figure 3. In summary, we determined
a total of ten LULC types, including natural forest, cultivated forest, mixed forest, high-coverage
grassland, low-coverage grassland, shrubs, buildings, farmland, bare land, and photovoltaic panels.
Among these, photovoltaic panel was a relatively novel LULC in this area which appeared in 2015,
according to Landsat imagery.

Based on defended LULC, a total of 265 regions of interest (about 25 sample polygons for each
LULC that included 1350 points) were selected by visual interpretation in 2017, and the distribution
of these samples was shown in Figure 4a. As for the images in previous years, we took the spectral
characteristic of each LULC in 2017, documented Google Earth images and acquired land use maps
as references to select regions of interest in previous years, and 7655 sample polygons (more than
250 samples including about 1250 points in each year) in total were chose from 1987 to 2017. To test
the difference of determined samples in spectral characteristics, and select the imagery in the suitable
season participating in supervised classification, we compared the average of the pixel spectral value
and the annual normalized difference vegetation index (NDVI) changes (NDVI in 2016 was chosen
as an example) in each sample respectively (Figure 4b,c). The spectral curve illustrated the deviance
of selected samples for each LULC, and NDVI changes revealed that the images between 1 August
and 30 September could be the best duration for classification. In addition, the NDVI values of each
LULC were ascertained with the reference of the annual NDVI change in previous years, which were
obtained from the dataset on Google Earth Engine, including Landsat 8 32-Day NDVI Composite,
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Landsat 7 32-Day NDVI Composite, and Landsat 5 32-Day NDVI Composite [41]. At last, we acquired
the classification system and samples in all years, and a detailed description of determined LULC is
shown in Table 1.

Remote Sens. 2019, 11, x FOR PEER REVIEW 5 of 22 

 

 
Figure 3. A comparison of remote sensing images and field survey photos. Landsat image was 
composited with false-color (RGB: Band 432). 

Based on defended LULC, a total of 265 regions of interest (about 25 sample polygons for each 
LULC that included 1350 points) were selected by visual interpretation in 2017, and the distribution 
of these samples was shown in Figure 4a. As for the images in previous years, we took the spectral 
characteristic of each LULC in 2017, documented Google Earth images and acquired land use maps 
as references to select regions of interest in previous years, and 7655 sample polygons (more than 250 
samples including about 1250 points in each year) in total were chose from 1987 to 2017. To test the 
difference of determined samples in spectral characteristics, and select the imagery in the suitable 
season participating in supervised classification, we compared the average of the pixel spectral value 
and the annual normalized difference vegetation index (NDVI) changes (NDVI in 2016 was chosen 
as an example) in each sample respectively (Figure 4b,c). The spectral curve illustrated the deviance 
of selected samples for each LULC, and NDVI changes revealed that the images between 1 August 
and 30 September could be the best duration for classification. In addition, the NDVI values of each 
LULC were ascertained with the reference of the annual NDVI change in previous years, which were 
obtained from the dataset on Google Earth Engine, including Landsat 8 32-Day NDVI Composite, 
Landsat 7 32-Day NDVI Composite, and Landsat 5 32-Day NDVI Composite [41]. At last, we acquired 
the classification system and samples in all years, and a detailed description of determined LULC is 
shown in Table 1. 

Natural Forest 

Field survey Google Earth Landsat  

39°59′31″N 
113°04′53″E 

40°05′32″N 
113°02′05″E 

Cultivated Forest 

High-coverage 

40°02′57″N 
113°03′53″E 

Grass 

Figure 3. A comparison of remote sensing images and field survey photos. Landsat image was
composited with false-color (RGB: Band 432).

Table 1. A detailed description of each land use/land cover (LULC).

Classification Type Standard

Natural forest High density pine; NDVI > 0.5; black in false-color composite; high elevation

Cultivated forest High density Poplar; NDVI > 0.5; dark red in false-color composite; low elevation

Mixed forest Low density tree; 0.3 < NDVI < 0.5; dull red in false-color composite

High-coverage grassland High density grass; 0.3 < NDVI < 0.5; pink in false-color composite

Low-coverage grassland Low density grass; 0.2 < NDVI < 0.3; baby pink in false-color composite

Shrubs High density shrubs; NDVI > 0.5; bright red in false-color composite

Farmland Crop; NDVI > 0.5; red in false-color composite; low elevation

Buildings Impervious surface; NDVI < 0.2

Bare land Non-vegetation surface; NDVI < 0.2; white in false-color composite

Photovoltaic panel area Photovoltaic panel; 0.3 < NDVI < 0.5; blackish green in false-color composite
(because of the vegetation under panel); low elevation
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of the samples; (c) annual changes in the normalized difference vegetation index (NDVI) of samples.
Note: The grey area in (c) represents the duration of images selected for classification.

2.2.2. Data Preparation

Landsat4/5 thematic mapper, Landsat 7 enhanced thematic mapper (SLC-on), and Landsat 8
operational land imager data were employed as data resources in this research. Images acquired
between August and September were reviewed in terms of the maturity of plants and crops in the
Nanjiao district to minimize variations caused by plant phenology. After setting the maximum cloud
cover at less than 10%, a total of 50 images acquired between 1987 and 2017 were obtained from the
United States Geological Survey website (USGS, https://earthexplorer.usgs.gov/) (Table 2).

https://earthexplorer.usgs.gov/
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Table 2. Image acquisition date and its sensor. TM—Thematic Mapper; ETM—Enhanced Thematic
Mapper; OLI—Operational Land Imager.

Period Sensor Acquisition Date

1987–1997 TM

8 September 1987 26 September 1988 29 September 1989
31 August 1990 02 August 1991 18 August 1991
04 August 1992 24 September 1993 10 August 1994

27 September 1994 30 September 1995 16 September 1996
09 August 1997 25 August 1997 03 September 1997

1997–2007 ETM, TM

28 August 1998 06 September 1998 24 August 1999
11 September 2000 21 August 2001 14 September 2001
30 September 2001 01 September 2002 17 September 2002
25 September 2002 03 August 2003 20 September 2003

05 August 2004 22 September 2004 25 September 2005
27 August 2006 12 September 2006 28 September 2006
14 August 2007 15 September 2007

2007–2017 TM, ETM, OLI

01 September 2008 20 September 2009 22 August 2010
23 September 2010 09 August 2011 14 August 2013
06 September 2013 01 August 2014 18 September 2014

04 August 2015 20 August 2015 21 September 2015
06 August 2016 23 September 2016 25 August 2017

Note: OLI, operational land imager; TM and ETM refer to Landsat thematic mapper and enhanced thematic
mapper, respectively.

2.3. Methods

2.3.1. LULC Classification and Change Detection

Major components of continuous LULC classification are shown in Figure 5. Before LULC
classification, we applied radiometric calibration and atmospheric correction (FLAASH) to the images
that selected with less than 10% cloud, which were also cut according to the boundary of study area
for accelerating classification process and increasing accuracy. After pre-processing the continuous
images, we composted the Landsat spectrum, terrain information from the Global Digital Elevation
Model of the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER GDEM)
with 30 m resolution, and NDVI into one layer to provide input for the random forest classifier, which
has been proven to be effective in many research studies [27,42].

To determine the classification algorithm used in this research for best accuracy performance, we
produced LULC classification with random forest (RF), support vector machine (SVM), neural network
(NN), and maximum likelihood (ML) algorithm to the 2017 image respectively. Figure 6 shows that the
overall accuracy of the four classifiers exceeded 83%, and the random forest classification provided the
highest accuracy. Therefore, we applied the random forest algorithm in the rest of LULC classification.

As for random forest algorithm, the accuracy depended on the number of trees and the number
of random features used for classification. Among the features were NDVI and DEM, as they might
improve classification accuracy. The OOB (out-of-bag) test was performed to determine the test set
accuracy. According to trial and error, the number of trees and random vectors of 50 and 3, were
considered as the best parameters for random forest classification of land cover/land use of the study
area. The classification via SVM, NN, and ML algorithm were all performed in ENVI 5.3. As for
SVM algorithm, Radial basis function was selected to be performed in this study, with Gamma in
Kernel Function and Penalty Parameter equaling to 0.25 and 100, respectively; Pyramid levels was
set as default values (0). During the classification with NN algorithm, logistic function was used
for activation. Training threshold contribution, training rate, training momentum, and training Root
mean square (RMS) exit criteria were determined as 0.9, 0.2, 0.9, and 0.1 after comparing the results
with different values, and the number of training iterations was set as 100 for improving accuracy.
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ML algorithm was performed with setting probability threshold with none and data scale factor with
255, according to the data type used in this research.Remote Sens. 2019, 11, x FOR PEER REVIEW 8 of 22 
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As for the years with multiple images, we performed random forest classification for all these
images respectively. The difference in LULC between classification results were selected, and the LULC
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with maximum number of occurrences after comparing all results were determined as the final one.
For example, if one area was classified into cropland twice and grassland one time, based on three
images in one year, then cropland was determined as its LULC. At last, we combined and modified
those area which have deviance among classification results via post classification in ENVI 5.3, and a
composite image as the annual land use/land cover was derived in this year.

Temporal and spatial changes from 1987 to 2017 were analyzed in this research annually.
After acquiring a relatively continuous set of dynamic LULC images, we applied Savitzky-Golay filter
to eliminate the noise from remote sensing classifications between years, which was frequently applied
to simulating the data trend in the long term [43,44].

As for spatial changes, we introduced an NDVI-based approach to detect the LULC change
where the NDVI varied dramatically. Previous studies frequently adopted confusion matrix to reflect
the changes of every pixel [45], and some complex detection algorithms [46,47]; however, these
approaches seldom categorize the changes with different degrees of change. Underground mining and
reforestation, the two main driving forces that we considered in this research, were more likely to result
in greater changes in NDVI than other natural factors (climate changes and vegetation succession);
such as the significant increase in NDVI when bare land was planted with trees. Thus, we applied
a difference-NDVI (DNDVI) to highlight the spatial changes in LULC, especially as these might be
caused by underground mining and reforestation. The equations are as shown below:

NDVI = (Nir − Red)/(Nir + Red) (1)

DNDVI = NDVIt2 − NDVIt1 (2)

where Nir and Red represent reflectance derived from spectral radiances, measured by the near-infrared
channel and the red channel, respectively, while NDVIt2 and NDVIt1 are the NDVI in t2 and t1 year.

To categorize the degree of LULC change in terms of NDVI, we tried different thresholds to divide
the DNDVI, and we found that the NDVI changes would effectively match the LULC changes when
DNDVI equals 0.4. Thus, we divided DNDVI into five grades: Dramatic increase (DNDVI >0.4), small
increase (0.1 < DNDVI < 0.4), stable (−0.1 < DNDVI < 0.1), small decline (−0.4 < DNDVI < −0.1), and
dramatic decline (DNDVI < −0.4). In this research, we selected 1987 and 2017 images as examples to
show the spatial changes over 30 years.

2.3.2. Accuracy Assessment

We applied a stratified random sampling strategy to test the accuracy of the classification results
in the present study. In total, 30,000 points were randomly produced via ArcGIS 10.3 (ESRI, Redlands,
CA, USA) within the study area, with 1000 points in each year. To make sure every class included
enough sample points, we counted the number of sample points in each class and supplemented
the amount by more than 100. We compared each sample to polygon attributes, field records, and
Google Earth images, and identified the associated LULC categories. In addition, we also collected
some existing land use/land cover products, such as the 30-m resolution Global Land Cover Dataset
(GLOBELAND 30; 2000 and 2010) and the Fine Resolution Observation and Monitoring of Global
Land Cover (FROM-GLC) map, which have the same spatial resolution as our classification results,
to test the accuracy of our results. A confusion matrix was applied in the present study to check the
accuracy of the results, because confusion matrices have been widely used in accuracy assessment.
The overall accuracy and Kappa concordance coefficient of agreements (Kappa coefficient) in each year
were calculated, and finally the overall accuracy of all classification results was obtained average value.
The equation of Kappa coefficient is showed as below [46].

Kappa =
N

∑r
i=1 xii −

∑r
i=1(xi+ ∗ x+i)

N2 −
∑r

i=1(xi+ ∗ x+i)
(3)
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where r is the number of rows in the matrix; xii is the number of pixels in row i and column i; xi+ and
x+i are the marginal totals of row i and column i, respectively; and N is the total number of pixels.

2.3.3. Data Analysis

Because the LULC in the study area was influenced by both underground mining and reforestation
projects, partial correlation method was applied to describe the relationship between LULC, coal
production, and reforestation area, and the partial correlation coefficient was tested via t-test at the
significance level of 0.05. The partial correlation coefficients were calculated as follows:

rLiC·R =
rLiC − rLiR × rCR√(

1− rLiR
2
)
× (1− rCR2)

(4)

rLiR·C =
rLiR − rLiC × rCR√(

1− rLiC
2
)
× (1− rCR2)

(5)

where i is the number of LULC, and rLiC·R and rLiR·C represent the partial correlation coefficient of ith
LULC and coal production, and reforestation area, respectively. rLiC, rLiR, and rCR were the correlation
coefficients between ith LULC and coal production, reforestation area, as well as between coal production
and reforestation area, respectively. Curve fittings (both linear and non-linear functions) were also used
to simulate the change of LULC under the effect of underground mining and reforestation projects.
Software, including SPSS 19.0 and Excel, were used to perform all of the statistical analyses, with the
Origin 9.0 software used for producing figures.

3. Results

3.1. Performance Assessment of the Classification

Overall accuracy and Kappa coefficient were calculated and are displayed in Table 3. The overall
accuracy of classifications all exceeded 80%, ranging from 81.92% to 86.6%. In addition, the Kappa
coefficients varied between 0.80 and 0.85. In general, average overall accuracy and Kappa coefficient
were 84.01% and 0.82, respectively. In the years with low accuracy, some land use which had similar
spectra were classified incorrectly, such as mostly occurred when low-coverage grassland and mixed
forest were misclassified (see Table S1).

Table 3. Overall accuracies and Kappa coefficients of the classification results.

Years Overall Accuracy
in Each Year (%) Kappa Coefficient Years Overall Accuracy

in Each Year (%)
Kappa

Coefficient

1987 82.4 0.81 2002 82.85 0.81
1988 83.85 0.82 2003 82.21 0.80
1989 82.46 0.81 2004 82.63 0.81
1990 84.47 0.83 2005 83.46 0.82
1991 85.6 0.84 2006 85.98 0.85
1992 83.44 0.82 2007 82.86 0.81
1993 84.8 0.83 2008 83.18 0.81
1994 84.1 0.82 2009 85.48 0.84
1995 85.92 0.84 2010 83.72 0.82
1996 81.92 0.80 2011 84.31 0.83
1997 82.81 0.81 2013 83.68 0.82
1998 83.32 0.82 2014 84.92 0.83
1999 85.91 0.84 2015 85.5 0.84
2000 82.29 0.81 2016 85.83 0.84
2001 83.78 0.82 2017 86.6 0.85

Average overall accuracy (%) 84.01
Average Kappa coefficient 0.82
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Figure 7 compares the accuracy of random forest classification results with that of FROM-GLC
and GLOBELAND 30 products. We selected a small area of the classification in 2010 as a sample.
Compared with the original Landsat image (Figure 7a), the classification by random forests (Figure 7b)
has a better performance in the details of land use, while FROM-GLC (Figure 7c) and GLOBELAND 30
(Figure 7d) products provide less detailed information. Some land uses were combined or ignored
in the latter two classification systems, especially those that have a relatively small scale, such as
buildings, shrubs, or cultivated forest. In addition, we compared the overall accuracy of the three
types of classification results listed above. The overall accuracy of random forest ranked the first in its
average value among these three products. It is followed by that of FROM-GLC and GLOBELAND30,
with only 68.67% and 54.98%, respectively.Remote Sens. 2019, 11, x FOR PEER REVIEW 12 of 22 
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Figure 7. A comparison of the overall accuracies using Random forest classification, the Fine Resolution
Observation and Monitoring of Global Land Cover (FROM-GLC) map, and the 30-m resolution Global
Land Cover Dataset (GLOBELAND 30). (a) Landsat image with false-color composite; (b) Random
forest classification; (c) FROM-GLC; and (d) GLOBELAND 30.

3.2. Temporal and Spatial Changes of LULC

Visualizations of LULC in the Nanjiao mining area between 1979 and 2017 are shown in Figure 8,
listing detailed LULC in 1987, 1997, 2007, and 2017 as reference data (Table 4). Spatial changes obviously
occurred in the northern part of the study area, where many photovoltaic panels and buildings have
been constructed over the last 30 years. Meanwhile, in the mountainous area located in the southern
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part of the area, the spatial extent of natural forest has decreased. As the statistical analysis shows, in
1987 the LULC was dominated by low-coverage grassland and mixed-forest land, while little farmland
and cultivated forest was found in the Nanjiao mining area. After 10 years, low-coverage grassland
continued to dominate in LULC pattern, while the number of buildings increased dramatically and
became the second most important LULC feature. At the same time, farmland and cultivated forest
continued to decline in spatial extent. Between 1997 and 2007, most LULC had experienced an increase,
except for the spatial extent of areas with buildings, low-coverage grassland, and shrubs. In this period,
mixed forest became the major LULC in this area. In 2017, a novel LULC, photovoltaic land, emerged
in the mining area. The low-coverage grassland and mixed forest land were still the main LULC types
of the region, and the extent of cultivated forest land increased significantly, while the coverage area
covered by buildings declined relative to other LULC. Overall, lands with natural forest and shrubs
are mainly concentrated in the mountainous areas outside the subsidence area in the southern part
of the study area; the remaining LULC, such as cultivated forest land and newly-built photovoltaic
panels, are within the subsidence area, and the farmland is mainly distributed around towns.
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Figure 9 illustrates the dynamics of land use changes in the Nanjiao mining area between 1987
and 2017. The results show that the cultivated forest land (a) and shrubs (d) experienced a small
fluctuation in the first 20 years, before arising dramatically since around 2005. The area of natural
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forest (b) and farmland (g) kept a steady increase until about 1997, and after a significant growth, they
descended since 2007 and 2004, respectively. The amount of buildings (h) in the study area expanded
during the first 15 years and continued to expand over the following period. High-coverage grassland
(e) remained steady in the first 15 years, and decreased significantly after 2007 following a short-lived
increase, while low-coverage grassland (f) and bare land (i) showed a nearly opposite trend. The area
of mixed forest land (c) has maintained a declining trend, except for a transient increase from 2002
to 2007.

Table 4. The LULC in 1987, 1997, 2007, and 2017. Note: HC and LC represent high-coverage and
low-coverage, respectively.

LULC\Year 1987 (km2) 1997 (km2) 2007 (km2) 2017 (km2)

Cultivated forest 1.55 0.89 11.19 31.36
Natural forest 11.87 15.49 29.67 11.21

Buildings 41.79 86.09 79.44 33.96
Farmland 0.65 0.36 16.74 11.40

HC grassland 25.62 35.61 74.78 29.80
Shrubs 9.81 22.80 22.06 23.02

Mixed forest 164.37 78.63 118.98 88.06
LC grassland 189.75 199.52 85.86 148.34

Bare land 13.96 19.98 20.65 21.64
Photovoltaic panel area - - - 60.58
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Figure 9. Land use changes in the mining area from 1987 to 2017. Black line: The trend line of the 
actual area of the land use. Red line: The trend line after Savitzky-Golay filter setting ten windows. 
(a) Cultivated forest; (b) natural forest; (c) mixed forest; (d) shrubs; (e) high-coverage grassland; (f) 
low-coverage grassland; (g) farmland; (h) buildings; (i) bare land. 

The spatial changes in the land use of the Nanjiao mining area were detected in terms of NDVI 
in 1987, 1997, 2007, and 2017. A higher NDVI value of the area as a whole could be observed in 2017, 
while the lowest NDVI value of this region appeared in 1997 (Figure 10). In the first 10 years, the 
NDVI value of the Nanjiao mining area showed an overall downward trend; conversely, most areas 
presented an increase in NDVI value between 1997 and 2007. In the last ten years (from 2007 to 2017), 
both dramatic decline and rise in NDVI value were observed and distributed in this area (Figure 11). 
In summary, from the perspective of 30 years of development, most of the Nanjiao mining area has 
increased in NDVI value, while the areas that experience a significant decline in vegetation coverage 
were mainly distributed in the southern mountainous areas, where natural forest and shrubs had 
thrived in 1987. In contrast, those areas experiencing a significant increase in vegetation coverage 
were mainly located in areas with an increasing intensity of human activity. 
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Figure 9. Land use changes in the mining area from 1987 to 2017. Black line: The trend line of the
actual area of the land use. Red line: The trend line after Savitzky-Golay filter setting ten windows.
(a) Cultivated forest; (b) natural forest; (c) mixed forest; (d) shrubs; (e) high-coverage grassland;
(f) low-coverage grassland; (g) farmland; (h) buildings; (i) bare land.

The spatial changes in the land use of the Nanjiao mining area were detected in terms of NDVI in
1987, 1997, 2007, and 2017. A higher NDVI value of the area as a whole could be observed in 2017,
while the lowest NDVI value of this region appeared in 1997 (Figure 10). In the first 10 years, the
NDVI value of the Nanjiao mining area showed an overall downward trend; conversely, most areas
presented an increase in NDVI value between 1997 and 2007. In the last ten years (from 2007 to 2017),
both dramatic decline and rise in NDVI value were observed and distributed in this area (Figure 11).
In summary, from the perspective of 30 years of development, most of the Nanjiao mining area has
increased in NDVI value, while the areas that experience a significant decline in vegetation coverage
were mainly distributed in the southern mountainous areas, where natural forest and shrubs had
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thrived in 1987. In contrast, those areas experiencing a significant increase in vegetation coverage were
mainly located in areas with an increasing intensity of human activity.
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Figure 9. Land use changes in the mining area from 1987 to 2017. Black line: The trend line of the 
actual area of the land use. Red line: The trend line after Savitzky-Golay filter setting ten windows. 
(a) Cultivated forest; (b) natural forest; (c) mixed forest; (d) shrubs; (e) high-coverage grassland; (f) 
low-coverage grassland; (g) farmland; (h) buildings; (i) bare land. 

The spatial changes in the land use of the Nanjiao mining area were detected in terms of NDVI 
in 1987, 1997, 2007, and 2017. A higher NDVI value of the area as a whole could be observed in 2017, 
while the lowest NDVI value of this region appeared in 1997 (Figure 10). In the first 10 years, the 
NDVI value of the Nanjiao mining area showed an overall downward trend; conversely, most areas 
presented an increase in NDVI value between 1997 and 2007. In the last ten years (from 2007 to 2017), 
both dramatic decline and rise in NDVI value were observed and distributed in this area (Figure 11). 
In summary, from the perspective of 30 years of development, most of the Nanjiao mining area has 
increased in NDVI value, while the areas that experience a significant decline in vegetation coverage 
were mainly distributed in the southern mountainous areas, where natural forest and shrubs had 
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Figure 10. The distribution of NDVI in 1987, 1997, 2007, and 2017.
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Figure 11. The distribution of difference-NDVI (DNDVI) which was calculated by the NDVI in 1987,
1997, 2007, and 2017.

We summarized the proportion of DNDVI in each grade and their main two change directions,
which were calculated the difference in NDVI between 1987 and 1997, 1997 and 2007, 2007, and 2017, as
well as 1987 and 2017, respectively (Table 5). The results showed that in the first 10 years, over 35% of
the area presented various decline in NDVI, which was much larger than that in other periods, and only
3.23% of the area showed an increase in NDVI value. The area with a decrease of NDVI can be mainly
attributed to the change from forest into low-coverage grassland. Between 1997 and 2007, the NDVI
value, 60.88%, in the mining area raised with varied amounts, although the land use in these areas
mainly did not change; while the area with a declining trend of NDVI value only accounted for 1.35%,
and mostly came from the change from grassland into bare land and buildings. In the next decade, most
of the Nanjiao mining area also experienced an increase in NDVI value, which occupied 38.66% of this
area and resulted from the decrease of buildings. On the other hand, some buildings and bare land also
replaced the area (5.6%) where there used to be mixed forest and low-coverage grassland. Finally, from
the perspective of 30 years, 1.34% of the area where the NDVI decreased by more than 0.4 was in the
subsidence area, mainly because of the transformation from natural forest to low-coverage grassland;
in contrast, low-coverage grassland that had been converted into cultivated forest contributed 4.38% of
the area, with an increase of more than 0.4 in NDVI. The remaining areas where NDVI changed mainly
involved the inter-transformation between mixed forest and low-coverage grassland, as well as the
difference in NDVI between the same land uses.
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Table 5. LULC changes based on difference-normalized difference vegetation index (DNDVI) between
1987 and 1997, 1997 and 2007, 2007, and 2017, as well as 1987 and 2017. Note: LC grassland and HC
grassland represent low-coverage grassland and high-coverage grassland, respectively.

Year DNDVI Proportion (%) Change Direction (%)

1987–1997

DNDVI <−0.4 2.88
Mixed forest→LC grassland (0.45)

Natural forest→ LC grassland (0.31)

−0.1 < DNDVI < −0.4 34.78
Mixed forest→ LC grassland (9.79)

LC grassland (3.52)

−0.1 < DNDVI < 0.1 59.10
LC grassland (18.08)

Mixed forest→ LC grassland (7.58)

0.1 < DNDVI < 0.4 3.14
LC grassland (1.04)

Bare land→ LC grassland (0.27)

DNDVI >0.4 0.09
Mixed forest→Natural forest (0.04)

LC grassland→ Shrubs (0.02)

1997–2007

DNDVI <−0.4 0.02
HC grassland→ Bare land (0.004)

LC grassland→ Bare land (0.004)

−0.1< DNDVI < −0.4 1.33
LC grassland→ Bare land (0.37)

LC grassland→ Building (0.29)

−0.1 < DNDVI < 0.1 37.77
LC grassland (17.66)

Mixed forest (6.40)

0.1 < DNDVI < 0.4 56.55
LC grassland (14.68)

LC grassland→Mixed forest (11.68)

DNDVI >0.4 4.33
Natural forest (1.48)

Shrub (0.48)

2007–2017

DNDVI <−0.4 0.92
Mixed forest→ Building (0.13)

Mixed forest→ Bare land (0.12)

−0.1< DNDVI < −0.4 4.68
LC grassland→ Bare land (0.55)

Mixed forest→ Building (0.45)

−0.1 < DNDVI < 0.1 55.73
LC grassland (15.10)

Mixed forest (6.71)

0.1 < DNDVI < 0.4 35.08
LC grassland (10.45)

Building→ LC grassland (3.61)

DNDVI >0.4 3.58
Buildings→ HC grassland (0.55)

Buildings→HC grassland (0.51)

1987–2017

DNDVI <−0.4 1.34
Natural forest→ LC grassland (0.67)

Shrubs→ Bare land (0.16)

−0.1< DNDVI < −0.4 4.59
Mixed forest→ LC grassland (1.81)

LC grassland (1.13)

−0.1 < DNDVI < 0.1 32.49
Mixed forest (14.18)

LC grass (9.60)

0.1 < DNDVI < 0.4 53.28
LC grassland→Mixed forest (25.79)

Mixed forest (17.86)

DNDVI >0.4 8.29
LC grassland→ Cultivated forest (4.38)

Buildings→ Cultivated forest (1.97)

3.3. Relevance Between LULC Changes, Underground Mining, and Reforestation

The partial correlation coefficients between each LULC and coal production, as well as reforestation
area, is shown in Table 6. In addition, the fitting curve was also calculated, while the area of natural
forest and cultivated forest were selected as examples to be related to coal production and reforestation
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areas respectively, due to their close relationship. Buildings and farmland were also chosen to be
correlated to coal production and reforestation areas, because they were less influenced by other factors
such as climate change. Results showed that coal production was related significantly to most LULC,
except cultivated forest, mixed forest, and bare land. Similarly, a significant correlation was also
observed between reforestation areas and LULC, in addition to mixed forest and bare land. It also
showed that the reforestation project was positively related to cultivated forest, while underground
mining had a negative effect on natural forest. The area of farmland and buildings could also be
influenced by these two human activities (Figure 12).
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4. Discussion

4.1. Characteristics of the LULC Change in the Mining Area

The LULC change in the underground mining area was variable and nonlinear. Temporal change
results (Figure 7) indicated that the dynamic of LULC in the study area was fluctuant rather than
gradual, which showed different development trends in each period; the spatial change (Table 5)
revealed that both dramatically and slightly changed areas were distributed in the mining area, and
included multiple change directions in LULC. Similar changes trends were also observed in previous
research. The area of farmland and water in the Jiawang mining area fluctuated during 25 years,
and showed a dramatic change in the first five years [48]. The single LULC pattern in the Bokaro
mining area was greatly altered into a complex one after 34 years of coal exploitation, especially when
the reclamation was performed to reuse that disturbed area by mining activities [49]. A significant
difference in the change of LULC between each part of the Nadowli mining area was observed, showing
varying degrees of savanna loss [50]. On the other hand, the nonlinearity of changes in the mining area
was also illustrated by some distinctive types of LULC. For example, the buildings in our study area
experienced a significant reduction from 2007 to 2017, which was believed as an irreversible LULC
in most area. There were numerous driving forces which could interfere with the stable change of
LULC, such as continuous underground mining and its accompanied geographic disasters, the change
of land use policy, as well as increase of population [51]. Especially in heterogeneous areas, the LULC
could be more likely to change under the combined effects of underground mining and other human
activities. Thus, it is important to track the dynamic of LULC change in these areas, and understand
the underlying driving forces of these changes, which would benefit environmental assessment and
land use plan in mining areas.

4.2. Effects of Underground Mining and Reforestation on the Analyzed LULC

Mining and reforestation are considered as two of most intensive human activities that generated
land use changes in the underground mining area. The spatial distribution of land use changes
illustrated that the areas with dramatic change (DNDVI > 0.4) were likely to be influenced by human
activities, which mainly consisted of transformation from buildings and grass land into cultivated
forest (Table 5). Furthermore, the correlation between LULC, coal production, and reforestation areas
also indicated the effects of underground mining and reforestation projects. In summary, underground
mining and reforestation projects could drive LULC change in both the short- and long-term. In the
initial period, geological disasters such as surface subsidence and related fissures at the surface
caused by underground mining, have destroyed buildings and directly resulted in the death of some
vegetation [52,53]. Meanwhile, reforestation projects that occur after the reclamation of mined land will
remove the original land use of the mining area and replace it with new LULC in the short term [16].
Over the long-term, underground mining and reforestation projects could alter the LULC in a way
that restricts the diversity of the land use: (1) Continuous mining would result in abandonment of
many original villages and the relocation of the villagers. In this study area, over 30,000 villagers
would move from the Nanjiao mining area due to potential damage of subsidence, and the left villages
would be demolished and reclaimed according the land use planning of local government. (2) Some
traditional agriculture and aquaculture activities could be abandoned, leading to the disappearance of
farmland and grassland. (3) Novel LULC, such as the photovoltaic land in this study, would emerge
on the subsided area after reclamation, which could be in a well-planned but single pattern. (4) The
ground fissures resulting from mining would also aggravate soil erosion, so that soil erosion would
lead to soil degradation and a loss of surface vegetation [54]. (5) Reforestation projects would also limit
other human activities, such as agriculture, forestry, and animal husbandry, causing the associated
land use to gradually disappear. (6) The reconstruction of land use would improve regional ecosystem
regulation and support services, which could promote the succession of native vegetation and result in
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the change in LULC. In summary, these effects of underground mining and reforestation projects have
highlighted the importance of monitoring the changes of LULC in mining areas.

4.3. Research Limitations and Future Work

A few limitations exist when we tracked the land use change in this area with underground mining
and reforestation via continuous Landsat classification, which are: (1) The supervised classification
method requires a very large number of training samples, which entails enormous costs in time
and effort when accurate training samples are established. (2) other factors may influence the
results. Our study only discussed the effects of underground mining and reforestation projects on
the LULC, while the correlation between climatic factors, other human activities, and other LULC
changes were not well demonstrated. Moreover, topography could also influence the accuracy of
classification in heterogeneous areas, and the effect of topography information on different LULC
classification approaches requires investigation at multiple scales in future research. (3) Impacts caused
by underground mining and reforestation should be quantified. Some direct or potential effects of
underground mining and reforestation projects, such as changes to groundwater near the mining face
and the distribution of ground fissures, were not analyzed and quantified in the present study.

In the near future, we plan to conduct further research in this area. First, high-resolution images
could be combined with radar data to improve the accuracy of the Landsat image classification results.
Google Earth imagery provides no-cost imagery with ultra-high definition in the red, green, and
blue spectral bands, which could provide crucial information that could be used to identify and
extract the shapes of surface objects. Radar data is believed to have potential usefulness in LULC
classification, because of its ability to penetrate trees, shrubs, and herbaceous vegetation [55,56].
Therefore, multivariate remote sensing data could be used to improve the accuracy of training samples
and thus the accuracy of classification results. In addition, the effects of climate change and other
human factors need to be removed from complex LULC changes to better quantify the effects of
underground mining and reforestation projects. Comparing the mining and non-mining areas that
have similar climates, initial vegetation, and human activity could be an effective way to eliminate the
effects of other factors on LULC changes. Moreover, we also plan for a detailed investigation of the
geological conditions, groundwater levels, and surface soil changes in the mining area to qualify the
effects of underground mining; this would allow us to investigate the potential damage caused by
mining activities to surface vegetation and explain the mechanisms of LULC changes in the mining area.

5. Conclusions

The objective of this research was to monitor LULC-scale changes in a heterogeneous area with
continuous underground mining and reforestation projects. This was done with continuous Landsat
images via random forest classifier, which could provide critical information for an environmental
assessment and ecological restoration efforts. We also discussed the correlation between LULC changes
and both underground mining and reforestation projects.

In this research, we monitored the LULC change in the Nanjiao mining area between 1987 and
2017. Continuous Landsat classification was demonstrated to have excellent performance in tracking
the dynamics of the LULC, which could effectively minimize errors and eliminate misleading trends
caused by large time gaps. A random forest classifier was also applied, which showed an average
of 84.01% overall accuracy, achieving excellent performance in this area with strong heterogeneity
and multi-factor disturbances. In addition, we also identified correlations between LULC areas and
coal production, as well as the reforestation area. After an increase in the reforestation area that has
occurred since 2004, the areas of cultivated forest increased at a stable rate, while the spatial extent of
natural forest declined significantly after 2007 when coal production increased dramatically. Buildings
and farmland were likely to be related to both coal production and reforestation areas. This could
indicate the relevance of a connection between LULC changes and underground mining, as well as
reforestation projects.
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The results show that continuous Landsat data can be an important resource when detecting
changes in a LULC. This research could enhance our understanding of LULC changes in an area
with continuous underground mining and reforestation, and provide a reference that can be used to
illustrate the drivers of LULC change. The acquired information could be applied to land use planning,
ecological restoration strategies, and the development of environmentally sound management policies
in a mining area.
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