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Abstract: Surface coal mining and reclamation have greatly reshaped eastern Kentucky’s landscape
affecting its socioeconomic, environmental and climatic aspects. This study examined the land-
cover changes, trends and patterns in Floyd, Knott, Letcher, Magoffin, Martin, Perry, and Pike
counties from 2004 to 2019. Using a random forest classifier, land cover was categorized into
seven major classes, i.e., water, barren land, developed land, forest, shrubland, herbaceous, and
planted/cultivated, majorly based on Landsat images. The Kappa accuracy ranged from 75 to 89%.
The results showed a notable increase in forest area from 5052 sq km to 5305 sq km accompanied
by a substantial decrease in barren land from 179 sq km to 91 sq km from 2004 to 2019. These
findings demonstrated that reclamation activities positively impacted the forest expansion and
reduced the barren land of the study area. Key land-cover transitions included barren land to
shrubland /herbaceous, forest to shrubland, and shrubland to forest, indicating vegetation growth
from 2004 to 2019. An autocorrelation analysis indicated similar land-cover types clustered together,
showing effective forest restoration efforts. As surface coal mining and reclamation significantly
influenced the landscapes of the coalfield counties in eastern Kentucky, this study provides a holistic
perspective for understanding the repercussions of these transformations, including their effects on
humans, society, and environmental health.

Keywords: Appalachian region; surface coal mining; landscape changes; driving factors; random

tree classifier; reclamation; land-cover maps

1. Introduction

Eastern Kentucky, renowned for its abundant coal reserves and extensive coal mining
history, has experienced significant transformations in its land cover as a direct conse-
quence of mining activities. Commercially, coal has been mined in Kentucky for about two
centuries [1]. As a result of the 20th century’s extensive industrialization, the coal industry
in eastern Kentucky grew, and bituminous coal became the main energy source. Over time,
the landscape in this region has been shaped by both natural and anthropogenic factors,
including the conversion of land types, soil erosion, the growth and emergence of new
forests, the expansion of residential areas, alterations in mining areas, and reclamation
efforts [2,3].

Surface coal mining is a laborious operation in which the topsoil is preserved and
the rock over the ore’s mineral-bearing layer is removed. In mined regions, the topsoil
is subsequently used in the reclamation process to support the growth of later-planted
natural grasses and trees, reassessing the original landscape [4,5]. Since the Surface Mining
Control and Reclamation Act (SMCRA) was enacted in 1977, mine reclamation methods
have evolved significantly. The purpose of the SMCRA is to regulate the mined areas
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with proper compliance in planting grasses and trees to recover vegetation and reduce
erosion. Reclamation focuses on restoring flora or grasslands in formerly mined areas while
minimizing potential erosion risks. Planting vegetation such as timothy grass, perennial
ryegrass, alfalfa, clover, trefoil, etc., can help restore the mined lands’ condition and make
it more productive [6].

Moreover, reclamation efforts restore the lost environment by attracting animals,
birds, and insects, in addition to restoring the soil [7,8]. Over the past few decades, the
study region has gone through substantial land-cover changes, as extensive tracts of forest
and other flora were cleared to extract coal from the surface [9]. Many biological and
environmental effects have resulted from this, including modifications to water quality
and aquatic habitats as well as adjustments to the make-up and structure of terrestrial
ecosystems [10]. The amount of forest cover in eastern Kentucky has significantly decreased
because of surface mining and has been replaced by grasslands and shrublands [11].
Modifications in hydrological processes have also been connected to changes in land cover
because of surface mining [12]. On the other hand, reclamation operations in the area have
been effective in recovering vegetation cover, although the restored plant communities
often differs from pre-mining ecosystems [13,14]. Mining companies are required to deposit
a bond before commencing coal mining activities. This bond is only refunded upon the
completion of mining operations if the landscape or mined areas are restored to their
original or improved conditions in terms of vegetation cover. To expedite the release of this
bond, companies often choose to plant fast-growing exotic species [11]. Examples include
autumn olive, Paulownia, and sericea lespedeza, which are frequently used for their rapid
growth, whereas timothy, perennial ryegrass, alfalfa, clover, trefoil, oaks, hickories, tulip
polar, eastern hemlock, yellow birch, sugar maple and spruce are the native common
species of this region and are rarely planted for reclamation activities in the study area [15].
However, these exotic plants have dense canopies that block sunlight, hindering the growth
of native seedlings. Some of these species also produce biochemical compounds that inhibit
the establishment of native plants [11,15].

Despite the long history of coal mining operations in eastern Kentucky, research into
land-cover change trends and patterns in the study area remains limited. Studying these
land-cover change trends, patterns, and relationships is crucial for understanding the
environmental, ecological, and socioeconomic impacts of mining and reclamation activities
in the region over time. Changes in land cover can significantly affect the availability of
resources like water and timber, which are vital for the survival of local communities who
depend on these resources [16]. Analyzing land-cover trends and patterns provides insights
into how mining activities affect the environment over time, helping develop effective
mitigation plans for sustainable land use [17]. By considering the complexity of land-cover
changes through transition matrices, this research contributes to a deeper understanding of
the drivers and implications of land-cover transformations in eastern Kentucky. Land-cover
change studies are important for several reasons. Firstly, it facilitates the understanding
of the environmental effects of mining and reclamation activities over time. Through the
monitoring of land-cover trends, the success of reforestation efforts can be assessed, and
areas in need of further restoration work can be identified [17]. Additionally, investigating
the relationships between environmental conditions and land-cover patterns helps pinpoint
areas requiring conservation or restoration [15,16]. This information is crucial for the
development of effective mitigation plans and the promotion of sustainable land-use
practices [17]. Moreover, studying land-cover trends and patterns aids in making well-
informed policy decisions. By examining the impacts of mining on land cover and water
resources, specific policies can be developed to reduce environmental consequences and
promote responsible natural resource management [15,16]. Understanding the social and
economic dynamics of local land-cover changes also helps in assessing their impacts on
community resilience and well-being. Changes in land-cover patterns can affect resource
availability and property values, which can significantly impact local communities [16].
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Remote sensing and GIS technologies are widely employed to uncover land-cover
patterns, driving forces, and their impacts on the landscape [17-19]. Satellite imagery is
classified to detect changes in vegetation, water bodies, and urban areas over time [20].
Spatial statistics further help to identify and understand localized variations in land-cover
patterns caused by natural (climate, topography, geology) and anthropogenic factors [21,22].
Using transition matrices derived from remote sensing tools to analyze land-cover changes
provides valuable insights into the trends, patterns, and transitions among different land-
cover classes [20,23]. The construction of transition matrices enables the identification
of dominant conversion patterns, transition hot spots, and trends in land-cover dynam-
ics [24,25]. These insights support evidence-based decision making, enhancing the efficacy
of reclamation efforts to restore vegetation, identifying areas needing conservation or
restoration, and understanding the other social and economic implications of land-cover
changes [7,11,26].

This study explores land-cover changes in coalfield counties of the Appalachian region
of eastern Kentucky ranging from 2004 to 2019. By examining the how, where, and when
aspects of these changes, this study delves deep into the trends and patterns characterizing
land-cover shifts of the study area through the detailed examination of the transition of
land-cover classes across seven coalfield counties. This study leveraged the random forest
classifier technique and meticulously conducted statistical analysis at 191 normalized Cen-
sus Block Groups (CBG) boundaries. The Census Block Group boundaries were purchased
from Geolytics Inc. based in C-200 Brier Hill Court, East Brunswick, New Jersey 08816,
USA. We used the same consistent normalized CBG boundaries, which had 191 normal-
ized CBGs for all years that are considered for the study. Despite the prevalence of coal
mining in eastern Kentucky since the late 1800s, there has been a notable lack of research
on the effects that mining operations and subsequent reclamation attempts have had on
land-cover changes. By utilizing random forest classification and incorporating intricate
topographic data, this study fills this critical gap by offering a comprehensive examination
of the changing dynamics of the terrain throughout seven coalfield counties. This study
explains these complex relationships, which advances our knowledge of the environmental
changes occurring in the area and emphasizes the pressing need for future land manage-
ment plans. The integration of diverse environmental factors (topographic data), including
aspect, slope, DEM (digital elevation model), topographic position index, land capability
classes, and curvatures as supplemental data for image classification in this study enhanced
the accuracy and robustness of the image classification processes. This study synthesizes
a more comprehensive understanding of the factors influencing land-cover changes in
coalfield counties of eastern Kentucky.

2. Methods
2.1. Study Area

The study area includes seven counties of eastern Kentucky (Pike, Knott, Letcher,
Martin, Magoffin, Perry, and Floyd), shown in Figure 1. The study area falls in the two
ecoregions of Central Appalachia denoted by (69) in ecoregions map: (1) the Dissected
Appalachian Plateau, denoted by (69 d), and (2) the Cumberland Mountain Thrust Block,
denoted by (69 e) [27]. Most of the study area falls in the Dissected Appalachian Plateau,
and only a small portion (Letcher County) falls in the Cumberland Mountain Thrust Block
ecoregion [28]. The Dissected Appalachian Plateau ecoregion constitutes primarily forested
land with narrow ridges, valleys, and deep coves. This region has a higher presence
of Pennsylvanian-age shale, silt, conglomerate, siltstone, sandstone, and coal [28]. The
Cumberland Mountain Thrust Block ecoregion consists of high, steep ridges, hills, coves,
narrow valleys, and Pine Mountain. Oaks, hickories, tulip poplar, eastern hemlock, yellow
birch, sugar maple, and spruce are common tree species in the study area [29]. This region
has a higher altitude than anywhere in Kentucky. The Letcher (1134 m a.s.l), Pike 27
(960 m a.s.l), and Perry (762 m a.s.l) counties are the highest elevation points of the eastern
Kentucky region. Here, m a.s.l denotes meters above sea level. The surface waters of
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this region have been degraded, mostly due to surface coal mining [2,30]. These coalfield
counties have poverty rates ranging from 23.9% in Pike to 39.1% in Martin [27,28]. Surface
coal mining puts the health of communities near coal mines at risk. The production of
harmful gases such as nitrogen oxides, heavy metals, sulfur dioxides, and particulate matter
during the coal mining process is associated with increased incidents of black lung, cancer,
pulmonary infections, and an overall increase in the mortality rate [29,31].
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Figure 1. Map of study area: (a) contiguous USA showing KY, (b) Map of KY showing study area
counties within blue border, (c) DEM of study area, (d) coalfield counties of study area.

2.2. Data Preparation

Changes in the landscape were derived from the classification of Landsat 5 Thematic
Mapper Plus (TM*), downloaded from Earth Explorer for the corresponding path/rows
18/34 and 19/34 for 2004, 2006, and 2010, and the Landsat 8 Operational Land Imager
(OLI) sensor for 2016 and 2019. These dates were specifically chosen because, in addition
to the downloaded Landsat data, generating training samples required reference datasets
such NLCD and NAIP data. Landsat, NAIP, and NLCD data only strongly aligned and,
for the most part, coincided during the years 2004 to 2019. For example, we classified
land cover using Landsat data and combined it with NAIP 2004 and basemaps to generate
training samples for the 2004 classification. Likewise, we employed 2006 NAIP and NLCD
data for the Landsat classification. This strategy enabled us to obtain training samples by
making use of the NLCD maps and NAIP images that were closest to or coincided with
the same year. To capture seasonal variations and different agricultural and vegetation
growth patterns, fall, winter, and summer Landsat datasets were compiled for all five
years, representing leaf-off, leaf-on, and green-up seasons, respectively [32]. The study
considered specific periods for different seasons: November—December for winter, April-
July for summer, and August-October for fall, considering the objective of capturing the
seasonal variation with a cloud cover of less than 20% [32-34]. A multiband raster was



Land 2024, 13, 1541

50f 26

created, combining multiple Landsat imageries for each season and the respective year. The
Thermal band (band 6) in the Landsat Thematic Mapper ™, and the Panchromatic band
(band 8), Cirrus band (band 9), and Thermal band (band 10) in Landsat OLI (Operational
Land Imager) were not included in the study. For both sensors, Landsat L2C2 (Level 2
Landsat Collection 2) imagery was used, as it had undergone atmospheric correction [35],
resulting in more uniform spectral and geometric properties [36]. National Agriculture
Imagery Program (NAIP) data, the National Land Cover dataset (NLCD), base maps from
multiple years, and surface mined and corporate boundaries were utilized to create training
samples and validation samples for each of the five years for all seven coalfield counties.
Digital elevation model (DEM) data were acquired from Kentucky Above for 2011 [37]
to derive aspect, slope, curvature, and the topographic position index (TPI) and land
capability classes (LCCs) to assist in land-cover classification. The layer of land capability
classes was extracted from Kentucky Soil data for 2012 [38]. Multi-seasonal Landsat images
combined with topographic layers have improved land-cover classification with higher
accuracies [36-38]. The final imagery was standardized to a uniform spatial resolution of
30 m before they were used to create a multiband image for classification. The datasets
used in the study are mentioned in Table 1 below.

Table 1. Datasets used in the study.

Data Type Group Spatial Resolution Source of Data Types of Data
Landsat data (2004,
2006, 2010, 2016, 2019) 30m USGS/EROS Raster
NAIP data (2004, im KY Geoportal Image Raster
2006, 2010, 2016, 2020) Service
NLCD data (2006, KY Geoportal Image
2011, 2016, 2019) 30m Service Raster
Surface-mined areas KY DIVISlon. of Mine Point and Polygons
Permits
DEM data layer KY Geoportal Image
(2011) 1.524 m (5 feet) Service Raster
Land capability class USDA NRCS SOI.I
(2012) Survey Geographic Vector data
Data base (SSURGO)
Kentucky roads
(2015) (30 m converted) KY Geoportal Vector data
National Hydrology
Dataset (2023) USGS Vector data

2.3. Image Classification

Random forest classifier (RFC) was utilized to classify the Landsat imagery from
multiple years. The RFC is a supervised machine-learning approach that uses a group
of decision trees [39,40]. By creating several decision trees, a large amount of data is
sampled [41]. RFC produces higher accuracy than the traditional supervised classification
method [42,43]. The trees in a random forest are generated by splitting the dataset in half at
every node [44]. Random forest classifier comes with three major attributes: (a) maximum
number of trees, (b) maximum tree depth, and (c) maximum number of samples per
class. The higher the maximum number of trees, the higher the expected accuracy of the
algorithm/classifier. Maximum tree depth represents the number of rules each tree is
allowed to take to come to a conclusive decision by voting, and the maximum number
of samples per class denotes the number of samples that are used to define a particular
class [45]. The maximum number of trees, maximum tree depth, and maximum number of
samples per class were set as default as 50, 30, and 1000, as provided by the classifier.
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Multiband Landsat images were created for each of the seasons for the years 2004,
2006, 2010, 2016, and 2019 of the study area for each county. The resulting images consisting
of 24 bands for Landsat TM (2004, 2006 and 2010) and 27 bands for Landsat OLI (2016
and 2019) were classified into seven major classes using the random forest classifier (RFC)
as shown in Table 2 [45]. NLCD and NAIP images, and topographic layers such as the
DEM, slope, aspect, slope curvature, TPI, and the LCCs and National Hydrology Dataset,
as well as mined area polygons as close as possible to the acquisition years, were utilized
to create training and validation samples for each county. This allowed us to analyze the
trend in land-cover change with better precision [44—46]. Ballanti et al. (2016)’s approach
was followed to obtain the number of training pixels required for each class [47]. For
determining the number of training samples needed for each class, the number of bands
are multiplied by ten [48]. As a result, for the years 2004, 2006, and 2010, at least 60 training
samples for each class of land cover were produced utilizing the six bands of Landsat TM
images and, for the years 2016 and 2019, at least 70 training samples for each class of land
cover were generated using the seven bands of Landsat OLI images. Those samples that
represented the same land cover classes in NAIP imagery, NLCD maps, and the visual
observation of Landsat imagery were considered for the final training samples for RFC and
accuracy assessment. The final land-cover maps for each year were made by merging the
separate land-cover maps of seven individual counties.

In land-cover classification, incorporating aspect, curvature, slope, DEM, TPI, LCC,
and Landsat images alongside the Random Trees classifier yields significant insights [49].
Aspect provides insights into the solar radiation effects on vegetation patterns, aiding in
understanding microclimatic conditions. Curvature helps distinguish landforms, identi-
fying areas with distinct hydrological and biological properties. Slope influences water
movement, soil erosion, and vegetation distribution, aiding in differentiating land-cover
types [50]. DEM depicts elevation impacts on land-cover patterns, such as temperature
gradients and habitat preferences. TPI characterizes local topographic variability, facilitat-
ing the identification of microhabitats influenced by topography [51]. LCC evaluates land
viability for agricultural purposes, aiding in identifying land-cover categories associated
with various land capacities [50]. Landsat images provide multispectral data for the spectral
characterization of land-cover types. Integrating these variables enhances prediction accu-
racy by considering topographic, spectral, and environmental factors, thereby improving
land-cover classification efficiency [52]. When paired with the Random Trees classifier,
using aspect, curvature, slope, DEM, TPI, LCC, and Landsat images as additional inputs im-
proves the land-cover categorization process. This integration has improved classification
accuracy and efficiency by utilizing topographic, spectral, and environmental factors.

Table 2. Land-cover classes modified from Anderson level 1 land-cover classes [49,51].

Serial Number

Land-Cover Class Value Land-Cover Class Name Description

Areas with constructed materials, an impervious
surface, a mixture of some vegetation, housing

1 2 Developed units, commercial and industrial buildings,
roads, golf courses, etcetera.
2 8 Planted /Cultivated Land used broadly for food and fiber;
pastureland

3 - Herbaceous Land Where the natural vegetation is grasses,
grass-like plants and herbaceous vegetation

4 4 Forest land Areas gene{fally dominated by trees :md a

vegetation cover greater than 20%
5 5 Shrubland Areas dominated by shrubs
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Table 2. Cont.

Serial Number Land-Cover Class Value Land-Cover Class Name Description

Areas where less than one-third of the area has
6 3 Barren land vegetation, thin soil, sand or rocks and mine
lands present

Areas of open water generally with less than a

7 1 Water 25% cover of vegetation or soil

2.4. Transition Matrix Analysis

The post-classification comparison was conducted between the two classified maps
from 2004 to 2019 for each county, and a transition matrix was created, showing changes
in land-cover classes over the two time periods. Transitions in land-cover classes were
computed using change detection analysis, which measured the land-cover area which
changed from one class to another in the study area between 2004 and 2019. We used
the post-comparison tool in ArcGIS Pro-3.0, 3.1.1 and 3.1.2 versions, to create a transition
matrix, which is popular in land-cover change studies [53]. The post-comparison approach
does not need data normalization between the periods for comparison [54,55].

2.5. Spatial Autocorrelation

A spatial autocorrelation test was conducted to reveal the clustering patterns of land-
cover classes using Moran’s I [45]. The importance of computing spatial autocorrelation lies
in its ability to determine if land-cover changes occur randomly or if it possesses unique
spatial patterns. Moran’s I value varies between —1 (indicating perfect dispersion) and
1 (reflecting perfect clustering), where a value of 0 suggests the absence of spatial autocorre-
lation [56]. This analysis provides valuable insights into the primary patterns of land-cover
change observed in the coalfield counties. Moreover, it helps identify localized clustering
impacts on urbanization, deforestation, mining activities, and flood hazards [57,58].

2.6. Accuracy Assessment

Reference data points were randomly generated in the classified maps of each of the
seven counties to calculate the accuracy of the land-cover maps. We followed a stratified
random sampling method to generate those points in the maps, to make it consistent
according to seven land-cover classes. The reference data points on the classified maps
(50 random points for each class) were compared against the same data points in the NLCD
and NAIP datasets through visual inspection to assess the accuracy of the land-cover classes
obtained from image classification. Physical, built, natural or permanent structures such
as roads, monuments, historical sites, mine sites, bridges, rivers, and grazing land in each
county were also visited on-site as part of the ground-truthing for accuracy assessment.
User and producer accuracies and Kappa statistics were computed for the classified maps
of each county and year. A Kappa coefficient of more than 70% was used as the acceptable
value, as recommended by previous studies [56,59,60]. The accuracy assessment was
carried out separately for seven counties. Hence, Kappa statistics of all seven counties were
computed separately for each year, i.e., for 2004, 2006, 2010, 2016 and 2019.

2.7. Hot Spot Analysis

The hot spot analysis serves as a valuable method for identifying statistically signifi-
cant hot spots and cold spots within spatial data. This analytical technique computes the
Getis-Ord Gi* statistic for each feature present in a dataset, enabling the assessment of the
extent of spatial clustering in terms of high or low values [61]. High positive G values
indicate locations where land-cover change is more intense or significant than neighboring
areas [62,63]. A negative G value, on the other hand, denotes a grouping of low values
(i-e., cold spots), representing locations where the land-cover change intensity is minimal or
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different from adjacent areas [61-63]. The determination of hot spots and cold spots would
identify areas with high or low intensities of land-cover change, which may be associated
with specific driving factors at the local level, such as demographics and topographic
attributes, policies, zoning regulations, etc.

2.8. Paired t-Tests

The paired t-tests facilitate the identification of significant land-cover changes overtime,
shedding light on the magnitude and direction of these changes [64]. Through comparisons
between different time periods, these tests help identify periods characterized by notable
transformations, such as substantial increases or decreases in specific land-cover classes. A
paired t-test was used to test the variability between land-cover percentage of land-cover
classes areas between 2019 and 2004. This test evaluates the statistical significance of the
observed changes in land-cover areas, distinguishing whether these changes are statistically
significant or merely the result of random chance. By calculating the t-value and examining
the corresponding p-value at a 10%, 5% and 1% significance level, the significance of the
differences between land-cover areas was quantified. Figure 2 shows the workflow used in
the land-cover change analysis.

Combining topographic
layers with multi

seasonal images (DEM,

TPI, Slope, Aspect,
Curvature, Land
Capability Class

Area calculation, data,
and visualization

Maps, Graphs and
Transition Matrices

Landsat images of each
county, Leaf on, Green
up, Leaf off images

Creation of single
multiband 1mages for
study area

Training Samples

Random Tree

Clsolited s Classification

Accuracy Assessment

Spatial Autocorrection

Paired T tests / Test

Gi* Statistics Analysis

Figure 2. Study workflow.

3. Results
3.1. Topographic Attributes

Figure 3 presents various attributes of our study area, including slope, aspect, digital
elevation model (DEM), and land capability classes of the study area. The slope aspect
maps exhibit a noticeable presence of southeastern slopes across all regions. The DEM
reveals variations in altitude within the study area, ranging from the higher peaks of the
Black Mountain and Pine Mountains in eastern Kentucky to the lower valleys and ridges
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Figure 3. Topographic layers: (a) elevation, (b) slope, (c) aspect, (d) land capability classes of the
study area.

3.2. Land-Cover Change

There is an evident increment in developed land-cover, while barren land cover has
been gradually decreasing from 2004 to 2019. The growth of housing stock, commercial-
ization, and infrastructure associated with coal mining operations are the main causes
of this trend. New residential constructions and coal mining infrastructure projects are
responsible for the notable increase in developed areas between 2010 and 2016 [11,65].
By 2019, the marked increase in developed land reflects a notable transformation of the
landscape, potentially encroaching upon natural habitats and agricultural lands [65]. With
these developments and related land reclamation efforts, there is a corresponding decrease
in undeveloped territory [11,65].

The vivid increase in developed areas and forests and the decrease in the barren land
area can be seen in Figure 4. Figure 5 shows the land-cover change between 2004 and 2019
and between the classes (from-to) in the study area.

Figure 6a provides a visual representation of the changing trends in the water area in
the study area over the study period. The analysis of water area changes reveals varying
extents of water bodies within the study area. Between 2004 and 2006, there was a notable
increase in the water area, expanding from 44.5 to 77.5 sq km. From 2006 to 2010, there
was a significant expansion in the water area, reaching 112.1 sq km. This indicates further
growth in water bodies within the coal field area, potentially driven by increased rainfall,
changes in land use practices, and the establishment of new water bodies due to mining
activities [66]. However, the trend reversed between 2010 and 2016, with a decrease in the
water area from 112.1 to 55.0 sq km. This decline could be attributed to reduced rainfall,
increased evaporation, alterations in hydrological properties, and human interventions
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resulting in the loss or shrinkage of water bodies [67,68]. In the final year of the study, 2019,
the water area slightly decreased compared to 2016, measuring 50.0 sq km. From 2004 to
2019, we see a decrease in planted/cultivated land area indicating decrease in arable land
and agriculture activities in study area.

Land Cover Classes
Classname
Barren

I Developed

LC 2004

LC 2019

1 40 Kilometers

B Forest Land Cover Classes I Fores
- Herbaceous ” - Herbaceous

) Classname X

Planted/Cultivated ] Planted/Cultivated
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I shrubland — D-m]n , I shrubland
Vo SR . Ve

Figure 4. Land-cover maps of the study area for 2004 and 2019.
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Figure 5. Map showing land-cover change in the study area from 2004 to 2019.
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Water, Developed, Barren Land, and Planted/Cultivated Area Trends (2004-2019)
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Figure 6. (a) Land-cover change trends in the study area from 2004 to 2019. (b) Land-cover change
trends in the study area from 2004 to 2019.
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From Figure 6a, we can visualize the trend in developed area changes that demon-
strates a consistent and progressive increase in developed or built-up areas within the study
area. From 2004 to 2006, the developed area expanded notably from 174.3 to 240.3 sq km,
indicating rapid urbanization or land conversion for infrastructure and human settlements.
This growth can be attributed to factors such as population growth, economic development,
and industrial activities in the seven counties. Between 2006 and 2010, the developed area
further increased from 240.3 to 267.4 sq km, indicating continuous urbanization and land
conversion for built-up purposes.

The trend continued between 2010 and 2016, with a significant growth in the developed
area from 267.4 to 335.7 sq km. This suggests continued urban expansion and the conversion
of land for residential, commercial, and industrial development. In 2019, the final year of
the analysis, the developed area expanded even further to 392.8 sq km compared to 2016.
This indicates a continued incremental trend in urban areas and the conversion of land for
human settlements and infrastructure.

Figure 6a also demonstrates the land-cover change analysis in the study area over
five years (2004, 2006, 2010, 2016, and 2019) for barren land, which reveals fluctuations,
indicating a decrease from 179.3 sq km in 2004 to 90.8 sq km in 2019 in barren land, with
some variations in between. From 2004 to 2006, there was a slight decrease in barren land,
indicating initial reclamation efforts or land conversion. However, from 2010 to 2016, there
was an increase in barren land, potentially due to ongoing mining activities or slower
reclamation progress.

In 2019, there was a substantial decrease in barren land, indicating renewed reclama-
tion efforts and successful conversion into vegetation cover. These observations highlight
the dynamic nature of land reclamation and mining activities in the coal field area. The
analysis of land-cover change in the research area from Figure 6a, reveals noteworthy
patterns concerning the area of planted/cultivated land over a span of five years (2004,
2006, 2010, 2016, and 2019). Reclamation efforts in the study area focused on restoring forest
land, shrubland, and herbaceous areas, with minimal attention given to planted/cultivated
land. The findings indicate a consistent decline in the planted/cultivated land area through-
out the study period, decreasing from 211.2 sq km in 2004 to 190.6 sq km in 2019. The
limited extent of planted/cultivated land suggests potential challenges or factors hinder-
ing agricultural activities in the study area. The growth in reclaiming and developing
planted/cultivated land indicates a need for support or interest in expanding farmlands in
coalfield counties [69].

The continuous expansion of forest land area in Figure 6b signifies the positive impact
of reclamation efforts [70]. Shrubland, herbaceous, planted/cultivated, and water areas
have declined over the years between 2004 and 2019, as shown in Figure 6b. Along
with the gradual growth of developed and forest areas, a decrease in the barren and
planted/cultivated land cover was expected.

Figure 6b presents the change in forest cover during the 2004-2019 period in the study
region. The measured forest land area for each year is as follows: 5051.8 sq km in 2004,
5084.5 sq km in 2006, 5083.94 sq km in 2010, 5158.6 sq km in 2016, and 5305.3 sq km in
2019. From 2004 to 2006, there was a modest increase in the forest land area, indicating the
positive impacts of reclamation activities and natural forest regeneration. Between 2006
and 2010, the forest land area remained relatively stable, indicating the maintenance of
existing forest cover. Between 2010 and 2016, there was a slight expansion in the forest
land area, suggesting ongoing reclamation efforts and the growth of forest cover. This
demonstrates the likelihood of the success of land reclamation and the establishment of
forested ecosystems in the study area [71]. In 2019, the final year of analysis, there was a
further increase in the forest land area compared to 2016, indicating continuous reclamation
activities and sustained expansion of forested areas in the study area. Despite mining
activities, the study area has maintained a relatively stable or slightly increasing trend in
forest land cover over the study period. This highlights the success of reclamation efforts
and the restoration of forested ecosystems. Throughout the study period, the analysis
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shows a stable or relatively increased forest area and shrubland. This might be because
of the growth of shrubland, plant species and forest vegetation in the previously mined
barren land areas.

The analysis of land-cover changes in the coalfield area over five years (2004, 2006,
2010, 2016, and 2019) from Figure 6b reveals the presence of herbaceous land characterized
by grasses and non-woody plants. The measurements for the herbaceous land area were
as follows: 343.5 sq km in 2004, 358.9 sq km in 2006, 377.2 sq km in 2010, 229.5 sq km
in 2016, and 155.8 sq km in 2019. The trend in an herbaceous land area shows varying
levels of vegetation cover within the coalfield area throughout the study period. Between
2004 and 2006, there was a slight increase in herbaceous land area, indicating successful
reclamation efforts and the establishment of vegetation on previously disturbed or mined
land. Reclamation activities aimed at restoring the land to a natural state contributed to
this growth. In 2019, the herbaceous land area experienced a drastic decrease compared
to 2016, indicating a continuation of the declining trend observed in the previous period.
Further analysis is necessary to understand the factors influencing this decrease and to
determine appropriate conservation measures.

Figure 6b also shows the analysis of shrubland land-cover changes in the study area
over five years (2004, 2006, 2010, 2016, and 2019). It reveals the presence and transfor-
mation of shrubland within the study area. The data for the shrubland area during this
period shows variations: 1137.15 sq km in 2004, 908.5 sq km in 2006, 858.3 sq km in 2010,
930.8 sq km in 2016, and 957.6 sq km in 2019. The trend in shrubland area indicates fluc-
tuations in the extent of vegetation cover, primarily consisting of shrubs and low-lying
plants within the study area over the study period. Between 2004 and 2006, there was a
noticeable decrease in shrubland area, suggesting potential changes in land use or shifts in
vegetation types. Continuing from 2006 to 2010, the shrinkage of shrubland area persisted,
indicating ongoing land-cover transformations or reclamation activities. This suggests the
success of reclamation efforts in converting shrubland into desired land-cover types within
the coalfield area. However, between 2010 and 2016, there was a slight increase in the
shrubland area, possibly indicating changes in land use practices or natural regeneration
processes. Further investigation is necessary to determine the underlying factors driving
the expansion of shrubland during this period. In the final year of the analysis, 2019, there
was a marginal increase in the shrubland area compared to 2016, indicating a continuation
of the observed trend. Further analysis and examination are needed to identify the specific
factors influencing this increase.

Figure 7 summarizes changes in land-cover classes in percentages from 2004 to 2019.
The decline in shrubland, herbaceous areas, and planted/cultivated land may be linked
to shifting land-use practices and ecological dynamics. The conversion of shrubland and
herbaceous areas to forest or developed land could be driven by natural succession pro-
cesses, land management decisions, or changes in agricultural practices. Additionally, the
slight decrease in planted /cultivated land could be influenced by factors such as changes in
agricultural practices, crop rotation, or land-use diversification. Forest restoration programs
and afforestation projects may have been implemented to enhance ecosystem services, re-
store biodiversity, and mitigate the impacts of previous land-use practices like mining or
deforestation [72]. Barren land often refers to areas that have been stripped of vegetation
or degraded due to mining, erosion, or other factors. Reclamation efforts aim to restore
these areas by applying techniques such as reseeding, soil stabilization, and vegetation
establishment, leading to a decrease in barren land cover [67]. The land-cover changes
between 2004 and 2019 were validated using paired t-tests in the study area’s 191 Census
Block Groups. The t-test showed statistically significant changes in developed, barren,
forest, shrubland and herbaceous land-cover between 2004 and 2019 as shown in Table 3.
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Figure 7. Graphical representation of percentage change in land-cover classes between the years 2004
and 2019 in the study area.

Table 3. Results of the paired t-test for the change in land-cover classes between 2004 and 2019 in
Census Block Groups (CBGs) of the study area.

Land-Cover Class T-Value p-Value
Water 1.47 0.14
Developed 9.05 1.72 x 10716 #++
Barren —5.02 1.18 x 1076 ***
Forest 3.27 0.01 ***
Shrubland —243 0.01 ***
Herbaceous —6.52 6.02 x 10710 %

Test results are based on the paired f-test. *** represents p-values at 1%, ** at 5% and * at 10% of significance level.
The number of CBGs for the t test was 191.

The paired t-test results from Table 3 illustrate whether the land-cover changes in
study area between 2004 and 2019 are statistically significant or not. Although there was
a non-significant increase in water cover, indicating minimal changes in hydrological
dynamics, developed land cover exhibited a significant increase, suggesting considerable
urban expansion related to surface coal mining and reclamation activities. This expansion
is likely attributed to the development of infrastructure necessary for mining operations.
Reclamation efforts have been successful in transforming previously barren areas into
productive ecosystems, as indicated by the significant decrease in barren land cover and
significant increase in forest cover, reflecting reforestation practices. The shrubland cover
showed a significant decrease, possibly due to changes in vegetation types or land use
modifications. Herbaceous cover also significantly decreased, indicating potential shifts
in the composition and abundance of non-woody plants. The non-significant decrease in
planted/cultivated land cover implies potential impacts on agricultural areas resulting from
mining activities. Overall, these t-test results suggest substantial land-cover changes in the
study area due to ongoing surface coal mining and reclamation. Successful reclamation
efforts have led to the conversion of barren areas into productive ecosystems, including the
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establishment of forests. However, these changes have also led to urban expansion and
potential effects on herbaceous and cultivated land covers.

3.3. Land-Cover Transition

The dominant transitions among land-cover classes reveal interesting patterns, as
shown in Table 4. A transition of 15.3 sq km from water to forest suggests the expansion of
forested areas into water bodies, potentially driven by conservation projects or afforestation
initiatives. These types of transitions are found to be driven by anthropogenic causes [73].
The transition of 27.9 sq km from developed to planted/cultivated indicates the conversion
of urban areas into agricultural land, potentially driven by the need for food production or
agricultural expansion. The transition of 90.1 sq km from barren to shrublands indicates
natural succession or favorable conditions for shrub growth in previously barren areas,
which could be a result of reclamation efforts. The transition of 135.5 sq km from herbaceous
to shrublands implies changes in vegetation composition, influenced by natural succession,
land management practices, or shifts in agricultural practices [68,69]. Lastly, the transition
of 60.5 sq km from planted/cultivated to developed indicates the conversion of agricultural
land into urban or built-up areas, potentially driven by urbanization or infrastructure
development projects [74].

Table 4. Land-cover transition matrix between 2004 and 2019 in the study area (results in sq km).

2019

2004

Land-Cover Type

Water Developed Barren  Forest Shrublands Herbaceous Planted/Cultivated  Total 2004

Water 18.56 3.79 1.12 15.27 2.79 0.58 225 44.36
Developed 2.96 90.44 3.58 22.19 23.36 3.63 27.85 174.01
Barren 0.93 10.34 21.58 24.54 90.12 30.16 1.51 179.18
Forest 19.25 82.22 37.53 4471.14 383.44 294 27.15 5050.13
Shrublands 4.79 95.95 15.58 650.14 305.98 39.71 24.46 1136.61
Herbaceous 0.68 48.82 11.03 85.33 135.33 50.63 11.45 343.27
Planted/Cultivated  2.43 60.51 0.32 34.42 15.93 1.51 95.77 210.89
Total 2019 49.6 392.07 90.74 5303.03 956.95 155.62 190.44 7138.45

3.4. Spatial Autocorrelation Results

Moran’s, I index was calculated using the inverse distance and the Euclidean distance
method. Spatial autocorrelation (Global Moran’s I) indices were computed for the land-
cover classes of study area for 2004, 2006, 2010, 2016, and 2019 as shown in Table 5. The
spatial autocorrelation reports were computed for the 191 Census Block Groups (CBGs) of
the study area. Moran’s I value ranges from 0 to 1, where 0 represents no clustering and
1 represents a high amount of clustering.

Table 5. Spatial autocorrelation report for land-cover classes in the study area displaying Moran’s I
index for each year (2004-2019).

Land-Cover Classes

Year Water  Developed Barren Forest Herbaceous Shrubland CPlaflted/
ultivated
2004 0.468 0.267 0.153 0.338 0.358 0.542 0.499
2006 0.36 0.336 0.231 0.307 0.341 0.428 0.552
2010 0.542 0.345 0.26 0.396 0.236 0.671 0.638
2016 0.429 0.388 0.254 0.366 0.319 0.481 0.461

2019 0.367 0.432 0.194 0.41 0.271 0.408 0.613
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This clustering pattern may be influenced by various factors related to the study area’s
history of surface coal mining and reclamation. A possible explanation for this spatial auto-
correlation is the natural regeneration and regrowth of forests in areas previously affected
by mining activities [75]. The presence of positive (moderate-high) spatial autocorrelation
in developed land cover implies that developed areas tend to cluster together in eastern
Kentucky. This clustering pattern may be influenced by factors related to the region’s
history of surface coal mining and reclamation.

The barren land cover also showed moderate to high spatial autocorrelation with a pos-
itive Moran’s I index. This clustering pattern may be attributed to the spatial arrangement
of coal mining activities and subsequent reclamation efforts as explained by [76], Bernhardt
et al.,, 2012. Surface coal mining and reclamation can lead to the creation of barren areas
because of land disturbance [76]. Furthermore, factors such as topography, geology, and
soil conditions may also contribute to the clustering of barren areas [77]. The extraction
of coal from specific geological formations or the presence of certain soil types can result
in a contiguous spatial pattern of barren land cover [77]. Following surface coal mining,
shrubland vegetation is known to colonize the reclaimed areas, resulting in a contiguous
pattern of shrubland land cover [78]. Factors such as soil conditions, the availability of
seeds or propagules, and the natural growth, adaptation, and interaction of shrub vegeta-
tion with the environment may influence the formation of these shrubland clusters [9,74].
Furthermore, the positive spatial autocorrelation of shrubland land cover underscores the
importance of considering the impacts of mining and reclamation activities on ecosystem
composition and structure [79]. Depending on various ecological factors, including soil
conditions, seed dispersal, and successional dynamics, the land may transition between
herbaceous and shrubland states [80]. Moreover, the positive spatial autocorrelation of
herbaceous land cover highlights the need to consider the impacts of mining and recla-
mation activities on the region’s ecological dynamics [80]. The clustering of herbaceous
areas signifies the potential for altered habitat patterns and the fragmentation of natural
landscapes [81]. The Moran’s I results indicate a clustering pattern of agricultural activities,
suggesting that farming practices are concentrated in certain areas. This concentration
may be influenced by factors such as proximity to mining sites and successful reclamation
efforts, as well as favorable soil conditions and access to water resources. The presence of
clustered water bodies in the study region, particularly in the context of ongoing surface
coal mining and reclamation activities, holds significant implications for the region. These
clusters suggest the creation of artificial water bodies, such as ponds, lakes, or reservoirs,
because of mining and reclamation practices.

3.5. Hot Spot and Cold Spot Analysis

Getis statistical maps aid in determining “where” changes in land cover have taken
place during the study. Figures 8-10 present comprehensive maps reports showcasing hot
spot mapping using the Gi* statistic for different land-cover change categories in the study
region. Each figure corresponds to a specific land-cover change between 2004 and 2019.
Figure 8 illustrates the hot spots and cold spots of herbaceous land-cover change between
2004 and 2019, with high confidence levels. Hot spots are identified in Pike, parts of Floyd,
and Perry counties, indicating a natural succession of vegetation growth, revegetation,
and the probable growth of herbaceous species [11]. Cold spots are visible in Letcher,
Knott, and parts of Pike counties, signifying a likely transition of herbaceous land to other
land-cover types.

Figure 8 displays the hot spots and cold spots for developed land-cover change
in the study area. Hot spots are visible in Floyd, Perry, and parts of Knott counties,
indicating growth in infrastructure, roads, and built-up areas [77]. Cold spots with high
confidence levels are observed in northern Magoffin and Martin counties, suggesting
outward migration, potential reclamation activities, transitions from developed to other
land covers, and the growth of green covers [14].
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Figure 8. Hot spot and cold spot mapping of herbaceous and developed land-cover change using Gi*
Statistic between 2004 and 2019 in eastern Kentucky.
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Figure 9. Hot spot and cold spot mapping of forest and barren land-cover change using Gi* Statistic
between 2004 and 2019 in eastern Kentucky.
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Figure 10. Hot spot and cold spot mapping of shrubland land-cover change using Gi* Statistic
between 2004 and 2019 in eastern Kentucky.

The hot spot analysis for forest land-cover change is shown in Figure 9. Hot spots can
be seen in the southwestern Pike, Letcher, and Perry regions with high confidence levels,
indicating forest growth and effective reclamation results [82]. Cold spots are observed
in the Pike and Floyd counties, representing a decline in forest growth potentially due
to mining activities, transitions to other land covers, and development. Figure 9 also
illustrates the hot spots and cold spots for barren land-cover change in the study area
during the specified period. Hot spots in barren change are observed in parts of Perry,
Knott, southern Letcher, and in central Pike regions with high confidence levels. These hot
spots indicate significant growth in barren land resulting from surface mining activities.
For the surface coal mining operations, vegetation is cleared out and mining operations are
initiated. These coal mining operations are prevalent in the parts of Perry, Knott, southern
Pike and Letcher regions, which might be the reasons for the increased hot spots in those
areas [4,5,9]. Cold spots in barren change can be seen in southwestern Pike, Martin, and
eastern Floyd counties, suggesting forest growth and impactful reclamation efforts between
2004 and 2019 [17].

Figure 10 represents the hot spots and cold spots of shrubland covering changes be-
tween 2004 and 2019. Hot spots can be observed in the Pike, Martin, Floyd, and Magoffin
counties, indicating increased shrubland covers and positive impacts of reclamation activi-
ties. Cold spots are identified in the Perry and Pike counties, which could be attributed to
transitions to planted/cultivated land, developed areas, or forest lands [11].

3.6. Accuracy Assessment

Kappa statistics, Producer’s and User’s accuracy were computed to validate the
accuracy of the land-cover maps for all seven counties between 2004 and 2019, as shown in
Table 6 (Producer’s and User’s accuracy values are reported in the Supplementary Material).
Higher Producer’s, User’s and Kappa accuracy values show better agreement between
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predicted and observed land-cover classes. Kappa accuracy levels in this study varied from
0.75 for Knott County in 2004 to 0.89 for Floyd County in 2016. Because of this level of
precision, land-cover maps generated in this study are considered an accurate depiction of
land-cover classes on the ground in the respective years. Such validated maps allow for
informed land use and cover change decision making for land management, environmental
monitoring, and planning. The high accuracy of the land-cover maps can be attributed
to the use of multi-seasonal Landsat imageries, the use of several ancillary and reference
source maps, such as the National Agriculture Imagery Program, the National Land Cover
Dataset, Google maps, and high-resolution aerial photos and base maps [83].

Table 6. Table showing the Kappa’s accuracy for all seven counties from 2004 to 2019.

Years Counties iil:llr):;sy Years Counties ;iif:;sy
Floyd 0.84 Floyd 0.84
Knott 0.75 Knott 0.79
Letcher 0.77 Letcher 0.83
2004 Martin 0.86 2006 Martin 0.85
Magoffin 0.77 Magoffin 0.78
Perry 0.84 Perry 0.81
Pike 0.77 Pike 0.8
Floyd 0.85 Floyd 0.89
Knott 0.85 Knott 0.81
Letcher 0.79 Letcher 0.89
2010 Martin 0.83 2016 Martin 0.85
Magoffin 0.8 Magoffin 0.79
Perry 0.83 Perry 0.82
Pike 0.84 Pike 0.79
Floyd 0.85
Knott 0.84
Letcher 0.78
2019 Martin 0.85
Magoffin 0.8
Perry 0.83
Pike 0.84

Figure 11 illustrates the distribution of validation points and training samples depicted
on maps for 2004 and 2019. In 2004, Landsat 5 images with six bands were utilized, whereas
in 2019, Landsat 8 images with seven bands were employed. As per [47], the training
samples were determined by multiplying the number of bands by 10. Hence, for each
land-cover class across seven counties in 2004, there were 60 training samples, whereas
in 2019, there were 70 training samples per land-cover class. The validation points for
each land-cover class in both 2004 and 2019 were 50. The validation points were randomly
generated using a stratified random sampling method. Then, utilizing visual inspection for
basemaps, Landsat, NAIP, NLCD data accuracy assessment was carried out.
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Figure 11. Validation points and training samples shown in a map of the study area for 2004 and 2019.

4. Discussion

The results of this study have revealed numerous intriguing insights into the spatial
and temporal trends and patterns of landscape changes. Some of the evident landscape
changes include the growth of vegetation in previous barren land, incremental changes
in developed areas, interchange in shrubland, herbaceous and forest, and a decrease in
planted/cultivated land and slight increase in water areas from 2004 to 2019. In between
2004 and 2019, our study has quantified and explored the trends and patterns of landscape
changes in the study area. Notably, most lands suitable for agriculture were found on the
northern side of the study area, as we could see the increased presence of land capability
classes 1 and 2 in the northern part of the study area, as shown in Figure 3d. This provides
valuable insights into the diverse vegetation, flora, and fauna found across the region [79,81].
Slope maps highlight the distribution of steep slopes and flat land, identifying areas at risk
of soil erosion and those unsuitable for construction and agriculture throughout the study
area [65].

This research also noted the variations in the research area’s water area. The notable
increase in water bodies from 2004 to 2006 may suggest a rise, potentially influenced by
altered rainfall patterns, hydrological processes, or the creation of artificial water bodies for
mining activities [84]. The decrease in the water body between 2010 and 2016 suggests a
change in hydrological cycles and increased evaporation. Nonetheless, between 2016 and
2019, we observed stable water bodies, suggesting that the water bodies’ prior shrinking
had hit a plateau. This represents a relatively stable situation regarding water bodies,
indicating that the previous decrease might have reached a plateau or that the water
bodies have reached a stabilized size [85]. Although the water area in the study region
remained relatively stable from 2004 to 2019, there were fluctuations during that period.
These variations could be attributed to the effects of mining operations and the impacts of
reclamation processes on water bodies, which eventually stabilized [85].

The study region has seen an increase in developed land area, which is explained by
the construction of infrastructure related to coal mining operations, increasing housing, and
commercialization, similar to the study carried out in [86] by Guan and Yu. The increase
in developed areas from 2010 to 2016 reflects the development of new residential areas
and the influence of coal mining-related infrastructure projects in the study area [87]. The
considerable increase in developed areas during 2019 signifies an evident transformation
of the coalfield area’s landscape, potentially encroaching upon natural habitats and agri-
cultural lands [11]. Between 2006 and 2010, the barren land remained relatively stable,
suggesting successful reclamation and vegetation establishment [88] and the suspension of
coalmine projects due to tight federal regulation after 2008. The decline in barren land in
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2019 indicates successful reclamation that might have led to the restoration of the landscape
with forest, shrubland, and other vegetation cover types [89].

We could see that the research area’s forest land area has been gradually expanding,
highlighting the effectiveness of the reclamation efforts [89]. Despite the ongoing mining
activities, the forest land area remained relatively stable or slightly increased from the
period of 2004 to 2019. This indicates successful reclamation efforts and the establishment
of vegetation, leading to the restoration of the forested regions in the research area [90].
Most surface coal mines are in barren ground, which has consistently decreased because of
successful reclamation efforts. This shows how the forest, shrubland, and overall green
areas have been restored in the previously barren areas [65,85,86]. Over the course of
the study, we see fluctuations in the shrubland area, which provides evidence for the
reclamation efforts that have resulted in success or failure in areas that might differ in slope,
aspects, and soil properties [91]. The decline in shrubland may also relate to conversion to
other land-cover types, such as forests or herbaceous vegetation [88,89].

The transition matrix from 2004 to 2019 shows a clear pattern of dominant land-cover
transitions, such as from agriculture to developed, from shrubland and herbaceous to forest,
and from barren to shrubland and forest. These transitions suggest increased infrastructure,
vegetation growth in the previously barren land, and natural land-cover transitions [80].
The shift of 383.44 sq km from forest to shrublands may imply that land management
practices favor shrub growth or disturbances impacting forest ecosystems [9]. Conversely,
the conversion of 650.14 sq km from shrublands to forest suggests the re-establishment
or regeneration of forests in areas once dominated by shrublands, potentially aided by
conservation efforts or natural processes. The positive spatial autocorrelation in forest areas
suggests that areas with forest land cover tend to be spatially adjacent to other forested
areas [92]. The reclamation process, which involves restoring mined lands to their original
or alternative uses, may have facilitated the establishment of new forested areas [93]. The
observed spatial clustering of developed areas can be attributed to growth in infrastructure,
favorable land-use policies and ordinances for residential land development, and the
availability of jobs and growth of suburb or micropolitan areas, which need to be further
studied [91,94].

Hot spot analysis showed variations in changes in land-cover classes in different
counties. Reclamation and forest growth were seen in Pike, Martin, and eastern Floyd [17].
Between 2004 and 2019, Floyd, Perry, and portions of Knott counties showed an increase
in developed land [77]. The amount of developed land dropped in the northern Magoffin
and Martin counties, indicating movement westward and a change from developed to
undeveloped areas [14].

Despite the extensive history of active coal mining in our study area, there is a notable
scarcity of similar research that corresponds to our research [95,96]. This study fills this
gap by quantifying the land-cover changes influenced by coal mining and reclamation.
This research serves as a foundational record, offering essential baseline information for
future studies. While we endeavored to meticulously utilize available data and fulfill our
research objectives within the time constraints, we acknowledge certain limitations. These
include the scarcity of optimized satellite data, discrepancies in data acquisition and limited
access for the field work for ground truthing. Nonetheless, we recognize the potential
for future research to employ advanced technologies such as high-resolution UAV /drone,
lidar, or hyperspectral imagery. As discussed by Sun et al. (2024), in future studies we can
also adopt similarity- and dissimilarity-induced image regression (SDIR)-like advanced
regression models for improving the final change detection accuracy [97]. These tools could
facilitate a deeper understanding of landscape changes and their relationship with biomass
change, hydrology, soil dynamics, environmental health, and the management of reclaimed
mine lands. Despite its limitations, our research was able to comprehensively examine
land-cover changes from 2004 to 2019 in the study area. We believe it provides valuable
insights for researchers and readers alike, offering a broader understanding of the evolving
landscape dynamics shaped by coal mining and reclamation activities.
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5. Conclusions

This study explored spatial trends, patterns, and transitions in the change in land
cover in eastern Kentucky between 2004 and 2019 using machine-learning random forest
algorithm and spatial analysis techniques. Random Tree Classifier, paired t-test, spatial
autocorrelation using Moran’s I, and hot spot analysis examined how land cover varied
spatially between 2004 and 2019. Among the seven land-cover types, forests/herbaceous
and developed lands were increased. This indicates successful reclamation efforts, leading
to the restoration of the forested areas lost during mining activities before 2004 and the
conversion of reclaimed lands into development, infrastructure, industries, and recreational
places in recent years.

Despite being a dominant region of surface coal mining in the Appalachian region,
only a few studies reported a land-cover classification of the study area in the past, which
was based on traditional classification methods and were observational studies. Our
study’s use of a Random Tree Classifier from ArcGIS pro, a random forest classification
method spatial clustering, hot spot analysis, and the inclusion of topographic layers and
multi-season Landsat imagery in the analysis made this research crucial to understanding
the land-cover dynamics of study area. The findings offer crucial insights into land-cover
changes, vegetation reclamation success, and transitions between land-cover types. This
research not only fills a significant gap but also aids local land managers and mine workers
in pinpointing areas of change, effectively managing land, and forecasting future scenarios.
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