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Abstract: Spatial modeling and evaluation is a critical step for planning the exploitation of mineral
deposits. In this work, a methodology for the investigation of a multi-seam coal deposit spatial
variability is proposed. The study area includes the Klidi (Florina, Greece) multi-seam lignite deposit
which is suitable for surface mining. The analysis is based on the original data of 76 exploratory
drill-holes in an area of 10 km2, in conjunction with the geological and geomorphological data
of the deposit. The analytical methods include drill-hole data analysis and evaluation based on
an appropriate algorithm, principal component analysis and geographic information techniques.
The results proved to be very satisfactory for the explanation of the maximum variance of the initial
data values as well as the identification of the deposit structure and the optimum planning of mine
development. The proposed analysis can be also helpful for minimizing cost and optimizing efficiency
of surface mining operations. Furthermore, the provided methods could be applied in other areas
of geosciences, indicating the theoretical value as well as the important practical implications of
the analysis.

Keywords: principal component analysis; mine planning; brown coal deposit modeling; lignite
mining; multi-seam (multi-layered) deposit; geographic information systems; drill-hole evaluation

1. Introduction

Coal deposit modeling and evaluation as well as the process of mineable reserves estimation are
essential and very important aspects of mine planning. In this framework, the modeling and evaluation
procedure for the estimation of mineable reserves of multi-seam coal deposits could be divided into
three main stages: (1) geologic modeling, (2) spatial block modeling, and (3) estimation of mineable
lignite reserves [1]. Considering the spatial modeling of the deposits, quantitative understanding
of the spatial variability of coal energy reserves helps to optimize mine exploitation and to reduce
fluctuations in the quality of the fuel supplied to power plants [2].

There are mining industry accepted methods for splitting a coal deposit into mine development
sectors and optimizing the mine planning and design. The main issue is to optimize the mining
operations that usually refer to the application of operations research models [3,4]. Although the
three-dimensional description of the deposit is helpful for modeling purposes, its computational
complexity is not easily handled. In addition, a primary segmentation of the deposit into sectors,
according to quantitative and qualitative criteria, is usually desirable for mine planning and design
purposes. The primary factor for such a segmentation is the tectonic structure of the deposit that
mainly defines regions of different geometry. Based on drill-hole data, conventional methods including
cross sections and contour maps of the quantitative and qualitative variables within each tectonic
region could provide deposit segmentation, especially in deposits with horizontal layers. However,
these methods are not adequate for coal deposits with a complicated structure.
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In an attempt to address the topic of multi-seam coal deposit spatial modeling and evaluation in a
contemporary and sufficient way, this research work proposes and presents the coupling of principal
component analysis (PCA) and geographic information system (GIS) techniques.

PCA is a statistical method for reducing the dimensions of complex datasets, increasing
interpretability, while at the same time minimizing information loss [5]. In simpler words, it is
used for converting a complex dataset of possibly correlated variables into a smaller collection of
uncorrelated factors (known as principal components) that contain most of the information of the
initial dataset.

In an integrated decision-making model, Roumpos et al. [6] considered the main factors that
influence the evaluation of a lignite deposit and the optimization of a combined project of mine
exploitation and power plant operation for electricity generation. The application of the proposed
model showed that the mineral deposit factor which is related to the deposit data in combination with
the mining characteristics has a particular effect on the viability of the project.

Spatial analysis of deposit indicators, combined with GIS applications, can provide a useful
tool for evaluating a coal deposit in the framework of the corresponding surface mine investment
analysis [7]. Furthermore, spatial analysis of coal energy reserves for exploitation planning and quality
control can resolve variations of various properties at different scales and identify potentially useful
correlations between variables [2]. The determination of the geological and spatial variability of the
parameters that affect initial planning and final mine design is an essential part of mine modeling.
It also affects the strategic mine exploitation sequence, from the opening up of the mine to the end of
its life [4].

Statistics, and more specifically; geostatistics, are effective approaches to analyze mineral
deposit parameters and to provide tools for evaluating mining processes, covering all aspects of
the exploitation, from the preliminary pre-mining deposit research to the post-mining reclamation
works. Recent examples of the previous arguments are the works of Lishchuk et al. [8] and Carvalho
and Dimitrakopoulos [9]. The first paper deals with the construction of a “synthetic ore body
model”, for simulating a mining value chain for data integration, by using a synthetic deposit, mine
production, constrained by a mine plan, and a simulated beneficiation process. The second one
incorporates geostatistical simulations with other techniques in an attempt to optimizing mining
complexes operations.

Closer to the present paper is the work of Bhuiyan et al. [10], where data analysis techniques
(including the PCA method) are applied, for establishing relationships between the Bond Work Index
(BWI) and geomechanical, geophysical and geochemical variables for the Paracatu gold orebody
in Brazil.

PCA has been applied in several cases as a useful geostatistical modeling tool [11] and for
different purposes. For example, PCA has been applied in hydrochemistry data acquisition [12,13],
in geotechnical properties of formations data [14], in quality composition of geological formations and
trace elements data [15], etc. PCA is also implemented in various topics concerning mining activities
and their impacts, especially coal mining, mainly regarding environmental and quality aspects [16–21].

According to Dowd et al. [22], modeling, estimation and simulation of geometallurgical variables
and their integration into resource and reserve estimation and mine planning present challenges during
strategic mine planning and design.

The identification of the surface mining regions of certain economic importance considering
physicochemical or geometrical characteristics of a multi-seam coal deposit, based on the available
drill-hole data and geostatistical techniques, is an interesting research topic. Taking into account
the large number of parameters, which are related to coal deposits for surface mine development,
geostatistical modeling should be applied for the analysis of the large datasets derived from the primary
deposit drill-hole survey.

The objective of this paper is to incorporate PCA and GIS modeling of a multi-seam coal deposit
into the mine planning and design model for the development of a surface coal mine. Emphasis is
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placed on the segmentation of the deposit into sectors of different technical and economic characteristics
for further mine planning and design purposes. In short, the main goal of this research is to present
and test a new method for mine planning and development of multi-seam coal deposits.

Figure 1 shows the flowchart of the research steps considering a multi-seam coal deposit, with
frequently changing sequences of coal and waste layers.
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Figure 1. Flowchart of the research steps.

The methodology presented in this paper is applied to the Klidi lignite mining field, in the
Northern part of Greece (West Macedonia) and specifically in the tectonic basin that extends along
the axis Florina–Ptolemais–Kozani (Figure 2). Specifically, it is located in the eastern-southeastern
boundary of the entire Florina mining area, approximately 22 km east–southeast of the city of Florina.
It extends approximately 3 km N–S and approximately 1.7 km E–W (Figure 2).

This work provides the framework for a better understanding of multi-seam deposit characteristics
and set solid directions for optimum mine exploitation planning. As will be discussed in the following
sections, the applied analysis was justified by the results, which proved to be very useful, not only for
establishing the foundations for the identification of the deposit structure and the optimum planning
of mine development, but also for validating the methodological approach itself.
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Figure 2. Simplified map of the tectonic basin that extends along the axis Florina–Ptolemais—-Kozani
and the study area.

2. Coal Deposit Setting

Lignite is a type of low-rank coal, which is deposited on earth’s higher stratigraphic layers. Lignite
is of particular significance for the power-generating branch of Greece as it covers about 30% of its
electricity generation needs. The confirmed lignite reserves of Greece amount to 3.5 billion tons, out of
which 2.3 billion tons (66%) are economically recoverable reserves. These reserves are distributed in
various regions of Greece [23]. The vast majority of Greek lignite deposits are located in the Northern
part of Greece (West Macedonia) and specifically in the tectonic basin that extends along the axis
Florina–Ptolemais–Kozani (Figure 1). The geological formation of Greek deposits is developed on
many horizontal seams of small and changing thickness, alternating with intermediate waste beds of
different lithological and petrographic content.
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The Klidi mining area is hilly with surface elevations ranging between +750 m and +1100 m above
sea level (a.s.l.). The area of the planned mine covers approximately 6 km2, including the Klidi village
in the west of the field [24]. The lignite basin of the deposit progressively broadens from NW to SE
with a decrease of surface altitudes. The mine is planned to contribute to the lignite demand of the
330 MW Meliti Power Plant, which is located 13 km NW from the mine (road distance).

The deposit of the Klidi mine is divided into partly narrow blocks by several fault systems
(Figure 3), which mainly strike in a NW–SE, NE–SW and N–S direction and mostly consist of normal
and, to a lesser extent, of reverse faults with slight faulting in the underlying seams. The effect of these
faults on the stratigraphy is shown in sections A-A´ and B-B´ (Figure 4).
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Figure 3. Simplified geological and tectonic map of the Klidi mine area, location of sections A-A’, B-B’
and mine boundaries.

The overlying strata thickness ranges from approximately 3 m up to 100 m. The layer series is
composed of finely clastic, sandy clays and calcareous clayey marls with coarsely clastic, marly sands,
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sandy gravels and pebbles (Figure 4). Furthermore, overlying strata locally incorporate consolidated
layers, the so-called Klidi formation, which may impede mining operations. This formation is
distributed in high percentage over the mining area and predominantly consists of consolidated
conglomerates with gravels and disk-shaped stones. The excavation of this formation may require
blasting. The overall thickness of the lignite-bearing series (including intermediate seams) ranges
between approximately 3 and 50 m [24,25].
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Figure 4. Geological sections A-A’ and B-B’ (based on [24]).

3. Drilling Campaign

The drilling campaign for the Klidi lignite deposit includes 128 drill-holes, where 76 are mineralized,
and was performed mainly during the period 1992–2011. The locations of the drill-holes and the mine
surface limits are shown in Figure 5. The distance between the nearest drill-holes varies from 30 m
to 500 m with an average of 200 m. The drill-hole density in the area of the Klidi surface mine is
approximately 13 drill-holes per km2.

The principal component analysis is based on the drilling survey data in the region of the Klidi
lignite deposit in order to determine the principal components (axis or so-called factors). The primary
core sample data refer to 128 vertical exploratory drill-holes in an area of 10 km2. In these 128 drill-holes
a total of 795 lignite seams and 1517 waste seams were recorded. The total thickness of the 795 lignite
seams amounts to 689.0 m, while the total thickness of the 1517 waste seams amounts to 13023.8 m.
The main chemical analysis data of the 795 lignite seams, involve moisture content, ash (dry) content
and lower calorific value.
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4. Data Analysis

4.1. Methodology

The proposed application of PCA for deposit modeling and evaluation of a multi-seam coal deposit
is mainly based on the selection and comparative spatial analysis of suitable variables considering the
coal deposit parameters (Figure 1).

The PCA statistical approach is based on data derived from the integration of the available
drill-hole exploration results into geological and geomorhological information of the deposit. This
integration of the exploratory data is the key to understanding the structure of the deposit and the
spatial distribution of the main deposit parameters.

The first step of the experimental analysis is to determine the missing quality characteristic values
in the coal seams of the drill-holes, using multiple linear regression analysis. This process is described
by Pavlides et al. [26].

The next step is the evaluation of the available drill-hole data, by applying a suitable algorithm [4]
and taking into consideration specific technical, economic and other criteria. The mineralized area
is determined according to the drill-hole evaluation results. The main variables, which adequately
describe the spatial characteristics of the deposit and are also essential for the deposit modeling, are
then selected. The results of the statistical analysis, as well as the spatial distribution of the selected
variables, are useful for the PCA and the deposit modeling.
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The following step refers to the main part of the research work, the application of a PCA and the
spatial interpolation and mapping of the results in a GIS environment, in order to make the evaluation
of the deposit possible. The final step refers to the analysis and interpretation of the results.

4.2. Drill-Hole Analysis and Evaluation

The determination of mineable lignite seams and the corresponding run-off-mine lignite quality is
a process of compositing seams into blocks of exploitable lignite [1]. In addition, the profitability of
individual seams and consequently the estimated reserves of the lignite deposit are affected by the
extraction cost and the market price of the run-off-mine lignite.

The aim of the drill-hole data evaluation was to estimate the recoverable lignite reserves with
average ash content (dry basis) ≤50% and lower calorific value ≥1700 kcal/kg, according to the
specifications of the Meliti Power Plant.

The parameters of the exploitable lignite block formations, in each drill-hole, were the following [1]:

(a) The minimum thickness of waste layers that can be excavated by selective mining.
(b) The minimum thickness of lignite blocks that can be excavated by selective mining.
(c) The quality characteristics of waste layers included in the compositing blocks.
(d) The quality characteristics of lignite layers included in the compositing blocks.
(e) The thickness of dilution with waste (surface dilution) and the thickness of mining lignite loss at

the top and bottom of each block.
(f) The densities of lignite layers, of waste layers included in the blocks, and of the waste layer at the

top, and bottom of the lignite blocks.
(g) The cut-off limits of the quality of the run-of-mine lignite.

The applied algorithm, for compositing seams into blocks of exploitable lignite and intermediate
waste material, can be summarized in the following steps [1]:

1. Define all seams of each drill-hole as lignite or waste according to their quality characteristics
(ash, moisture and calorific value).

2. Formulate intermediate waste blocks by successive non-lignite seams.
3. Determine selectively excavated waste blocks according to minimum thickness for

selective mining.
4. Determine exploitable lignite blocks between waste blocks according to specific quantitative and

qualitative criteria.
5. Create the evaluation report including all quantitative and qualitative data for the overburden,

all lignite blocks and all intermediate waste blocks of each drill-hole.

Figure 6 presents the initial drill-hole description and the drill-hole description after the evaluation
algorithm. In this typical drill-hole evaluation example, the seven coal seams and the six intermediate
waste seams of the initial drill-hole description, form three exploitable lignite blocks and two
intermediate waste blocks respectively. Furthermore, the top of the higher lignite block defines
the lignite deposit roof, the bottom of the lower lignite block defines the lignite deposit bottom and the
material between the ground surface and the lignite deposit Roof and defines the overburden.

After applying drill-hole evaluation, with certain criteria in the above mentioned 128 drill-holes,
221 exploitable lignite blocks are formed, which have a total thickness of 645.4 m.

The nine variables that define the quantitative and qualitative characteristics of a multi-seam coal
deposit and were selected for the application of a PCA are described and explained in Figure 7. These
variables represent the main mineral deposit parameters that affect the exploitability of the deposit
and should be considered in mine planning and design [27].
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The statistical data and the spatial distribution of each variable were investigated to identify
relationships with the geological structure of the deposit. Table 1 includes the most important statistical
data of all drill-holes, for the selected variables.

Table 1. Descriptive statistics of drill-hole variable values.

Variables Description N Range Min Max Mean Std. Deviation Skewness Kurtosis

Var 1 Lignite Deposit Roof
Elevation (m a.s.l.) 76 519.94 428.02 947.96 773.63 114.59 −1.15 0.90

Var 2 Lignite Deposit Bottom
Elevation (m a.s.l.) 76 520.09 426.96 947.05 750.06 118.89 −0.68 −0.08

Var 3 Overburden
Thickness (m) 76 200.25 3.00 203.25 71.41 50.81 0.73 -0.43

Var 4 Total Lignite Block
Thickness (m) 76 23.40 0.50 23.90 8.49 5.47 0.43 -0.26

Var 5

Total Intermediate
Waste Thickness

to Exploitable
Lignite (m/m)

76 9.11 0 9.11 1.41 2.35 1.80 2.09

Var 6
Weighted Average Ash

Dry Content of
Exploitable Lignite (%)

76 48.26 18.32 66.58 36.63 10.69 0.57 −0.32

Var 7
Weighted Average

Moisture of Exploitable
Lignite (%)

76 20.35 30.24 50.59 43.87 3.54 −0.91 1.94

Var 8

Weighted Average
Lower Calorific

Value of Exploitable
Lignite (kcal/kg)

76 1553.00 762.00 2315.00 1726.35 362.05 −0.46 −0.37

Var 9 Strip Ratio (m3/t) 76 150.64 0.83 151.47 14.84 25.44 3.73 15.08

4.3. Principal Component Analysis

A PCA is an unsupervised explanatory analysis method for composite phenomena (factor analysis
methods). In detail, it is a multi-dimensional statistical analysis method, which specializes in analyzing
big data volumes. The PCA is based on the correlation of various variables that describe the studied
phenomenon and thus it demands significant correlation among the initial selected variables. The main
targets of the analysis are discussed below.

4.3.1. Decrease of Data Volume

A PCA allows the definition of limited number of new composite variables (components or
factors) that ensures the simplification of a data set [28]. Each of the new components refers to a
unique dimension of the studied phenomenon. Consequently, the new composite components are
not correlated, in contrast with the initial variables. Data volume decrease is accomplished when the
lowest possible modification of the distances among the observations is ensured.

4.3.2. Identification of Primary Variable Relationships (That Are Not Initially Obvious)

The new components produced by PCA scores are linear combinations of the initial variables.
The first step of the method is the standardization of the data set (z-scores). The following basic step of
a PCA, is setting up the covariance matrix of the data set. It must be noticed that the covariance is
always measured between two dimensions (variables). If the covariance value is positive it indicates
that both dimensions (variables) increase together. On the other hand, if the value is negative, then
when one dimension increases the other decreases. A zero-covariance value indicates that the two
variables are independent of each other.
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In a multidimensional data set (more than two variables) the covariance matrix is created as
follows (e.g., three variables X, Y, Z):

C =


cov(X, X) cov(X, Y) cov(X, Z)
cov(Y, X) cov(Y, Y) cov(Y, Z)
cov(Z, X) cov(Z, Y) cov(Z, Z)

 (1)

It can be noticed that along the main diagonal of the covariance matrix, the covariance value
is between one dimension (variable) and itself, which means that these are the variances for that
dimension. Moreover, since cov(a,b) = cov(b,a) the matrix is symmetrical about the main diagonal.

In the next phase of the analysis the eigenvectors and eigenvalues of the covariance matrix are
calculated. For an m × m matrix there are m eigenvectors and all of them are perpendicular to each
other, irrespective of how many dimensions (variables) there are. Eigenvalues and eigenvectors are
calculated based on the following equations.

Cv = λv (2)

v =


a1

a2
...

am

 (3)

where,

C = covariance matrix
v = an eigenvector
λ = an eigenvalue
a1, a2, . . . , am = eigenvector values

Eigenvectors are the weights of the initial variables in the new dimensions of the phenomenon
(principal components). For example, principal component 1 (PC1) will have the following form:

PC1 = a1X1 + a2X2 + · · ·+ amXm (4)

where,

a1, a2, . . . , am = eigenvector values for PC1

X1, X2, . . . , Xm = initial variables

Consequently, after the calculation of all the eigenvectors of the covariance matrix Table 2
is produced:

Table 2. Eigenvectors (Principal Components).

Principal Components (Eigenvectors)

PC1 PC2 . . . PCm

Variables
(dimensions)

Var 1 a1 b1 . . . k1
Var 2 a2 b2 . . . k2
. . . . . . . . . . . . . . .

Var m am bm . . . km

Eigenvalues represent the total amount of variance that can be explained by a given principal
component. Table 3, which is produced by the analysis process, illustrates that the first component
explains the most variance, and the last component explains the least.
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Table 3. Eigenvalues and total variance explained.

Principal Component Eigenvalue % of Variance Cumulative %

PC1 λ1 π1 ρ1
PC2 λ2 π2 ρ2
. . . . . . . . . . . .

PCm λm πm ρm

where,

λ1 > λ2 > . . . > λm

π1 = λ1/m, π2 = λ2/m, . . . , πm = λm/m
ρ1 = π1, ρ2 = ρ1 + π2, . . . , ρm = ρm−1+ πm

In order to choose the optimum number of principal components that best describes the
phenomenon under study (thus decreasing the initial dimensions of the analysis) three criteria
are used:

1. The Guttman [29] and Kaiser [30] criterion, according to which only the principal components
with eigenvalues greater than one are preserved. It should be mentioned that the reason for
keeping components with eigenvalues greater than one is that these represent above average
variance. The principal components with eigenvalues lower than one describe a low percentage of
the initial data dispersion by each primary variable. Therefore, there is no point in keeping them.

2. The Cattell [31] criterion, according to which only the principal components that are found above
the line break in the scree plot are preserved.

3. The selected number of principal components must explain a sufficient percentage of the total
variance of the initial variables.

The next step of the analysis concerns the calculation of the component loadings. These values
correspond to the correlation of each variable (dimension) with the principal component. Component
loadings are calculated based on the following equation:

PC1 : cl1,n = an
√
λ1

PC2 : cl2,n = bn
√
λ2

. . . . . .
PCm : clm,n = kn

√
λm

(5)

where,

clm,n = component loading for variable n for PCm

an, bn, . . . , kn = PC value for variable n for PC1, PC2, . . . , PCm correspondingly

λm = eigenvalue of PCm

n = 1, 2, . . .m

Table 4 is generated based on Equation (5). Each variable has a loading corresponding to each of
the m components. For example, Var1 is correlated cl1,1 with PC1, cl2,1 with PC2 and so on.
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Table 4. Principal component loadings matrix.

Principal Component

PC1 PC2 . . . PCm

Variables

Var 1 cl1,1 cl2,1 . . . clm,1
Var 2 cl1,2 cl2,2 . . . clm,2
. . . . . . . . . . . . . . .

Var m cl1,n cl2,n . . . clm,n

The basic principles of component loadings are:
• The square value of each loading represents the variance proportion, of the specific variable,

explained by the corresponding component.

(clm,1)
2100 = pm,1% (6)

The total variance, of the specific variable, is explained by the sum of all the square values of the
component values. This is known as the communality.

p1,1 + p2,1 + · · ·+ pm,1 = 100% (7)

• The sum of the square values of all the component loadings for all the variables of a specific
PC is the eigenvalue of this PC.

(clm,1)
2 + (clm,2)

2 + · · ·+ (clm,n)
2 = λm (8)

The final step of the analysis is the estimation of the component scores. At first the component
score coefficient matrix (Table 5) is calculated by dividing the component loadings by the eigenvalues
according to Equation (9).

PC1 : cs1,n =
cl1,n
λ1

PC2 : cs2,n =
cl2,n
λ2

. . . . . .

PCm : csm,n =
clm,n
λm

(9)

where,

csm,n = component score coefficient for variable n for PCm

clm,n = component loading for variable n for PCm

λm = eigenvalue of PCm

n = 1, 2, . . . , m

Table 5. Principal component (PC) score coefficient matrix.

Principal Component

PC1 PC2 . . . PCm

Variables

Var 1 cs1,1 cs2,1 . . . csm,1
Var 2 cs1,2 cs2,2 . . . csm,2
. . . . . . . . . . . . . . .

Var m cs1,n cs2,n . . . csm,n

Consequently, PC1,score will be calculated by the following equation, and so on:

PC1,score = cs1,1 + cs1,2 + . . .+ cs1,n (10)
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Evaluation of PCA results:

a. For each component, at least two initial variables must present significant loadings:
∣∣∣clm,n

∣∣∣ > 0.40
b. Each initial variable must contribute in at least a good level in one component.
c. The “interpretation” of the principal components (based on the loadings) must be easy.

It must be underlined that, according to Comrey and Lee [32], the evaluation of the contribution
of each initial variable in a principal component is:

• Excellent when
∣∣∣clm,n

∣∣∣ > 0.71
• Very good when

∣∣∣clm,n
∣∣∣ > 0.63

• Good when
∣∣∣clm,n

∣∣∣ > 0.55
• Moderate when

∣∣∣clm,n
∣∣∣ > 0.45

The application of a PCA in this work is based on the evaluated drill-hole data of a multi-seam
lignite deposit as described in Section 4.2. The geometric basic elements of the lignite deposit and other
deposit quantitative and qualitative parameters records were considered as parameters (explanatory
variables). Each one of the selected principal components that were calculated corresponds to a group
of parameters that contribute strongly to the total variance of data cloud [33].

5. Results

5.1. Principal Components

Principal Components (eigenvectors) and eigenvalues were calculated by applying equations one
through three on the variable values of the drill-hole dataset, thus constructing the corresponding
theoretical Tables 2 and 3. Table 6, which is the equivalent of Table 2, presents each eigenvector
(principal component) expressed by its relation with each one of the nine variables according to
Equation (4). Table 7, which is the equivalent of Table 3, presents the calculated eigenvalue for each
eigenvector along with the percentage of variance explained by it. As mentioned above, and shown in
Table 7, the cumulative variance explained by the first three eigenvectors is about 81%. Based on the
three criteria mentioned in Section 4.3, which briefly are (a) eigenvalue greater than 1, (b) scree plot
line break (Figure 8) and (c) cumulative variance explained, the first three principal components where
preserved for the analysis, while the rest were discarded.

Table 6. Principal components (eigenvectors).

Principal Component

1 2 3 4 5 6 7 8 9

Var 1 0.4456 −0.2998 0.0407 −0.0715 0.3490 −0.0632 0.3663 0.1516 −0.6494
Var 2 0.4212 −0.3400 −0.1599 −0.0900 0.3226 −0.0896 0.2002 −0.1473 0.7067
Var 3 −0.2135 0.4275 −0.2084 0.1313 0.8183 0.1618 −0.1215 −0.0108 −0.0184
Var 4 0.2728 0.3760 0.3521 −0.0600 −0.1076 0.7027 0.3694 −0.0159 0.1206
Var 5 −0.1276 0.1127 0.7995 0.1612 0.2038 −0.4708 0.1560 −0.0561 0.1231
Var 6 −0.3297 −0.4470 0.1835 0.0432 0.1325 0.3102 −0.0454 0.7151 0.1693
Var 7 0.3702 0.1048 −0.0998 0.8706 −0.1236 −0.0475 −0.0934 0.2364 0.0442
Var 8 0.2128 0.4960 −0.1505 −0.3658 −0.0867 −0.3694 0.0841 0.6200 0.1294
Var 9 −0.4435 0.0267 −0.3160 0.2153 −0.1048 −0.1065 0.7952 −0.0130 0.0394
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Table 7. Eigenvalues and % of explained variance.

Principal Component
Eigenvalues

Total % of Variance Cumulative %

1 3.297 36.636 36.636
2 2.765 30.723 67.360
3 1.248 13.868 81.228
4 0.654 7.261 88.489
5 0.397 4.413 92.902
6 0.328 3.641 96.542
7 0.295 3.275 99.817
8 0.012 0.139 99.956
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The correlation of each variable with each principal component (component loadings) is calculated
via Equation (7) and presented in Table 8, which is the equivalent of the theoretical Table 4. Figure 9
presents the position of each variable (loadings) in the 3D space created by the three selected principal
components. As can be deduced from Table 8 and Figure 9, groups of variables are created depending
on the level and nature of their correlation with the components. For example, Var 1 (V1) and Var 2
(V2) are highly and positively correlated with PC1, Var 3 (V3), Var 4 (V4) and Var 8 (V8) are highly and
positively correlated with PC2, Var 5 (V5), Var 6 (V6) and Var 9 (V9) are negatively correlated with PC1,
and so on. This grouping can help to explain the natural sense of the interrelationship of the grouped
variables, as well as the general concept described by the component that groups them.

Finally, in order to spatially plot and evaluate the PCs, component scores are calculated. At first
the component score coefficient matrix is created (Table 9), which is the equivalent of the theoretical
Table 5 by applying Equation (9) and then the scores are calculated using Equation (10).
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Table 8. Matrix of Principal Component Loadings.

Principal Component

1 2 3 4 5 6 7 8 9

Var 1 0.809 −0.499 0.045 −0.058 0.220 −0.036 0.199 0.017 −0.041
Var 2 0.765 −0.565 −0.179 −0.073 0.203 −0.051 0.109 −0.016 0.045
Var 3 −0.388 0.711 −0.233 0.106 0.516 0.093 −0.066 −0.001 −0.001
Var 4 0.495 0.625 0.393 −0.048 −0.068 0.402 0.201 −0.002 0.008
Var 5 −0.232 0.187 0.893 0.130 0.128 −0.269 0.085 −0.006 0.008
Var 6 −0.599 −0.743 0.205 0.035 0.084 0.178 −0.025 0.080 0.011
Var 7 0.672 0.174 −0.111 0.704 −0.078 −0.027 −0.051 0.026 0.003
Var 8 0.386 0.825 −0.168 −0.296 −0.055 −0.211 0.046 0.069 0.008
Var 9 −0.805 0.044 −0.353 0.174 −0.066 −0.061 0.432 −0.001 0.002
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Table 9. Principal Component Score Coefficient Matrix.

Principal Component

1 2 3 4 5 6 7 8 9

Var 1 0.245 −0.180 0.036 −0.088 0.554 −0.110 0.675 1.358 −10.299
Var 2 0.232 −0.204 −0.143 −0.111 0.512 −0.157 0.369 −1.319 11.207
Var 3 −0.118 0.257 −0.186 0.162 1.298 0.283 −0.224 −0.097 −0.292
Var 4 0.150 0.226 0.315 −0.074 −0.171 1.228 0.680 −0.143 1.913
Var 5 −0.070 0.068 0.716 0.199 0.323 −0.822 0.287 −0.502 1.952
Var 6 −0.182 −0.269 0.164 0.053 0.210 0.542 −0.084 6.404 2.684
Var 7 0.204 0.063 −0.089 1.077 −0.196 −0.083 −0.172 2.117 0.701
Var 8 0.117 0.298 −0.135 −0.452 −0.138 −0.645 0.155 5.552 2.052
Var 9 −0.244 0.016 −0.283 0.266 −0.166 −0.186 1.465 −0.116 0.625

The biplot in Figure 10 presents (a) the position of the drill-holes according to the scores
(coordinates) that each one of them acquired in the first two principal components, along with (b)
the component loading vectors of the variables. This plot makes it easier to compare and group the
drill-holes. Those with similar profiles in the biplot will cluster together. For example, a group of
drill-holes can be identified in the area around the Var 4 vector and another one between the Var 2 and
Var 6 vectors. This is an extremely useful output of the biplot as it leads to the interpretation of the
characteristics that either have similar effect to the drill-holes and thus group them or have an opposite
effect in them and thus differentiate them. In brief, this output feature of the biplot helps to identify
the interrelationships of the drill-holes within groups, as well as the differences among groups.
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In parallel, the component loading vectors interpret the level of influence that each variable has in
each of the two main PCs, as well as the way that they correlate with one another. As can be seen in the
biplot all variable vectors are pinned at the origin of PCs, meaning the point where both axes intersect
(PC1 = 0, PC2 = 0). The further away a vector is from a PC origin (projection length in each axis) the
more influence it has on that PC. Furthermore, when two vectors have a small angle between them
(e.g., Var 1 and Var 2) the variables they represent are positively correlated. When two vectors form a
large angle between them (close to 180◦) the variables they represent are negatively correlated (e.g.,
Var 4 and Var 6). Finally, when the angle between two vectors is about 90◦ then the corresponding
variables are not correlated (e.g., Var 2 and Var 6).

Taking into account that each one of the three principal components that were identified
corresponds to a group of parameters that contribute strongly to the total variance of the data
cloud, they are important for interpreting the geological characteristics of the mine site.

5.2. Spatial Analysis

Spatial analysis was carried out through GIS techniques. PC scores were interpolated with the
Kriging method and spatially delimited (masked) by the lignite deposit limits. These PC values were
spatially rasterized by the drill-hole points. The produced PC raster layers were then reclassified after
many trials, where various data classification methods were tested (natural breaks, geometrical interval,
defined interval, etc.). Finally, the classification method that best presented the higher PC values was
selected for the raster layers. In parallel, the spatial distribution contours of the three characteristic
variables (lignite thickness, lower calorific value, strip ratio) were calculated. Furthermore, for clearer
understanding of the area’s morphology the Hillshade raster layer [34] was produced by the digital
elevation model (DEM), which was acquired by the database of the Advanced Spaceborne Thermal
Emission & Reflection Radiometer Global Digital Elevation Model (ASTER GDEM) satellite project [35].
DEM and Hillshade were limited (masked) to a slightly wider area from the lignite deposit limits
and were used as background layers. Finally, in order to sufficiently map the results of the previous
analysis, the cartographic overlay (CO) technique was implemented as shown in Figures 11 and 12.
All spatial analysis and mapping steps took place in a GIS environment.
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of the Klidi lignite deposit.

As mentioned above, three basic principal components were identified, PC1, PC2 and PC3,
corresponding altogether to 81% of the total cloud variance. The comparative spatial interpolation
of PC1, PC2 and PC3 higher values in combination with the spatial distribution of the characteristic
variables lignite thickness (Var 4), lower calorific value (Var 8) and strip ratio (Var 9) are shown in
Figure 11. The spatial distribution of PC1, PC2 and PC3 higher values in relation to strategic mine
planning and the sectors of mine development and mine extraction sequencing are shown in Figure 12.

6. Discussion

From Figure 10 it can be deduced, as far as the variables of the Klidi deposit are concerned, that
the strong positive correlation between lignite deposit roof elevation (Var 1) and lignite deposit bottom
elevation (Var 2) is associated with the formation of the lignite deposit and the lignite-bearing sequence
in relation to the sedimentation in the basin. A positive correlation also exists between the total lignite
block thickness (Var 4) and the weighted average lower calorific value of exploitable lignite (Var 8),
indicating the coexistence of these two main parameters that contribute to the exploitability of the
deposit. In contrast, the weighted average lower calorific value of exploitable lignite (Var 8) and the
weighted average ash dry content of exploitable lignite (Var 6) are negatively correlated indicating
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low fluctuations of moisture content within the deposit. In this context, a low total intermediate
waste thickness to exploitable lignite (Var 5) is negatively correlated with the lignite deposit roof
elevation (Var 1) and the lignite deposit bottom elevation (Var 2). Furthermore, the lignite deposit
bottom elevation (Var 2) and the weighted average ash dry content of exploitable lignite (Var 6) are not
correlated. This result is related to the structure of the deposit. A similar result is also obtained for the
lignite deposit bottom elevation (Var 2) and the total lignite block thickness (Var 4). In conclusion, the
initially expected correlations among the variables are confirmed by the biplot, a fact that verifies the
accuracy of the primary data and the effective application of a PCA.

PC1 higher values are dominant in the mineralized area, which is located in the northeast part of
the deposit (Figure 11). This area is defined by the NE–SW oriented major faults. The higher values of
PC1 are positively related to high elevation of the lignite deposit roof (Var 1), high elevation of the
lignite deposit bottom (Var 2), high total lignite block thickness (Var 4) and high moisture content of
exploitable lignite (Var 7) in combination with high lower calorific value (Var 8). The negative values
of PC1 in the component score coefficient matrix (Table 9) are related to low overburden thickness
(Var 3), low total intermediate waste thickness to exploitable lignite (Var 5), low ash dry content of
exploitable lignite (Var 6) and low strip ratio (Var 9). All these characteristics correspond to favorable
conditions that increase the deposit exploitability. Therefore, this area is suitable for the location of
the box cut and the initial opening phase of the mine (Sector 1 in Figure 12). Considering the mine
investment analysis, this area is characterized by lower mining operating cost, increased annual lignite
production, earlier start of lignite production, as well as better quality of the orebody comparing with
the rest part of the lignite deposit.

The second component PC2 involves increased overburden thickness (Var 3), the total lignite block
thickness (Var 4) and the total intermediate waste thickness to exploitable lignite (Var 5) in combination
with increased lower calorific value (Var 8), corresponding to a less financially efficient mineralized
area. PC2 higher values are dominant in the drill-holes which are mainly located in the eastern part of
the deposit, next to mountain Voras and in the southeast part of the deposit next to Petron Lake.

The third component PC3 is positively related to high total lignite block thickness (Var 4), high
total intermediate waste thickness to exploitable lignite (Var 5), high ash dry content of exploitable
lignite (Var 6), low lignite deposit bottom elevation (Var 2), the overburden thickness (Var 3), the low
calorific value (Var 8), as well as low strip ratio (Var 9). PC3 higher values are dominant mainly in the
central part of the deposit and characterize a low financially efficient mineralized area. The remaining
principal components are considered insignificant, since each explains less than 8% of the total sampling
cloud variance.

Based on the above results of PCA, the revealed spatial relationships of PC1, PC2 and PC3 permit
a better understanding of the deposit structure regarding the spatial variability of the geometrical
characteristics of the deposit, as well as of the lignite quality parameters. Furthermore, they are related
to the mineralization pattern of the deposit (lignite deposit limits in Figures 11 and 12) in combination
with the orientation of the major faults (Figures 3 and 4). The results also indicate that PCA can be a
useful tool for orebody modeling and evaluation of multi-seam coal deposits.

In this framework, the results also highlighted that PCA can be used to efficiently analyze the
spatial variability of specific deposit parameters that affect the cash flows of the mining project, estimate
uncertainties, and optimize mine exploitation. In this way, the method can add value to mine planning.
Taking into account that the design and scheduling phase in mine-planning is a multi-criteria, region
and application-specific process, a scenario approach for the selection of the operation mode (direction
of mine development and a parallel or a slewing pattern or a combination of both) could be based on
the spatial distribution of the three principal components that were identified.

Considering the PCA results in relation to mine planning and design of the Klidi mine, the final
mine boundary as well as the strategic mine development according to the successive excavation
Sectors 1–4 (Figure 12) is completely justified. The separated mineralized zone in the south is not
significant according to the results of drill-holes evaluation. Considering the mine boundary according
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to the mine design shown in Figure 12 the exploitable lignite reserves of the Klidi mine amount to
42 million tons with an average Strip Ratio of 10 m3 of waste per ton of lignite and an average lower
calorific value of 1750 kcal/kg.

This sequence of mine exploitation phases is mainly related to the following two objectives
regarding the geologic model of the mineral deposit:

(a) Optimization of the mine operation and the lignite production schedule in relation to the time
and spatial evolution of the strip ratio, based on discounted cash flow analysis, and

(b) Minimization of waste outside dumping volume

Compared to previously published results which also employed a PCA process, the results
obtained in the present work refer to the application of a PCA for exploratory data analysis of
multi-seam deposits and revealed the contribution of a PCA to a quantitative understanding and an
efficient analysis of the spatial variations regarding critical parameters for mine planning purposes.

For an integrated approach, the mineral deposit model is combined with suitable geotechnical and
hydrogeological analysis, as well as with an environmental impact assessment and the corresponding
financial analysis [36].

From the above analysis, it is obvious that a PCA can provide useful results considering the
structural analysis of multi-seam coal deposits. Furthermore, it can be used to increase the efficiency of
mine planning and design.

7. Conclusions

The implementation of principal component analysis on evaluated drill-hole data and its synergetic
use with GIS spatial modeling techniques can become a very useful tool for mine planning and deposit
structure identification. This integrated methodology can set the required criteria for optimum
deposit segmentation, in terms of exploitation sequence, based on financial and other mining efficient
parameters. This argument was proven in the present study, where the applied methodology in
the Klidi area lignite deposit resulted in a productively suitable segmentation that was used for the
exploitation planning and the progress of the mining works.

The revealed spatial relationships of the three principal components that were identified permit
a better understanding of the deposit structure regarding the spatial variability of the geometrical
characteristics of the deposit, as well as of the lignite quality parameters. Furthermore, they are related
to the mineralization pattern of the deposit in combination with the orientation of the major faults.
Therefore, the results are important for interpreting the geological characteristics of the mine site.

As a technique, a PCA can describe the variability of primary data and interpret their fluctuations
and interrelationships, leading thus to the decrease of the initial dimensions of the studied phenomenon,
in a way that no significant information is lost and at the same time the best understanding of the
researched subject is deduced. This ability of this method along with GIS spatial analysis techniques,
as was highlighted in the results of this study, is a well-suited approach for multi-seam deposit
analysis, especially when big datasets (e.g., numerous records of drill-hole data) need to be processed,
analyzed and evaluated. In parallel, in a more research perspective, this proposed methodology offers
an alternative approach that can address the lack of analysis techniques when multi-seam deposits
are concerned.

Compared with more traditional methods for the visualization of subsurface geology in multi-seam
deposits based on drill-hole sequences and the data interpretation, a PCA can provide a deeper
understanding of the related geological spatial variables. The principal advantage of the method lies in
its ability to identify the dominant patterns among the variables and the deposit structure, contributing
to the optimum planning of mine development.
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