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Firstly, based on Corine data and satellite images, a relative spatial indicator (RSI) was adopted to
describe the mineral land areas. Secondly, land cover and use changes were spatially defined using
Corine data and ArcGIS tools. The active mining area was then distinguished by dumping area, using
Landsat satellite imagery and mining maps, and finally, mine operation parameters were statistically
analyzed. The study revealed that “mineral extraction sites” present a strong correlation with “non
irrigated arable land” and “transitional woodland”. The results have shown that between 1990 and 2018
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Additionally, the mine operation parameters are well correlated with the active mining area.
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Abstract
Long-term surface mining and land cover/use changes have been evidenced to have a critical relationship. This study
investigates the evolution of this relationship for Ptolemais (Northern Greece) coal mining area during the period
1990e2018. In this context, satellite images, Corine data, and mining maps were used. A relative spatial indicator (RSI)
was adopted to describe the mineral land areas and ArcGIS tools to deﬁne the land cover and use changes. Furthermore,
mine operation parameters were statistically analyzed concerning land cover/use areas. The study revealed that areas
described as “mineral extraction sites” present a strong correlation with “non-irrigated arable land” and “transitional
woodland”. From 1990 to 2018, the total forest area was increased by three times, mainly as a result of the dumping sites’
geometry. Additionally, the mine operation parameters are well correlated with the active mining area, and more speciﬁcally, there is a linear relationship between the stripping ratio and the ratio of lignite production to active mining
area. In the general case, the calculated annual changing rate of land use types may contribute to the prediction of future
land reclamation uses and, consequently, to land reclamation planning in due time.
Keywords: land cover/use change, surface mining, relative spatial indicator, transitional matrix, GIS, active mining area

1. Introduction

L

andscape changes are directly correlated
with land use changes and the human factor
to a certain extent [1,2]. In particular, the landscape
changes occur due to anthropogenic activities, such
as construction, mining, agriculture, and forest
uses, representing 86% of changes to the landscapes
[3]. In general terms, it is estimated that between
30% and 50% of the Earth's surface has been
transformed or degraded by human activities [4].
Mining, especially continuous surface mining has
a signiﬁcant effect on the landscape, not only during
the active mineral extraction period but also during
post-mining operations. It causes irreversible
changes in the environment and raises the most
disputes than any other industry [5e7]. Mainly,
modern surface mining techniques that include
heavy equipment can produce dramatic alterations
in land cover, both ecologically and hydrologically
[8,9]. These alterations are a result of the land

transformation induced by the mining excavations
and dumps. Land cover and use changes should be
reviewed, in order to investigate the relationship
between landscape changes and mining, supporting
land management and ecological reconstruction.
The quantiﬁed spatial analysis and distribution of
land changes are very important for pre-mining and
post-mining planning, policy-making, and developmental planning [10]. Interactions and relationships between human activities and natural
resources could be analyzed by studying landscape
changes medium to long term [11]. Some main
factors determine the impact of mining on the
landscape and are distinguished into three categories. The ﬁrst includes geological factors related to
the deposit, such as the type of raw material, depth,
resources, and availability. The second group includes factors associated with mining works, mainly
the method of extraction, the size of mineral and
waste rock extraction, the waste production, and the
extraction period. The third group includes factors
related to landscape features affected by mining,
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such as the slope inclination, the intensity of relief,
and the relative altitudes [12].
The selection of the appropriate method is of great
importance, in order to identify the relationship
between the mining activities and the changes in
land cover/land use. The literature review shows
several methods, some qualitative or expert-driven
and some others quantitative or data-driven. The
quantitative evaluation of landscape changes enables a better and more precise analysis of the
change dynamics [13]. Additionally, there are four
main categories of land use change models: Statistical and Econometric models, Spatial Interaction,
Optimization, and Integrated models. Natural-sciences-oriented modeling, Markov modeling of land
use change, and GIS-based modeling of land use
change are some other modelling approaches [14].
Numerous studies have used the semi-quantitative
method to detect and classify land cover and use
changes through the visual interpretation of aerial
photographs and satellite images based on the
ArcGIS software applications [15e19]. In particular,
the GIS database is updating by remote sensing
images, and the remote sensing analysis is supported by GIS data [20e22].
In this context, the land cover and use changes
between two different periods are depicted in the
attribute table as the intersection's result of the two
initial temporal layers [23]. Fragou et al. 2020 [24],
proposed a synergistic use of Landsat EO imagery
and Support Vector Machines (SVMs) for obtaining
Land Use/Cover Mapping and quantifying its
spatiotemporal changes. Also, the use of digital
terrain models helps to explain the causes of the
changes. One widespread technique for identifying
the main land changes and trajectories is the intensity analysis and the classic transition matrix
[25e28]. The Intensity analysis method is applied to
analyze land changes at three levels: time interval,
category, and transition [29]. Landscape transition
matrices, land conversion maps, and landscape
indices consist of techniques that identify the land
change direction and quantify the change [30]. A
quite reliable quantitative approach is that of
[2,31,32], which calculates some representative factors, namely landscape metrics, land use degree
index, fractal dimension, land use stability index,
etc. Landscape metrics are considered useful tools
for quantifying landscapes' spatial patterns after the
appropriate grain size or extent is determined [33].
The main research questions (RQ) are the
following:
RQ 1: How do surface mining operations affect
the land cover and use areas?
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RQ 2: How are the land cover and use subcategories correlated?
RQ 3: How does the land cover and use changing
rate operate as a critical tool for future land
changes predictions?
RQ 4: How do mine operation parameters and
land cover/use changes relate to each other over
time?
The research questions have been addressed by
investigating a) land cover and use changes in the
Ptolemais lignite mining area and b) correlation
between “mineral extraction sites”, active mining
area, and several lignite mine operation parameters.
The use of a Relative Spatial Indicator (RSI) is proposed, in combination with satellite imagery data and
Corine dataset, in order to apply the spatial analysis of
subcategory “mineral extraction sites”. After the
necessary adjustments, the land cover changes are
investigated, focusing on the “mineral extraction
sites” Corine subcategory. The main land cover subcategories (after appropriate merging) are statistically
analyzed to investigate the intercorrelation. The ﬁnal
step is the relationship appraisal between the mineral
land (“mineral extraction sites” and “active mining
areas”) and several mine operation parameters, like
lignite production and stripping ratio.
This paper is divided into four sections. This
section gives a brief overview of the land cover
changes affected by surface mining; the second describes the study area, the data used in the frame of
the study, and the applied methods. The third section presents the results and discussion while the
conclusions are drawn in the ﬁnal section.

2. Materials and methods
2.1. Study area
The exploitation of lignite mines by the Public
Power Corporation (PPC) of Greece, in the Ptolemais mining area (Kozani Province of Western
Macedonia Prefecture, northern Greece) started in
1957. A total of 1.5 billion tons of lignite had been
mined in the Ptolemais area until the end of 2020,
with total excavations of 6.8 billion m3 and an
overall stripping ratio of 3.7 m3/t. The corresponding total lignite production from all PPC mines in
Greece was 2.2 billion tons and the total excavations
10 billion m3. The remaining lignite reserves in the
area are estimated to about 600 million tons. At
present, three mines (Mavropigi, Kardia, and South
Field) are in operation, while the lignite production
in 2020 was 8.25 Mt. According to the current planning, Kardia mine will stop operation in 2021, and
the other two mines will operate till 2028. The
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higher annual lignite production rates were achieved during 2000e2012 (40e45 Mt annually).
The study area is deﬁned within Approved
Environmental Permitting Limits of Ptolemais
mines (147.91 km2). It includes the excavation areas
of surface mines in operation, the inside and
outside dumping areas, former mining areas
(exhausted mines and dumping areas) that have
been reclaimed, as well as buildings and auxiliary
facilities. The topography of the study area is
generally sharp with elevations between 453 and
920 m a.s.l. Fig. 1 shows an overview of Ptolemais
Mines within the Approved Environmental
Permitting Limits.
2.2. Study data
The data that have been processed and analyzed
was obtained from the CORINE dataset, Landsat
images, and PPC data. CORINE (Coordination of
information on the environment land cover) is a
European project, which has been created for the
recording of land cover/use of 27 member countries

of the European Union [34]. It was initiated in 1985
(the reference year 1990). Updates have been produced in 2000, 2006, 2012, and 2018. The ﬁve years
are the Corine landmark years of mapping the land
cover and use changes. The changes regard some
years before and after the landmark year [35]. It
consists of an inventory of land cover in 44 classes.
The depiction of European land cover is based on a
combination of high-resolution satellite images and
auxiliary elements (1:50,000 and 1:100,000 scaled
topographic maps, 1:30,000 scaled aerial photographs taken from 1986e1990 and 1:20,000 scaled
orthophoto maps-the latest version of the Google
Earth platform with very-high-resolution images
was additionally utilized) [36].
The Landsat satellite data are available over some
decades and free-of-charge through electronic access via the Web [37]. The spatial-resolution
(30-meter) imagery of Landsat imagery enables
users to see in detail processes such as urbanization,
but not individual houses. The available information
from Landsat imagery began in 1972 [38e42]. The
satellite images covering the study area were

Fig. 1. Mines in operation and exhausted mines in Ptolemais area (June 2020) and reclaimed areas (December 2019).
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acquired for the period 1984e2018 and were obtained from the Earth Explorer (USGS).
Detailed annual topographical maps of the mining
area, as well as technical, production, and spatial
data of mining operation, were available by PPC.
Furthermore, the study area scale is a crucial issue
to consider, for mapping reasons, especially for the
land cover mapping. In the study, all the data were
projected to the same reference system and WGS 84
datum.
2.3. Method
The methodology followed three main processes:
the ﬁrst involves interpretation of Landsat satellite
images of different years focusing on the mineral
land, which is the area of interest in this study and
overlaying with the Corine dataset. The second involves the surfaces’ geometric intersection procedure in the ArcGIS environment. This procedure
includes overlapping the features of two polygon
shapeﬁles. Land cover and use area information is
the containing data of the shapeﬁles for two
different study years. In this way, detection, quantiﬁcation, and spatially deﬁnition of land cover and
use changes are achieved. Investigation of the relationship among several mine operation parameters
with mineral land constitutes the third part of the
study. The overall framework of the current analysis
is summarized in Fig. 2.

Fig. 3. Intersection and Union of two surfaces (Total theory).

although mining activities were developed between
the years 2013e2018, and mines were expanded by
excavating about 250 Mm3. In this context, it was
necessary to match and compare the Corine mineral
land with Landsat mineral land to identify the
similarities and differences. The process is based on
the Set Theory (Fig. 3). It includes comparing two
surfaces regarding relative location, shape, and area
as polygon shapeﬁles in the ArcGIS software, using
the Intersection and Union analysis tools.
The following proposed equation expresses the
relationship between the two surfaces.
RSI ¼

Intersection S1 ∩S2
¼
Union
S1 ∪S2

ð1Þ

where
2.3.1. Mapping mineral land according to landsat
observations (Matching)
In some parts of the mining area, land cover
changes have not been recorded in Corine dataset,

RSI is the Relative Spatial Indicator and applies
0  RSI  1,

Fig. 2. Flow chart of the methodology.
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S1 is the mineral extraction area obtained by the
Corine dataset and
S2 is the mineral extraction area based on Landsat
satellite imagery
The visual interpretation was made in ArcGIS
software 10.3.1, using the combination of the Landsat satellite images, the Land Corine dataset, and
the data of different annual mine phases. After the
georeferencing procedure in ArcGIS and the separation of the mining area from the dumps, the
delineation of the polygons was employed. The
Landsat satellite images' time range extends from
1984 until 2019, while the Land Corine's dataset
reference years are: 1990, 2000, 2006, 2012, and 2018.
Predominately, the Land Corine dataset of the
1990 reference year was overlaid by Landsat images

of 6 consecutive years (1986, 1987, 1988, 1989, 1990,
and 1991), regarding only the “Mineral Extraction
Sites” polygon (Fig. 4). More speciﬁcally, the “Mineral Extraction Sites” polygon was adjusted in the
mineral land of satellite image for each year. The
time consistency for Land Corine dataset 1990
regards the period 1986e1999. However, the
matching procedure focused on 1986e1991, because
the RSI reached the maximum value for the year
1988, and then began to decrease. The best combined Landsat image with the study polygon was
ﬁnally selected for the change analysis. Determining
the best combination, the RSI was calculated. In
speciﬁc, the closer to 1 the RSI was, the better ﬁtting
appeared (Equation (1)). Regarding the difference
observed during the period 2013e2018, the Corine
Land Cover 2018 map's intervention has been

Fig. 4. Matching the “Mineral Extraction Sites” of Corine Data 1990 with the most suitable Landsat image according to RSI.

accomplished according to the mining area interpretation of the 2017 Landsat satellite image. In the
2017 Landsat image, the highest value of RSI was
observed compared with those of 2018 and 2019.
This matching procedure aimed not to validate the
Corine dataset, but to deﬁne as accurately as
possible the “Mineral Extraction Sites”, according to
PPC experience.
Sixteen (16) different land cover and use subcategories were identiﬁed in the study area (Table
1). Their spatial distribution according to RSI is
presented in Fig. 5. The Corine ofﬁcial nomenclature is presented, as well as the key code that has
been adopted in this study for easiness. The “Mineral Extraction Sites” are described as follows:
Category: Artiﬁcial surfaces- Subcategory: 1.3 Mine,
dumps, and construction sites e 1.3.1 Mineral
extraction sites [43]. In fact, “Mineral extraction
sites” and “Dumps” are different Corine subcategories. However, in the Corine dataset, the
“Mineral Extraction Sites” has not been distinguished from “Dumps”. The active mining area
(excavation area) was identiﬁed and separated from
the dumping area in the third part of the paper, to
be correlated with mine operation parameters.
2.3.2. Calculation and mapping of land cover/use
changes
Land cover/use change detection is a signiﬁcant
task in digital image processing and is applied using
two satellite images of different years [44]. The
traditional detecting change methods using remote
sensing data can be broadly divided into two main
categories: pre-classiﬁcation and post-classiﬁcation
image change detection. The pre-classiﬁcation
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technique includes analysing transformed images
from two different dates, whereas post-classiﬁcation
includes analysis of thematic classiﬁcations from
two different date images [1,45e47]. The Post-Classiﬁcation comparison (PCC) is the most commonly
used method for quantitative analysis [48,49]. The
post-classiﬁcation change detection technique was
chosen for use in this study. It permits analysing for
a time series period, gives the size and distribution
of changed areas (either negative or positive), as
well as the percentages of other land cover classes
that share in the change in each land cover class
individually.
Transitional matrices were created to easily and in
detail show the transition from one land cover/land
use to another during time intervals [50]. The notation Pij is the land area that is transformed from
subcategory i to a different j. The overall sum of
category j, of the horizontal direction for the Pi,t1,
indicates the land cover/use area in category i in
time t1 (Equation (2)). Similarly, the overall sum of
category i, of the vertical direction for the Pj,t2, indicates the landscape area in category j in time t2
(Equation (3)). In the diagonal direction, the area Pii
refers to the unchanged part of the same category
(Table 2).
n
X

Pij ¼ Pi;t1

ð2Þ

Pji ¼ Pi;t2

ð3Þ

j¼1
n
X
i¼1

The loss of terrain (Li) of category Pij from a
former study year to a latter is calculated by the

Table 1. Land Cover/Land Use Corine subcategories that identiﬁed in the study area. The ofﬁcial nomenclature and the key code used in this study.
Corine ofﬁcial coding

Corine ofﬁcial Nomenclature

Key Code

Category

1.1.2
1.2.1
1.2.2
1.3.1
1.3.3

Discontinuous urban fabric
Industrial or commercial units
Road and rail networks and associated land
Mineral extraction sites
Construction sites

DUF
ICU
RN
MES
CS

ARTIFICIAL SURFACES

2.1.1
2.1.2
2.2.1
2.3.1
2.4.2
2.4.3

Non-irrigated arable land
Permanently irrigated land
Vineyards
Pastures
Complex cultivation patterns
Land principally
occupied by agriculture,
with signiﬁcant areas of
natural vegetation

NIAL
PIL
V
P
CCP
LAV

3.1.1
3.2.1
3.2.3
3.2.4
3.3.3

Broad-leaved forest
Natural grasslands
Sclerophyllous vegetation
Transitional woodland-shrub
Sparsely vegetated areas

BLF
NG
SV
TW
SVA

AGRICULTURAL AREAS

FOREST AND SEMI-NATURAL AREAS
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Fig. 5. The land cover/land use maps of the study area for ﬁve different years. Relative spatial matching of “Mineral Extraction Sites” polygon
(Corine) and Landsat satellite image a) 1990, b) 2000 c) 2006, d) 2012, e) 2018.

difference between row totals and persistence
(Equation (4)). The difference between column totals
and persistence gives the gain of terrain (Gi) of
category Pij in time t2 by other categories from the
year t1 (initial time) to the year t2 (next time)
(Equation (5)).

Liðt1;t2Þ ¼ Piðt1Þ  Pii

ð4Þ

Giðt1;t2Þ ¼ Piðt2Þ  Pii

ð5Þ

3. Results and discussion

Table 2. Theory of transitional matrix.
Time t2

Time t1

Category

1

2

…

i

n

1
2
«
i
n

P11
P21
«
Pi1
Pn1

P12
P22
«
Pi2
Pn2

…
…
1
…
…

P1i
P2i
«
Pii
Pni

P1n
P2n
«
Pin
Pnn


ARCi ¼ ðPi;t2 =Pi;t1 Þ

1
t2 t1


1
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ð6Þ

where,
Pi;t2 is the current value, Pi;t1 the previous value
t1 the initial time, and t2 the next time
The Annual Rate of change (ARCi) for each land
covers subcategory i was calculated by Equation (6),
which is based on the theory of Compound Interest.
2.3.3. Spearman-Pearson correlation
Spearman and Pearson correlation analyses were
used between eight main land cover/use categories
of Corine: “Mineral Extraction Sites (MES)”, “Nonirrigated arable land (NIAL)”, “Permanently irrigated land (PIL)”, “Land principally occupied by
agriculture, with signiﬁcant areas of natural vegetation (LAV)”, “Transitional woodland-shrub (TW)”,
“Other artiﬁcial surfaces (OAS)”, “Other agricultural
areas (OAA)” and “Other forest areas (OFA)”. The
(OAS) category consists of the following land cover
subcategories: “Discontinuous urban fabric”, “Industrial or commercial units”, “Road and rail networks and associated land”, and “Construction
sites”. The (OAA) category includes “Vineyards”,
and Complex cultivation patterns”, whereas the
(OFA) consists of “Broaded leaved forest”, “Natural
grasslands”, “Schlerophyllous vegetation”, and
“Sparsely vegetated areas”. The area for each land
cover and use of the three categories is too small
that the correlation is not possible. For this reason,
the above grouping was chosen.
2.3.4. Statistical analysis of mineral land and mine
operation parameters
Regression analysis was performed between mine
operation parameters and mineral land, as well as
among the mine operation parameters. Namely,
mine operation parameters consist of stripping ratio
and lignite production, while mineral land consists
of “Mineral Extraction Sites” Corine subcategory
and active mining area.

3.1. Mapping mineral land according to landsat
observations (Matching)
Fig. 5 presents the results of the matching procedure for each reference year based on the procedure described in the previous section and is
schematically presented in Fig. 4. According to this,
the RSI1990 equals 0.7836 and the “Mineral Extraction Sites” matches well with the 1988 Landsat
image (Fig. 5a). Following the same procedure for
the other years, the RSI2000 ¼ 0.8935 matches better
with the 2000 Landsat image (Fig. 5b), the
RSI2006 ¼ 0.8134, matches with 2005 Landsat image
(Fig. 5c), the RSI2012 ¼ 0.8380 matches with 2011
Landsat image (Fig. 5d), and RSI2018 ¼ 0.8348
matches with Landsat image of 2017 (Fig. 5e).
3.2. Land cover and use changes over time
The calculations of the various land cover and use
acreages conducted in the ArcGIS software, for each
one of the ﬁve study years within the period
1990e2018, and are presented in Fig. 6.
Moreover, a pairwise comparison of Corine
reference years 1990e2000, 2000e2006, 2006e2012,
2012e2018, and 2000e2018 and a total of 1990e2018,
were applied for land cover and use changes estimation. The “1st period” of 1990e2000 is characterized by the rapid increase of rock excavation and
lignite production rates and, as a consequence, the
majority of the changes regard the transition from
other uses to “Mineral Extraction Sites” (Fig. 7a).
The “2nd period” of 2000e2018, is characterized as
the mature period (Fig. 7b) when mines’ development and land reclamation works were carried out
in parallel. Finally, in Fig. 7c the total transitional
changes for the time interval 1990e2018 are
mapped.
Fig. 8 shows the interaction between “Mineral
Extraction Sites” and the other land cover/uses for
each study year. The qualitative description of
changes related to “mineral extraction sites” for the
two general periods (1990e2000 and 2000e2018), as
well as the change areas, are presented in the
equilibrium charts of Fig. 9a and b.
The spatial distribution of land cover and use
changes indicate that the reclamation works consist
of a signiﬁcant degree of forestation. Speciﬁcally, in
1990 the Corine category “Forests and semi-natural
areas” occupied 4.5 km2, while in 2018, the same
category occupied an area of 19.5 km2, which means
that there was an increase of approximately 330%.
17.07 km2 out of 19.5 km2 of forest areas in 2018 are
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Fig. 6. Land cover and use areas per subcategory between the years 1990 and 2018; see Table 1 for the deﬁnition of the coding.

reclaimed land due to forestation works. The
1.82 km2 concerns the unchanged forest areas. It is
worth noticing that “Transitional woodlands e
Shrubs” acreage exhibited a signiﬁcant increase
between 2006 and 2012. This is probably related to
the extensive forestation programme carried out in
the period 1995e2010. The relatively short time that
has passed from the plantation of trees results in
incomplete development of forests. Nevertheless,
the achieved high-efﬁciency ratios of plantations
promise that “Transitional Woodlands-Shrubs” will
be transformed to “Broadleaved forests” after a few
decades. As far as the “Agricultural areas” is of
concern, its acreage has decreased by 60% for the
same time interval. This development was expected
since the predominant land use in the areas expropriated by the mine operator for mines development is “Non-irrigated arable land”. Finally, the
“Artiﬁcial surfaces” were increased by 80% due to
the expansion of mining activity.
Furthermore, transitional matrices were created
for the following study time intervals: 1990e2000,
2000e2006, 2006e2012, and 2012e2018. Tables 3 and
4 present the transitional matrices for the time intervals that have been deﬁned as the two main
mining periods (1990e2000 the development period
of mines, and 2000e2018 the full operation and
reclamation period). Also, a total transition matrix
for the period 1990e2018 has been built (Table 5).
Transitions from other uses to “Mineral Extraction
Sites” appear with red colour, while green colour
draws the transitions from “Mineral Extraction

Sites” to other uses. The unchanged areas are drawn
with grey. The land cover and use areas are obtained from the Corine dataset. These transitions are
spatially distributed in the maps of Fig. 10.
The most remarkable result to emerge from the
data is the signiﬁcant transformations that appeared
among “Mineral Extraction Sites”, “Non irrigated
arable land”, “Permanently irrigated land”, and
“Transitional woodland-shrub” (Tables 3e5). Summarizing the results, surface mining drastically
changes landscape and land uses both during the
development of mines and after the end of mining,
through reclamation works (RQ1).
Fig. 11 shows the annual changing rate of main land
use types during the period 1990e2018. It is worth
referring that the higher value of annual rating
change is observed during the period 2000e2006 in
the forest land “Transitional Woodland”. “Discontinuous Urban Fabric” was decreased during
2000e2018 due to the required expropriation of villages (Klitos, Haravgi, Mavropigi, Komanos) to
develop mines. On the other hand, “Mineral Extraction Sites” remained unchanged during 2000e2006,
even though lignite production and active mining
area have been increased over the same period. The
reasons are a) waste materials have been moved from
outside to inside or other outside dumping areas for
the further expansion of mines and b) extensive
reclamation works have been carried out (“Land
principally occupied by agriculture, with signiﬁcant
areas of natural vegetation”, “Broad-Leaved Forest”,
and “Transitional Woodland”) in areas where the

81
RESEARCH ARTICLE

JOURNAL OF SUSTAINABLE MINING 2021;20:72e89

Fig. 7. Map of the most systematic land use and land cover transitions for the a) 1st period of mines development (1990e2000), b) 2nd period of mines
development and reclamation (2000e2018), and c) the total transitions 1990e2018.

mining activity has been completed (exhausted mines
and dumping areas).
The annual changing rate could be a useful tool
for predicting land use changes in the future.
However, considering additional factors, such as
productivity, the type of land use, and the location
of infrastructure (roads, railway lines, rivers, buildings), is necessary (RQ3).

3.3. Land cover and use subcategories
intercorrelation
In the framework of this study, statistical correlations were employed using Spearman and Pearson techniques. The data used for the statistical
analysis were areas data in km2. For the analysis
scope, eight different land use types were selected,
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Fig. 8. Land cover changes regarding “Mineral Extraction Sites” during the study period.

of which the three are merged land use subcategories. The merging was conducted based on
the common properties of the land use subcategories. Speciﬁcally, the smaller agricultural,

artiﬁcial, and forest areas were merged. For each
land use type, ﬁve values were used, which correspond to the ﬁve study years (Table 6). The closer to
1 the values are, the better correlation the two land

Fig. 9. Equilibrium Land Cover changes chart a) for the 1st period 1990e2000 (mines development) and b) for the period 2000e2018 (mines in full
operation and reclamation); (deﬁnition of the coding in Table 1).

Table 3. Transitional matrices of land cover change for the period 1990-2000. Values are in square kilometers.
2000 (Area km2)
DUF
DUF

ICU

RN

MES

CS

NIAL

PIL

V

P

CCP

LAV

BLF

NG

SV

TW

SVA

2.85

ICU

2.85
3.21

3.21

RN

0.00

MES

42.94

0.65

43.58

1990 (Area km2)

CS

0.00

NIAL

23.56

PIL

1.03

V
P

0.10

46.97

0.06

1.51

70.63
9.23

10.26
1.57

1.01

6.82

CCP

7.83
0.03

LAV

0.03
3.31

BLF

0.06

0.06

3.31
0.97

NG

1.09
0.94

SV

0.94

0.68

0.68

TW

0.17

SVA
Total
(2000)

Total
(1990)

0.45
2.85

3.21

0.00

69.22

0.67

0.17
1.32

48.54

9.23

0.00

uses have. In Tables 7 and 8, the correlations according to Pearson and Spearman are presented
respectively, with a color scale. With red color, the
lowest Pearson and Spearman absolute values are
presented, with yellow the moderate, and with
green the higher ones. The matrices were generated

7.47

0.03

3.31

0.97

0.94

0.00

0.17

1.78

1.32

in statistical software SPSS, and the results included
Pearson and Spearman correlation coefﬁcient
values with their signiﬁcance.
In Tables 7 and 8, it is observed that the majority
of the correlation values belong to the moderate
correlation (yellow color). The Spearman statistical

Table 4. Transitional matrices of land cover change for the period 2000e2018. Values are in square kilometers.
2018 (Area km2)
DUF

DUF
0.83

ICU

ICU
0.19

RN

MES
1.71

CS

NIAL
0.12

2.04

1.03

0.14

3.49

44.78

0.01

PIL

V

P

CCP

LAV

BLF

NG

SV

TW

SVA

3.21
0.00

2000 (Area km2)

RN
MES
CS
NIAL

0.05

0.08

1.06

0.57

0.10

0.23

25.74

20.23

1.60

1.42

0.04

7.77

5.06

0.25

PIL

2.80

2.55

14.53

69.22

0.17

0.06

0.04

48.54

0.67
0.34

9.23
0.00

V
P

0.09

1.96

CCP
LAV

2.36

0.02

BLF

0.55

0.05

NG

0.17

0.04

0.48

0.10

7.47

0.02

0.03

0.45

3.31

0.37

0.97
0.73

0.94
0.00

SV
0.17

TW
SVA
Total
(2018)

Total
(2000)
2.85

0.97

5.80

0.02

0.61

0.82

83.53

0.13
0.00

21.04

0.17
0.56

9.37

0.00

2.30

1.06

3.46

3.43

0.73

0.00

14.86

0.56

1.32
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2018 (Area km2)
DUF

DUF

ICU

0.83

0.19

1.71

0.12

Total
(1990)
2.85

2.04

1.03

0.14

3.21

3.47

22.59

0.05

45.81

18.81

1.60

2.45

0.04

7.77

ICU

RN

MES

CS

NIAL

PIL

V

P

CCP

LAV

BLF

NG

SV

TW

SVA

0.00

RN
MES

0.61

1.06

2.14

1.56

12.10

43.58

0.83

1.05

1.86

70.63

0.00

CS

1990 (Area km2)
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Table 5. Transitional matrices of land cover change for the period 1990e2018. Values are in square kilometers.

NIAL

0.05

0.10

0.18

PIL
0.20

V
P

0.09

0.02

0.55

0.11

NG

0.17

0.04

SV

0.68

0.06

1.57

0.21

2.36

BLF

10.26

1.37
5.47

CCP
LAV

0.34

1.35
0.48

7.83

0.03

0.03

0.45

3.31

0.37

1.09
0.73

0.94
0.68
0.17

TW
SVA
Total
(2018)

0.70

0.97

5.8

0.37

0.71

0.13

0.8

83.53

21.04

0.17
0.56

9.37

0.00

analysis shows a perfect correlation regarding
“Non-irrigated arable land”, “Mineral Extraction
Sites” and “Other Agricultural Areas”. In particular,
“Mineral Extraction Sites” seems to have a perfect
negative correlation with the “Other Agricultural
Areas” and the “Non-irrigated arable land”. That
happens due to the mining development operations
and consequently the expansion of mining land
onto the agricultural land, which, as already
mentioned, was the main land use prior to the
lignite mining era (Table 8). However, the “Mineral
Extraction Sites” presents a good positive

2.30

1.06

3.46

3.43

0.73

0

14.86

1.77

0.56

correlation with the “Transitional Woodland”,
which means that during the mining development,
reclamation works were occurring simultaneously.
The next most signiﬁcant correlations occur among
other subcategories, which are the “Other Agricultural Areas”, the “Other Forest Areas”, and the
“Non-irrigated arable land” (RQ2).
The matrix plot of Fig. 12 displays the pairwise
relationship of land cover/use subcategories. Critically, Spearman's statistical analysis proved to be
more representative than the one of Pearson. There
were observed higher values in Spearman

Fig. 10. Spatial changes distribution related with“Mineral Extraction Sites” for (a) 1990e2000, and (b) 2000e2018.

Fig. 11. Annual changing rate of each category (based on equation (6));
see Table 1 for the deﬁnition of the abbreviations.

Table 6. The initial cell values for the statistical analysis (Corine areas
in km2).
Year

1990
2000
2006
2012
2018

Corine land cover and use areas
MES

NIAL

PIL

LAV

TW

OAS

OAA

OFA

43.58
69.26
70.23
74.34
83.07

70.76
48.67
40.30
27.32
21.53

10.24
9.21
8.44
9.57
9.29

3.29
3.27
11.06
4.03
3.48

0.17
0.17
3.41
16.01
14.85

6.02
6.67
5.53
7.54
7.71

9.40
7.48
5.39
3.75
3.36

4.46
3.19
3.55
5.36
4.67

correlation than in Pearson due to the monotonic
and non-linear relationship that characterizes the
parameters (Tables 7 and 8).
3.4. Intercorrelation of mining parameters and
correlation with the mineral land
In the ﬁnal part of the present work, the correlation between mine land changes and mine

operation parameters has been investigated. For this
purpose, the mine operation parameters that are
considered for this correlation are lignite production
and stripping ratio (ratio of waste rocks volume that
must be excavated per ton of lignite produced).
Lignite production during the period 1984e2019 is
not related to changes in the acreage of “mineral
extraction sites” Corine subcategory (Fig. 13). It
must be noted that the latter includes both excavation and dumping areas and, in some cases, other
areas, such as building infrastructures and auxiliary
facilities. The excavation area (active mining area)
should be identiﬁed and separated from dumping
and infrastructure areas. In this frame, Landsat
satellite images, and PPC data were used to determine the annual active mining area during the study
period (1984e2019).
However, there has been a decrease in the active
mining area in recent years, accompanied by a
decrease in production. Fig. 13a shows the annual
change of stripping ratio (m3/t) concerning lignite
production per active mining area (t/km2). As was
expected, the stripping ratio is increased over time
while lignite production per active mining area is
decreased (Fig. 14). Moreover, in Figs. 13b and c
lignite production is related to the active mining
area and the total mining area represented by the
“mineral extraction sites”. More speciﬁcally, lignite
production increases as the active mining area increases. However, there is no correlation between
the “mineral extraction sites” and lignite production
because this subcategory includes both excavation
and dumping areas. The decrease of lignite production after 2005 is amortized by the high stripping
ratio, which increased the total volume of rocks
wasted in dumping sites, which continue to expand
up to now.
In general, the diachronically land cover and use
changes occur due to the continuous surface mining

Table 7. Pearson correlation coefﬁcients between the main land cover and use subcategories; see Table 1 for the deﬁnition of the abbreviations.

OAA
OFA
MES
NIAL
PIL
LAV
TW

OAS
-0.644
0.241
0.645
0.239
0.623
0.262
-0.699
0.189
0.269
0.661
-0.629
0.256
0.833
0.080

OAA

OFA

MES

NIAL

PIL

LAV

Values
ranges
0–0.4
0.41–0.8
0.81 –1

-0.455
0.441
-0.907 0.118
0.034 0.850
Cell Contents: Pearson correlation
0.985 -0.375 -0.960
p-value
0.002 0.534 0.010
0.430 0.542 -0.573 0.440
0.470 0.346 0.313 0.458
-0.177 -0.378 0.111 -0.091 -0.799
0.776 0.531 0.859 0.884 0.105
-0.892 0.788 0.703 -0.864 0.021 -0.180
0.042 0.113 0.185 0.059 0.973 0.772
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Table 8. Spearman Correlation coefﬁcients between the main land cover and use subcategories; see Table 1 for the deﬁnition of the abbreviations.

OAA
OFA
MES
NIAL
PIL
LAV
TW

OAS
-0.600
0.285
0.700
0.188
0.600
0.285
-0.600
0.285
0.400
0.505
-0.051
0.935
0.667
0.219

OAA
-0.600
0.285
-1.000
*
1.000
*
0.200
0.747
-0.564
0.322
-0.872
0.054

OFA

0.600
0.285
-0.600
0.285
0.600
0.285
0.308
0.614
0.821
0.089

MES

NIAL

PIL

LAV
Values
ranges
0–0.4
0.41–0.8
0.81–1

-1.000
*
-0.200
0.747
0.564
0.322
0.872
0.054

and its long-term impacts, as well as the reclamation
works that occur during the mine life cycle [51]. The
mining activity in the study area proved to act as not
only an effective procedure but also an environment
up-gradation and seems to offer much more in the
future, until the mine closure. The results of this
study could be used as a guide for future land
planning because they provide information
regarding the annual changing rate of the land and
the changes’ quality. Furthermore, this study could
be enriched and combined with a future one that
will estimate the suitability for several land uses, for
a completed post-mining land planning guide.

0.200
0.747
-0.564
0.322
-0.872
0.054

* Correlation is
significant at the 0.05
level

-0.462
0.434
0.051
0.935

Cell Contents: Spearman rho
p-value
0.684
0.203

4. Conclusion
The mining operation in Ptolemais area began in
1957. Since then land cover and uses have undergone many changes. The active mining area was
continuously increased, while reclamation works
were carried out during the last 40 years to reduce
landscape degradation and other environmental
impacts. The present study investigates the evolution of land cover and uses in the period 1990e2018.
For this period a dataset of Corine satellite images is
available. The study found that the “Agricultural
areas” category has directly or indirectly decreased
by 60% due to the mining operations. However, at

Fig. 12. Matrix Plot of eight land cover Corine subcategories (coloured areas according to the stronger Spearman correlation); see Table 1 for the
deﬁnition of the abbreviations.

Fig. 13. Trends of mine operation parameters a) Stripping ratio is
increased over time while Lignite Production to Active mining is
decreased; b) Lignite production over time, c) “Mineral extraction sites”
is the mineral land, according to Corine, whereas active mining area
includes only the excavation areas without dumps.

Fig. 14. Lignite production to Active mining area in linear relation with
stripping ratio.

87

the same time, the mining activities led to the creation of “green” land uses, by establishing an
extensive forestation programme, fulﬁlling so the
commitment of the mining operator for sustainable
mining. It is important to point out that the percentage of 87% of forest areas in 2018 is associated
with mine land reclamation works.
The study revealed that areas described as “mineral extraction sites” exhibit a strong correlation
with “non-irrigated arable land” and “transitional
woodland-shrubs”. The former is indicative of the
unavoidable impacts of mining activities on the
main land uses and economic activities of the area,
while the latter of the long period required for
complete recovery of the ecosystem function (in the
examined case, the transform of shrubs to forests of
broadleaved trees).
Furthermore, the ﬁndings of this study contribute
to better planning and optimal land use utilization,
in the context of designing the post-mining activities. The continuous diachronically monitoring of
landscape changes is considered crucial, not only in
the reclaimed areas but also in the greater mining
area. A combination of the study's results with
geotechnical, hydrogeological, environmental, and
other parameters could contribute to the landscape
changes monitoring. The methods that are used in
this work could also be combined with sustainable
development indicators. Besides, there are pieces of
evidence that the estimation of the annual changing
rate of the crucial land cover/use types through the
years is fundamental knowledge for the prediction
of the future land cover and uses as well as the mine
planning reclamation.
From the perspective of mining, accurate results
regarding the linear relationship between two critical mine operation parameters have been obtained,
namely the stripping ratio and the ratio of lignite
production to active mining area. The reason for this
linear relationship is the direct relationship between
the active mining area and the area of waste rocks
(overburden and interburden) excavation in combination with the deﬁnition of stripping ratio as the
volume of waste material that must be excavated per
tonne of lignite and the stratigraphy of the multiseam lignite deposit.
From the perspective of spatial analysis methodologies, the proposed analysis of multi-temporal
land cover and use categories through enhanced
transition matrix and spatial statistical tools
improved the identiﬁcation, quantiﬁcation, and understanding of determinants of most systematic
transitions. Besides, this study proved the usability
of remote sensing, GIS, and Land Cover and Use
processing, which can be used as efﬁcient tools for
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mapping and monitoring the Land cover and use
changes. Combining the techniques mentioned
above in multi-temporal change detection analysis
proved to be promising in evaluating the spatial and
temporal dynamics of change compared to the
conventional mapping techniques. Also, spatial information concerning the land cover locations and
use changes could be a useful tool for scheduling
land management plans, ensuring that activities are
undertaken in appropriate locations.
In the framework of future research, interpretation and classiﬁcation of satellite images for the
years before 1990, would contribute to the deﬁnition
and evaluation of land cover and use changes by the
beginning of the mining operation. Emphasis must
be given in the estimation of time that usually
elapses from the expropriation of land to the
completion of land reclamation works and the
development of new land uses. This knowledge
would be useful for planning environmental protection and land reclamation works and allocating
properly the available ﬁnancial sources.
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