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Machine learning is the science of how algorithms and systems improve knowledge and performance through experience.
The paper discusses the possibility of applying machine learning algorithms (an Al subfield) to assess the secondary raw
material potential of mining waste and tailings accumulated in hard coal and iron ore disposal sites. Applied machine learn-
ing algorithms are available for the Python language. Classification algorithms were used only (supervised machine learn-
ing). The first stage of studies included defining the category and features of the objects selected. The learning process used
training data, whereas test data were applied to check the model efficiency. Analysis of the results obtained indicates that
machine learning seems a promising tool to assess the secondary raw materials potential of waste accumulated in dumps
and heaps, despite achieving a prediction accuracy at the level of 0.75 for hard coal objects and 0.85 for iron ore objects. It
has been assumed that Gaussian NB, GaussianProcessClasifier and MLP Classifier algorithms of supervised learning show
the highest prediction results. This suggests that machine learning may be used as a tool supporting the decision process,
the result of which will be the economic use of waste accumulated in heaps, dumps and disposal sites.
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INTRODUCTION

Industrial development has resulted in the increased pro-
duction and exploitation of natural raw materials, and has also
produced a large amount of waste both in Poland and Europe.
This waste has been mostly managed through accumulation on
waste dumps, heaps, tailing ponds and industrial landfills
(Garbarino et al.,, 2020; Fajfer and Kostrz-Sikora, 2022a).
Changing legal provisions and increased ecological awareness
have steered waste management toward the circular economy
model, in which waste, including that deposited in the environ-
ment, may serve as a valuable source of secondary raw materi-
als (Nie¢, 1999; Koziot and Kawalec, 2008; Bellenfant et al.,
2013; Danthurebandara et al., 2015; Falagan et al., 2017,
Careddu et al., 2018; Spoorena et al., 2020; Araya et al., 2021;
Dino et al., 2023).

Utilization of waste accumulated in heaps, dumps and in-
dustrial landfills has been carried out in Poland since the 1970s
(e.g. Paluch and Morawski, 1975; Lukaszyk and Tabor, 1979;
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Nowok and Skiba, 1979), but it was not until the late 1990s that
this direction began to develop rapidly (Koziot and Uberman,
1996; Makowski and Fajfer, 1997; Fajfer and Kostrz-Sikora,
2022a). The use of material accumulated at these sites has led
to the amount of waste in the environment decreasing by ~15%
compared to 2000 (from 2.1 billion (metric) tons to 1.6 billion
tons). The area occupied by these sites also decreased by
~34% (from 12,000 hectares to just over 8,000 hectares) (GUS,
2001; GUS, 2023; Environment 2023, 2023).

A similar trend has also been observed in the European Un-
ion. Analysis of data from 2004-2020 has indicated that the
amount of waste deposited in industrial landfills, heaps and
dumps decreased by ~35%, from 963.5 billion tons to 634 bil-
lion tons (Waste Statistic, 2020).

Waste accumulated in heaps, dumps and disposal sites (in
particular from the mining, steel and energy industries) has wide
application in substituting for natural resources in various
branches of the economy (Fig. 1), for instance, in engineering
construction (Rosik-Dulewska and Karwaczynska, 2008;
Birnemanns et al., 2015; Rézanski, 2019; Fisher and Barron,
2019; Cobirzan et al., 2022), hydraulic engineering (Potempa
and Szlugaj, 2007: Rosik-Dulewska and Karwaczynska, 2008;
Ratajczak et al., 2015; Fisher and Barron, 2019), road construc-
tion (Han and Johnson, 1995; Koziot and Uberman, 1996;
Wowkonowicz et al., 2018; Segoui et al., 2023), mining (Palarski
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Fig. 1. Fields of application of mining and industrial waste accumulated in heaps, dumps and industrial landfills

et al., 1987; Plewa et al, 2005; Pozzi and Mzyk, 2007;
Kinnunen et al., 2018), agriculture (Pietras, 1979; Ratajczak
and Korona, 2020), and in levelling and reclamation of
anthropogenically transformed areas (Ratajczak et al., 2015;
Koziot et al., 2015; Fajfer et al., 2022). Waste from the mining of
non-ferrous minerals, including that from non-ferrous metal-
lurgy, is a potential source of metallic raw materials (Lucarini et
al., 2020; Lim and Alorro, 2021; Nwaila et al., 2021; Oliveira et
al., 2022; Adrianto et al., 2023; Rosario-Beltré et al., 2023),
which are presently highly desirable in industry.

In the past, the usage of material accumulated in heaps,
dumps and industrial landfills resulted mainly from the fact that
the waste had to fulfill technical requirements indispensable for
the technologies available at that time. In effect, some heaps,
dumps and other landfills were reclaimed and the accumulated
material was used as a product. The sites in which the accumu-
lated waste did not fulfill these expected conditions were re-
claimed and integrated into the landscape, to perform various
functions for natural, recreational, and touristic purposes. At
present, due to better developed recovery methods, they are
considered as a potential source of secondary raw materials
(Blengini et al., 2019; Fajfer and Kostrz-Sikora, 2022b; Fajfer et
al., 2022) with a considerable economic value, e.g. the value of
potentially recoverable metallurgical slags in the old Pagida
smelter landfill in Romania has been estimated at 1175.7440
million USD (llutiu-Varvara and Aciu, 2022); the value of metal
mine tailings accumulated in landfills in Finland has been esti-
mated at several hundred million euros (Kinnunen et al., 2022),
and the raw material value of rock waste from kaolinite mining
accumulated in old dumps in Italy has been assessed at
~1 333.800 million euros (Dino et al., 2021).

Waste extraction from various sites (including reclaimed
disposal sites) is a complex issue as regards technological and
investment-related, as well as environmental and social, as-
pects. It requires analysis of archival data (if available), obtain-
ing relevant administrative permits, performing raw data analy-
sis of accumulated waste, selecting appropriate technologies,
and meeting the conditions of economic viability of waste ex-
traction.

Application of machine learning algorithms may be used as
support for the decision-making process with regard to predict-
ing the raw material potential of sites in which mining waste and
tailings were accumulated. Machine learning is the science of
algorithms and systems improving their knowledge and perfor-
mance with experience (Flach, 2012). Its essence is to create
an automatic system (algorithm), which can learn and improve
based on the accumulated data (Sarker, 2021a). The task of al-
gorithms in the learning process is finding hidden relations
among a large amount of data, which will directly and/or indi-
rectly have impact on the solution of a given problem. Depend-
ing on the available data and expected results, regression, clas-
sification or clustering are used in the machine learning process
(Fig. 2). In this paper, classification algorithms were used only.
The aim of the regression and classification process is to pre-
dict the values of the decision attribute based on the values of
the remaining attributes. In case of classification, the decision
attribute has a discrete value (binary, nominal) (Szeliga, 2019;
Krol-Nowak and Kotarba, 2022).

Algorithms of machine learning are now utilized in almost
every branch of life and science, and the possibilities of their
practical application are continuously increasing. In geology
and related disciplines, their training is performed, e.g. in order
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Fig. 2. Systematics of machine learning methods and processes

to recognize and characterize geological structures related with
specific types of ore deposits (e.g. Male and Duncan, 2020;
Topdr, 2021), but also to predict geophysical phenomena caus-
ing natural disasters such as earthquakes (e.g. Ridzwan and
Yusoff, 2023) or volcanic eruptions (e.g. Malfante et al., 2018).
Other examples involving the usage of machine learning in-
clude, for example, predicting terrain subsidence in areas trans-
formed by mining activities (e.g. Ambrozi¢ and Turk, 2003), im-
provement of processes aimed at the recovery of some natural
resources, e.g. copper through leaching (Flores and Leiva,
2021), and assessment of the impact posed by mining waste on
the environment (e.g. due to the release of toxic elements) (e.g.
Trifi et al., 2022; Chongchong et al., 2023). Artificial Intelligence
tools — beside solving numerous complex problems that appear
in the extraction and processing of ores — may also find applica-
tion in the optimization of waste management processes and
supply reliable data on their quality parameters. With regard to
this issue, solutions were proposed by Herrera et al. (2023), al-
though, after a wide literature search, these authors empha-
sized that the problem requires further analyses.

Despite the wide range of publications noted above, de-
voted to the utility of machine learning in solving problems re-
lated to geology and mining, these did not include the use of
machine learning techniques aimed at recognition of the sec-
ondary raw material potential of waste derived from mining ac-
tivities accumulated in heaps, dumps and disposal sites. Pre-
sented research therefore assesses the secondary raw mate-
rial potential of these sites using machine learning. This method
has numerous advantages, of which the minimization of field-
work costs is the most significant one. It may indicate sites with
secondary raw material potential, which should help the deci-
sion-making process in selecting a particular site for further
economic and environmental analyses. The process is not
time-consuming or restricted by meteorological conditions by
comparison with traditional assessment methods, and does not
require significant amounts of funding. The machine learning al-
gorithms applied (including defined categories and ascribed
features) may be used to assess the potential of other groups of
mining waste disposal facilities.

STUDY AREA

Mining waste disposal sites are characterized by variable
surface areas and large variations in the quality and quantity of
accumulated waste resulting, for instance, from the technologi-
cal processes applied during raw material mining and process-
ing. The range of data describing the particular facilities is also
variable.

In the frame of activities performed by PIG-PIB in 2012, 368
mining waste facilities (active and historical) were inventoried in
which potential secondary raw materials were accumulated. At
252 of these facilities, the accumulated waste was derived from
mining and processing of metallic raw materials, at 104 the
waste was from mining and processing of energy-based raw
materials, and at 12 of them the waste was from mining and
processing of chemical raw materials (Kostrz-Sikora et al.,
2013). Earlier data had documented 350 industrial landfills, in
which the accumulated waste was generally from the energy,
metallurgy, metal and machinery industries (KPGO, 2002). In
turn, the most recent data indicate the presence of 148 mining
waste facilities (KPGO, 2023).

The selection of sites for study was made based on earlier
research performed by PIG-PIB (Kostrz-Sikora et al., 2013;
Fajfer and Kostrz-Sikora, 2022b; Baza Hatdy, 2024), available
published data (Ratajczak, 1998; Ratajczak and Korona,
2000), archival material, and expert knowledge. Of particular in-
terest were objects with historical exploitation of raw materials,
because the technologies used in the past were less pre-
cise/advanced and produced more waste. In effect, the waste
accumulated on dumps and landfills in the past may contain
secondary raw materials that may be substitutes for natural re-
sources. Inactive, reclaimed facilities, as well as active facilities
in which waste is accumulated at present, were analysed during
the study.

Industrial waste landfills were removed from consideration
due to the wide range of waste types, restricted methods of ap-
plication resulting from the specific chemical composition of the
waste created during industrial processes, and the limited avail-
able archival data.
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Fig. 3. Location of the sites analysed to test their secondary raw material potential

In effect, two groups of sites were selected for detailed stud-
ies (due to the large amount of available data): sites with waste
from mining and processing of hard coal mining (43) and sites
with waste from mining and processing of iron ore (40). The
sites include those that are active, closed-down, and reclaimed,
and are located in the Silesian and Matopolska voivodships
(Fig. 3). Approximately 654.5 million tons of waste accumulated
in the sites selected for the study.

METHODS

Assessement of the secondary raw material potential of
sites containing waste from hard coal and iron ore mining, and
processing by the application of machine learning, was per-
formed according to the following procedure (Fig. 4):

data =

preparaﬂen—f

DATA COLLECTION
(raw input data)

DATA PRE-PROCESSING

DIVISION INTO
ATRAINING- AND FEATURE
AVALIDATION SET CONSTRUCT

FEATURE
EXTRACTIO

FEATUR
SELECTIO

DATA AVAILABILITY AND COLLECTION

The first stage of studies included the definition of criteria
and characteristics describing the facilities selected. Due to the
large variability of the sites (e.g. different sources of waste, vari-
able waste chemistry, different technologies of extraction and
processing of raw materials), it was not possible to assign a
fixed and invariant set of features describing the criteria for each
site. In the end, the facilities were described by seven criteria:

1. Source of waste (described by category-related fea-

tures, e.g. underground mining, surface mining, type of
waste: mining waste, tailings, waste from raw material
processing).

2. Type of facility (described by category-related features,

e.g.: complete — incomplete, historical — modern, closed
— operated, non-reclaimed — reclaimed).

model
evaluation

CONFUSION
MATRIX

PRECISION

ACCURACY

Fig. 4. The machine learning procedure used to assess the secondary raw material potential of sites with mining and
processing waste
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3. Characteristics of the site (described by numerical fea-
tures, e.g. area, amount of accumulated waste, time of
waste deposition, spontaneous combustion).

4. Waste characteristics (described by category-re-
lated/descriptive features, e.g.: chemical composition).

5. Development of the deposit (described by category-re-
lated features, e.g. management, type of mining re-
source, form of deposit).

6. Utilization of waste accumulated at the facilities (de-
scribed by category-related features, e.g.: current utili-
zation, past utilization, directions of utilization, per-
formed suitability studies in each direction).

7. Existing functions of the site relative to the environment
and society (described by category-related features,
e.g. cultural heritage, tourism potential, recreation and
sports potential, protected areas).

76 or 105 features were attributed to particular categories
respectively. A larger number of features (105) was defined for
disposal sites in which waste from hard coal mining and pro-
cessing was accumulated. This waste was generated and
stored in the largest amounts. The waste is characterized by
parameters which allow for their wide application in various
branches of industry while also being significant barriers as re-
gards these purposes. In turn, a lower number of features (76)
was indicated for facilities accumulating waste from the mining
and processing of iron ore. These sites have been clearly rec-
ognized and characterized in the past. Mining of iron ore termi-
nated in the 1980s, and so archival data were used in the defini-
tion of their categories and features (Ratajczak, 1998).

The datasets were balanced (for iron ore sites class fre-
quencies are 22/18 and for hard coal sites, 25/18). Based on
possibility of waste recovery as regards profitability (e.g. sites
complete, a large amount of accumulated waste, chemical
analyses available, no fire hazards) and their other functions in
society (e.g. cultural heritage, UNESCO sites) the class labels
were determined.

DATA PRE-PROCESSING

At this stage, the raw data were processed to a form suit-
able for machine learning algorithms (Grus, 2018). The input
raw datasets contained data in the form of numerical data (sin-
gle numbers and their ranges), text categories (yes/no/missing
data, etc.), descriptive categories (waste lithology, mineral type,
age). Numerical data were left unchanged. The number ranges
were separated into two positions (from-to). Columns contain-
ing text descriptions of the facilities (e.g. object name) were re-
moved. These data were retained in the source table to enable
subsequent addition of descriptions to the output data. Numeri-
cal values as integers were ascribed to the text features. More-
over, features corresponding to ‘missing data’ were replaced by
a fixed numerical value (-1). Multi-value descriptive categories
were separated using OneHotEncoding, i.e., additional catego-
ries were created for each value occurring in a given feature
with values 1 or O representing the occurrence or non-occur-
rence of a given category value.

The next step in initial data processing was analysis of vari-
ance in each column performed using the VarianceThreshold
function from the Python scikit-learn package. At this stage, col-
umns with low variance (<0.05) of the data were also removed
from the analysis.

Because the occurrence of mutually correlated data columns
can reduce the accuracy of learning, the dataset prepared was
subject to correlation analysis, using tools available in the pandas
library for Python (Raschka and Mirjalili, 2021; Pandas, 2024).

]
-
o
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QOWONOARWN A
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1 — method of mining operation; 2 — type of waste;
3 —rehabilitation; 4 — method of using the facility; 5 —
the area; 6 — amount of waste; 7 — start of waste
disposal; 8 — end of waste disposal; 9 — depth of the
deposit; 10 — depth of deposit exploitation; 11 — Ni
content in waste; 12 — past use of waste from the
facilities; 13 — past direction of use of waste: a —
cement production, b — construction ceramic; 14 —
waste use in the present; 15 — current direction of
use of waste: a — cement production, b -
construction ceramic, ¢ — construction, d —
aggregate production, e — others; 16 — waste
analysis in the past; 17 — the cultural and landscape
potential; 18 — litho logy: a — clays, b — waste from the
sorting process, c— sands, d — sandstones, e — clay
sandstones, f — siderites, g — others

Fig. 5. Correlation heat map of the input criteria for facilities
with waste from iron ore mining and processing
(p-value<0.05)

This process restricts the dimension of the input data and the de-
mand for computing power. A correlation matrix was created for
each pair of data columns using Pearson’s linear correlation. For
each pair of columns positively or negatively correlated at the
level of 100%, only one was retained. The correlation between
data for facilities with iron ore mining and processing waste is vi-
sualized as a ‘thermal map’ (Fig. 5).

Additionally, an initial assessment of utilizing the accumu-
lated waste, based on expert knowledge, was made for facilities
where hard coal and iron ore mining and processing waste was
stored. Initially, the input data for tests of supervised learning
were subdivided into dissociated datasets: learning (75% input
data) and test (25% input data). However, in order to avoid
problems linked with the relatively small size of the input
dataset during the tests, in further proceedings a cross-valida-
tion with the stratified k-fold method was used, with k=4, 6 and
8; this separates the input dataset into a preset number of parts
and uses all combinations of these parts as the learning and
test datasets, so all records from the input dataset are used at
least once in the test set. Moreover, using the stratified k-fold
method assures equal representation of each target class in
test set.


https://pandas.pydata.org/ (accessed 1.02.2024)
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Table 1

An overview of the classification algorithms used

Group of ML algorithms

ML algorithm

Description

AdaBoostClassifier,
GradientBoostingClassifier,
RandomForestClassifier,
ExtraTreesClassifier

These algorithms combine multiple decision trees to
create strong predictive models, reducing overfitting and
improving accuracy through ensemble techniques.

Tree-Based Ensembles

DecisionTreeClassifier,
ExtraTreeClassifier

These algorithms create tree-like structures to make
decisions based on feature values, with
ExtraTreeClassifier adding randomness for further
diversification.

Support Vector Machines (SVMs)

LinearSVC, NuSVC, SVC

These algorithms find optimal hyperplanes to separate
data into classes, with variations in kernel functions and
parameterization for linear and non-linear boundaries.

Generalized Linear Models

RidgeClassifier, SGDClassifier,

These algorithms use linear models with regularization or
iterative optimization to classify data, suitable for linearly

Perceptron separable problems or large datasets.
This algorithm uses multi-layer perceptrons, a type of
Neural Networks MLPClassifier neural network, to learn complex non-linear relationships

between features and target variables.

GaussianProcessClassifier

This algorithm uses Gaussian processes to model the
probability distribution of the target variable, providing
probabilistic predictions.

Gaussian Processes and Naive Bayes

BernoulliNB

GaussianNB, ComplementNB,

These algorithms apply Bayes' theorem with different
assumptions about feature distributions (Gaussian,
multinomial, or Bernoulli) for probabilistic classification.

APPLICATION OF THE MACHINE LEARNING APPROACH

Algorithms of supervised machine learning from the Python
scikit-learn package were used to predict the parameters influ-
encing the secondary raw material potential of untested post-
mining sites. Due to the fact that the problem analysed can be
brought down to object classification such as: yes/no, ful-
fils/does not fulfil, 0/1, only classifier algorithms were used for
supervised learning. Supervised learning algorithms (Table 1)
used in the first stage represent different models of machine
learning, from simple linear models (RidgeClassifier, SGDClas-
sifier, Perceptron) through decision trees (DecisionTreeClas-
sifier, ExtraTreeClassifier) operating on the principle of a series
of conditions, Naive Bayesian classifiers (GaussianNB,
ComplementNB, BernoulliNB) that assume mutual independ-
ence of variables, the support vector method — SVM (Linear-
SVC, NuSVC) that separates objects belonging to different
classes in multidimensional space, the Nearest Neighbors
method (KneighborsClassifier, RadiusNeighborsClassifier),

and the multilayer perceptron network (MLPClassifier) classi-
fied as a neural network. Algorithms that enhance the perfor-
mance of a single algorithm (ExtraTreesClassifier,
AdaBoostClassifier, RandomForestClassifier, GradientBoost-
ingClassifier) were also applied, as well as algorithms that com-
pose results from several component algorithms, such as the
VotingClassifier algorithm and the StackingClassifier algorithm
that treat component results as input data for the final estimator
(Géron, 2018; Scikit-learn, 2024).

TRAINING AND EVALUATION

A training dataset was used to construct the machine learn-
ing model, and later, in order to test the model’s efficiency, tests
were performed with the test dataset. The process required
several iterations until acceptable results were obtained (e.g.
cross-validation). In order to remove the potential negative im-
pact of data variability, tests were performed on both raw data

Table 2

An overview of the scaling algorithms used

Scaling Algorithm

Description

Normalizer

Scales each sample (row) to the unit norm, useful when the direction of the data is important, not its

magnitude.

StandardScaler

Standardizes features by removing the mean and scaling to unit variance, commonly used in algorithms that
assume a normal distribution of data.

MinMaxScaler

Scales features to a specific range (default 0—1), useful when we need to constrain data to a specific interval.

MaxAbsScaler

Scales each feature so that its maximum absolute value is 1, useful for sparse data or when we want to

preserve zeros.

RobustScaler

Scales features using median and quartiles, robust to outliers in the data.

QuantileTransformer

Transforms features to have a quantile distribution, which can be useful when data has non-linear

distributions.



https://scikit-learn.org/stable/

Joanna Fajfer et al. / Geological Quarterly, 2025, 69, 14 7

Table 3

Results of machine learning tests using supervised algorithms for facilities with waste from hard coal
mining and processing

Scaling algorithms
5]
& | E
Group of ML algorithms ML algorithm 5 _ . £ ug
© Q Q< Re) = o
ol 5| 3882 £&|%
£ N ° 2 2 o ) @
Sl E|S|8|E|8|%|3
>l E|s| 5 |E|zs|¢8)|2
pd z | & = S | a g |
DecisionTreeClassifier 0.49|0.57|10.54|0.49|0.49|0.51(0.54 049
Decision Trees
ExtraTreeClassifier 0.51]0.59|0.60|0.65|0.65|0.54|0.54 | 0.58
AdaBoostClassifier 0.70 | 0.49 | 0.65|0.65|0.68 | 0.65|0.70 | 0.65
ExtraTreesClassifier 0.70 | 0.52|0.65|0.70 | 0.70 | 0.68 | 0.72 | 0.70
Ensemble
GradientBoostingcClassifier | 0.68 | 0.57 | 0.68 | 0.68 | 0.68 | 0.68 | 0.68 | 0.65
RandomForestClassifier 0.70 | 0.54 | 0.68 | 0.68 | 0.65|0.72 | 0.68 | 0.70
GaussianProcess GaussianProcessClassifier | 0.63 | 0.51|0.59|0.63|0.68|0.44|0.75 | 0.40
Perceptron 0.50{0.40|0.58|0.67|0.65|0.44|0.68 | 0.58
Linear RidgeClassifier 0.46(0.49(0.46|0.54|0.56|0.49|0.54 | 0.44
SGDClassifier 0.45[0.42|0.54|0.60|0.58|0.51|0.58 |0.49
BernoulliNB 0.50{0.40|0.58|0.67|0.65]|0.44|0.68 | 0.58
Naive Bayes ComplementNB 0.46{0.49|0.46|0.54|0.56|0.49|0.54 | 0.44
GaussianNB 0.45[0.42|0.54|0.60|0.58|0.51|0.58 |0.49
Nearest Neighbour KNeighborsClassifier 0.54{0.47|0.50|0.60|0.60|0.54|0.56 | 0.35
Neural network MLPClassifier 0.580.58|0.65|0.56|0.68|0.56 |0.70 | 0.56
LinearSVC 0.62|0.49(0.44|0.54|0.51|0.39|0.54 | 0.47
SvC NuSVvC 0.440.34|0.58|0.49|0.67|0.56|0.70 | 0.58
SvC 0.580.49|0.58|0.51|0.65|0.58|0.70 | 0.49
and data subjected to scaling and normalization algorithms, i.e.  SGDClassifier, GaussianNB, MLPClassifier, BernoulliNB,
StandardScaler, RobustScaler, MinMaxScaler, MaxAbsScaler, = ComplementNB, KNeighborsClassifier, ExtraTreeClassifier

PowerTransformer, QuantileTransformer and Normalizer from
the scikit-learn library (Table 2). A Python script was written to
test the algorithms, combining scaling and normalization algo-
rithms with machine learning algorithms (pipeline). Pairs of al-
gorithms were subject to cross-validation (stratified k-fold) by
calculating the average value of prediction accuracy for 4, 6 and
8 splits of the dataset.

RESULTS AND DISCUSSION

Tests performed for facilities with waste and tailings from
hard coal mining (Table 3) have indicated that the most accu-
rate prediction matches after the learning process were ob-
tained using the AdaBoostClassifier, ExtraTreesClassifier,
RandomForestClassifier, GaussianNB, GaussianProcessClas-
sifier, MLPClassifier, NuSVC and SVC algorithms. In turn, tests
performed for facilities with iron ore mining waste and tailings
have shown that the most accurate prediction matches were
obtained after application of the GaussianProcessClassifier,

and SVC algorithms (Table 4). The results in the following ta-
bles are the means of accuracy values obtained from cross-val-
idation tests performed on full sets.

The analyses performed have indicated that the highest
matching value for facilities with hard coal mining waste and
tailings was 0.75. The observed low quality of prediction may
suggest that the dataset lacks criteria relevant for the selection
of prospective objects. In the case of sites with iron ore mining
waste and tailings the best fit was 0.85. The prediction quality
obtained may indicate that the dataset contains criteria signifi-
cant for selecting a heap or dump as a prospective facility. Due
to the diversity of the dataset (criteria and attributed features)
for the two groups of sites, it is not possible to clearly identify a
single algorithm which would generate the best results for the
selection of prospective sites. The closest results for both
groups of sites are generated by the GaussianProcessClas-
sifier algorithm (from the GaussianProcess group of algo-
rithms). Individual analysis of each group of facilities showed
that for sites with hard coal mining waste and tailings, the best
prediction results were obtained using the Gaussian NB algo-
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Table 4

Results of machine learning tests using supervised algorithms for facilities with waste from iron ore
mining and processing

Scaling algorithms
5]
E
Group of ML algorithms ML algorithm 5 o €
© L) <o c o
ol 5| 2| 8| 8| £ |®
S| N | B | 2| 2| 4|
= = [72] x -
S|IE|S|8| 8| 8|%
> Els| 3| E| g2
z pd [%5) > b a o
DecisionTreeClassifier 0.60|0.58|{0.58|0.58|0.63({0.60|0.60
Decision Trees
ExtraTreeClassifier 0.7510.67 | 0.70 | 0.80 | 0.68 | 0.70 | 0.73
AdaBoostClassifier 0.7510.67 | 0.73(0.78 | 0.75|0.75| 0.75
ExtraTreesClassifier 0.7810.70|0.75(0.73|0.78 {0.73 | 0.78
Ensemble
GradientBoostingcClassifier | 0.55 | 0.63 | 0.55 | 0.58 | 0.58 | 0.58 | 0.53
RandomForestClassifier 0.780.67|0.75(0.78|0.70 | 0.73 | 0.75
Gaussian Process GaussianProcessClassifier | 0.43|0.77 | 0.75(0.83 | 0.80 | 0.80 | 0.85
Perceptron 0.70(0.73|0.68(0.65|0.77 | 0.73 | 0.68
Linear RidgeClassifier 0.65|0.77 | 0.65|0.73 | 0.68 | 0.67 | 0.65
SGDClassifier 0.73]0.63|0.75(0.65|0.85|0.68|0.70
BernoulliNB 0.68|0.68(0.77 ({0.68|0.75|0.75| 0.80
Naive Bayes ComplementNB 0.80
GaussianNB 0.7810.780.78 (0.78 | 0.78 | 0.83 | 0.78
Nearest Neighbour KNeighborsClassifier 0.75(0.75|0.75(0.73|0.75| 0.78 | 0.80
Neural network MLPClassifier 0.580.77(0.78 (0.80 | 0.78 | 0.78 | 0.83
LinearSVC 0.73(0.7710.70{0.70| 0.75| 0.70 | 0.75
SvC NuSVvC 0.6710.70(0.73(0.75]0.75|0.75| 0.73
SvC 0.7510.77 {0.75(0.80 | 0.75| 0.75| 0.80

rithm, whereas for sites with iron ore mining waste and tailings,
the best prediction results were achieved using the Gaussian-
ProcessClassifier algorithm with the application of input scaling
algorithms. Analysis of the results shows that the application of
the scaling algorithms MaxAbsScaler, MinMaxScaler, Robust-
Scaler and QuantileTransformer had a positive influence on in-
creasing the prediction precision.

MULTI-LAYER PERCEPTRON ALGORITHM

The next stage of the analysis was testing whether the
Multi-Layer Perceptron algorithm would be applicable in the de-
termination of prospective sites in both groups analysed. Analy-
sis of the effectiveness of the Multi-Layer Perceptron algorithm
has shown that for the facilities with hard coal mining waste and
tailings, the results obtained reached a maximum efficiency of
0.70 prediction at proportions of the test to learning datasets of
1:3, and 0.79 at a ratio of 1:7 in the parameter combinations
tested (Table 5). For sites with iron ore mining waste and tail-

ings, for some combinations the results exceeded the 0.80
threshold, with a maximum 0.85 for a 1:7 set ratio (Table 6). The
best results were obtained when working on data rescaled us-
ing the MinMaxScaler algorithm for hard coal facilities, whereas
for the iron ore sites the effect of scaling on the variation of the
results was smaller, and similar results were obtained with the
RobustScaler, StandardScaler and MaxAbsScaler algorithms.
The effect of a small number of input data on the variability of
the results depending on the subdivision of the dataset into the
learning and test parts is clear. The test results show that the
large size of the hidden layer is not required, as the results in the
range of the upper accuracy limit are achieved even for a layer
composed of 10 neurons, and increase in their number does
not result in an increase in prediction accuracy. Similar results
were obtained for each of the activation functions: tanh, relu,
identity and logistic. The most effective algorithm for optimizing
the weights solver is sgd (stochastic gradient descent); only
slightly worse results for both site types were obtained in the
case of the Ibfgs algorithm.
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Table 5

Selected results of the Multi-Layer Perceptron algorithm for facilities with waste from hard coal
mining and processing

Scaler 'i\'numgeﬁigggﬁﬂ%f Activation function Solver algorithm cv=4 cv=8
MM 40 tanh sgd 0.70 0.77
MM 10 relu sgd 0.70 0.72
MM 10 tanh sgd 0.70 0.72
MM 20 identity sgd 0.70 0.72
MM 160 relu sgd 0.67 0.77
MM 160 tanh sgd 0.67 0.75
MM 10 logistic Ibfgs 0.63 0.79
MM 20 tanh sgd 0.63 0.77

MM — MinMaxScaler; cv — number of subdivisions of the input dataset into training and test data using
cross-validation. The dimension of the training dataset for cv=Nis (N-1)/N of the input dataset; the dimen-

sion of the testing dataset is 1/N

Table 6

Selected results of the Multi-Layer Perceptron algorithm for facilities with waste from iron ore
mining and processing

Scaler ’i\lnutrﬂgef{igggﬁﬁg%f Activation function Solver algorithm cv=4 cv=8
R 30 logistic sgd 0.83 0.85
MA 25 identity sgd 0.80 0.83
SS 10 logistic sgd 0.78 0.85
SS 15 logistic sgd 0.78 0.85
MA 10 identity sgd 0.78 0.83
MA 10 relu sgd 0.78 0.83
MA 20 tanh sgd 0.78 0.83
MA 25 relu sgd 0.78 0.83
MA 35 identity sgd 0.78 0.80

R — RobustScaler, MA — MaxAbsScaler, SS — StandardScaler; cv — number of subdivisions of the input
dataset into training and test data using cross-validation. The dimension of the training dataset for cv=N
is (N-1)/N of the input dataset; the dimension of the testing dataset is 1/N

The networks constructed, having a large number of neu-
rons in the hidden layers, may be overfitted. Therefore, it is im-
portant to disregard them as a valid model.

ENSEMBLE ALGORITHMS

For facilities with hard coal and iron ore mining waste and
tailings, learning tests were made with the application of algo-
rithms that compose results from multiple component algo-
rithms.

Four input basic algorithms (MLPClassifier with a
MinMaxScaler scaling algorithm, ExtraTreesClassifier with a
RobustScaler scaling algorithm, GaussianNB with a
MinMaxScaler scaling algorithm, and DecisionTreeClassifier
with a StandardScaler scaling algorithm) were selected for the
VotingClassifier and StackingClassifier component algorithms
for the first group of sites. For the second group of sites, the ba-

sic algorithms were: MLPClassifier with a MaxAbsScaler scal-
ing algorithm, BernoulliNB with a RobustScaler scaling algo-
rithm, GaussianNB without a scaling algorithm, and Gaus-
sianProcessClassifier with a Normalizer scaling algorithm. For
the compositional algorithms, cross-validation tests were per-
formed with splitting of the input dataset into 4 and 8 parts. The
aim of these tests was assessing whether application of these
algorithms allows one to obtain prediction results better than for
individual component algorithms. It was observed that for hard
coal disposal sites there was a slight improvement in the predic-
tion results (0.74 for the 4-part split and 0.75 for the 8-part split)
in comparison to the results shown in Table 3. For iron ore
waste facilities there was no significant improvement compared
to the results from Table 4. The values achieved were 0.78 for
the 4-part split and 0.83 for the 8-part split. The suitability of
these algorithms for the application chosen was not found satis-
factory.
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Results of classification of prospective and non-prospective objects

List of objects in source data set objects

. object correctly classified as prospective

object correctly classified as non-prospective

object incorrectly classified as prospective
object incorrectly classified as non-prospective
author evaluation — prospective object

author evaluation — non-prospective object
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AE — author’s evaluation, a — RobustScaler, GaussianProcessClassifier, b —
MinMaxScaler, SGDClassifier, c — RobustScaler, BernoulliNB, d —
QuantileTransformer, GaussianNB,

e — MinMaxScaler, ComplementNB, f — RobustScaler, KNeighborsClassifier, g —

RobustScaler, SVC, h — RobustScaler, MLPClassifier
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Fig. 6. Confusion matrix for facilities with waste from iron ore mining and processing

VALIDATION OF PREDICTION ACCURACY

The entire dataset of facilities with waste from hard coal and
iron ore mining and processing was subject to cross-validation.
The main goal of this procedure was assessment of the effec-
tiveness of the learning process with application of the ear-
lier-selected learning algorithms returning the best results. The
effectiveness of prediction is shown in Figures 6 and 7. The re-
sults obtained were compared with the expert assessment of
the secondary raw material potential of individual facilities. Ob-
jects that were incorrectly classified (as prospective or non-pro-
spective) by the machine learning algorithms in relation to the
expert assessment may be subject to analysis in order to deter-
mine the features influencing such classification; this refers in
particular to objects classified incorrectly by most algorithms.
Information on the number and types of performed errors was
obtained by using the confusion matrix to display the results.

The ROC curve (Receiver Operating Characteristic curve)
is a graphical representation used to evaluate the performance
of a binary classification model. It plots the True Positive Rate
(TPR) (sensitivity) against the False Positive Rate (FPR) at var-
ious threshold levels, showing the trade-off between correctly
identifying positive cases and incorrectly classifying negative
cases as positive. A perfect classifier would have a curve pass-
ing through the top-left corner, while a random classifier would
follow the diagonal line from (0.0) to (1.1). The AUC (Area Un-
der the Curve) is a single metric summarizing the ROC curve. It
represents the probability that a randomly chosen positive in-
stance is ranked higher than a randomly chosen negative in-

stance. An AUC of 1.0 indicates a perfect model, 0.5 corre-
sponds to random guessing, and values below 0.5 suggest
worse-than-random performance. Achieved AUC values are
larger than 0.8. The models are effective in distinguishing be-
tween positive and negative classes (Fig. 8).

THE RFE PROCEDURE AND PERMUTATION IMPORTANCE

Using the RFE algorithm (recursive feature elimination)
from the scikit-learn library, the previously tested machine
learning algorithms returning the best results (prediction accu-
racy at the level of 0.70 for hard coal sites and 0.80 for iron ore
sites) were analysed in order to find features with the greatest
impact on prediction accuracy. The RFE algorithm subse-
quently removes the features from the input dataset and checks
the resulting changes in the prediction results. The algorithm
creates a list of features with the highest impact on prediction
accuracy. Using the RFE method resulted in the formation of
most  significant features lists for 4  algorithms:
ExtraTreeClassifier, LinearSVC, SGDClassifier, and
GaussianProcessClassifier (not all algorithms can be tested us-
ing the RFE method). For hard coal disposal sites the most
common features were: cause fire hazards on the site by waste
in the past, usage of the object, and area occupied by the ob-
ject. In turn, for the iron ore disposal sites, these features in-
cluded: amount of waste, past usage of waste from the facilities,
and current direction of waste usage: construction ceramics.
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Results of classification of prospective and non-prospective objects

List of objects in source data set

prediction
17 0
th 1 4 AE — author’s evaluation,
au O_r a — RobustScaler, GaussianProcessClassifier,
evaluation 0 13 b — MinMaxScaler, SGDClassifier

¢ — RobustScaler, BernoulliNB,
d — QuantileTransformer, GaussianNB

Fig. 7. Confusion matrix for facilities with waste from hard coal mining and processing
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Fig. 8. The ROC curves for selected algorithms
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Fig. 9. Examples of feature importance obtained by the permutation_importance function



Joanna Fajfer et al. / Geological Quarterly, 2025, 69, 14 13

Detailed tests assessing feature validity for the accuracy
were performed both for the hard coal and iron ore sites for the
supervised learning algorithms returning the highest results.

The permutation_importances function was used for the
earlier tested algorithms (MLPClassifier, GaussianNB and
SVC), which cannot be analysed using the RFE algorithm due
to the lack of a ranking list of relevant features. For comparison,
this procedure was also applied for the GaussianProcess-
Classifier algorithm. This function changes the values of individ-
ual features of the input data and tests the effect of these
changes on the resulting prediction score compared to the re-
sults obtained using unmodified data (Scikit-learn, 2024).

In the case of iron ore facilities, the performed assessment
of the importance of features for the prediction accuracy for the
algorithms returning the highest results has indicated that
among the significant features occur those linked with the char-
acteristics of the raw material, waste disposal site characteris-
tics (age, amount of waste, condition, purpose of the facility),
and the predicted usage of waste. For the Gaussian-
ProcessClassifier algorithm, the most significant features were:
usage of the facility, area of the facility, deposit depth, deposit
exploitation depth, amount of waste, time of waste deposition.
For the SGDClassifier algorithm, the relevant features included:
usage of the facility, direction of current waste usage — con-
struction ceramics, deposit depth, deposit exploitation depth,
end of waste disposal.

Analysis of the input criteria using the RFE algorithm and
the permutation_importance function is aimed at determining
the list of features with a significant impact on the prediction re-
sults, thus reducing the workload spent on preparing the input
data.

Examples of results obtained for the iron ore facilities using
the permutation_importance function for the MLPClassifier al-
gorithm (with RobustScaler scaling algorithm), for algorithm
SVC (with MinMaxScaler scaling algorithm), algorithm
GaussianProcessClassifier with MinMaxScaler scaling algo-
rithm, and GaussianNB algorithm with MinMaxScaler scaling
algorithm are shown below (Fig. 9).

The values obtained using the permutation_importance fun-
ction show the effect of modifying the value of a given feature on
the decrease in prediction accuracy. The negative values indi-
cate the increase in the prediction accuracy after data permuta-
tion. This points to the low validity or lack of validity of a given
feature for the model accuracy. This phenomenon occurs in
small datasets, where the learning process is unable to detect
the low importance of a given feature, and in reality has a ran-
dom effect on the accuracy of the model. The small dataset vol-
ume also has influence on the differences existing in the validity
of features in different algorithms, and thus the
overrepresentation of the validity of some features with regard
to the underestimation of the validity of other features.

CONCLUSIONS

The economic value of mining waste and tailings accumu-
lated in heaps, dumps and disposal sites (active, reclaimed and
historical) is significant. However, the assessment of these ob-

jects with regard to the recovery of raw materials is a process
requiring large financial outlays. The development of machine
learning technologies and the results achieved in a PIG-PIB
project indicate that this is a promising tool for predicting the
secondary raw material potential of the sites analysed. More-
over, successful usage of machine learning methods requires
access to an appropriately large dataset and appropriate data
processing. Moreover, assessing the secondary raw material
potential of these objects is a process requiring large financial
outlays and is time-consuming.

The results obtained, due to the failure to achieve a 100%
prediction certainty, indicate that machine learning cannot be
the only tool used to undertake decisions on the reuse of the fa-
cilities analysed. It may, however, support the decision-making
process, supplying information on the potentially useful and po-
tentially non-useful facilities for further usage. Application of
machine learning methods may contribute to reducing the fi-
nancial outlays indispensable for performing in-situ studies on
the facilities in the initial phase of the investment. Additionally,
the process is not time-consuming and restricted e.g. by other
conditions having impact on its realization compared to other
traditional methods that are presently used. The machine learn-
ing algorithms applied (including the defined criteria and their
features) may be used to assess the potential of other groups of
industrial landfills. Nevertheless, there are restrictions in the ap-
plication of this method resulting from the need to obtain good
quality data, feature selection, or potential errors resulting from
inappropriately selected algorithms for the calculations.

The results of classification facilities from iron ore mining
and processing showed that the outcomes were greatly influ-
enced by features such as the area of the disposal sites and the
amount of accumulated waste. Consideration should be given
to identifying and introducing an additional feature in future
studies, indicating the prospects of the sites. In the case of hard
coal mining and processing facilities, the analysis was difficult
due to the larger number of features, as well as the lower quality
of data than in the previous case.

Experience gained during these studies may be useful for
other, similar applications, e.g. the environmental classifica-
tion of facilities or areas which can be described by a set of cri-
teria. Because the investigations are novel, as shown by the
lack of published reports on machine learning applications for
the recognition of the secondary raw material potential of
waste accumulated in heaps, dumps and disposal sites, their
continuation seems appropriate. Future studies should con-
centrate on the identification of the most effective input data
for machine learning algorithms, the availability and quality of
the necessary data, as well as creating uniform standards for
datasets describing particular groups of accumulated waste.

The study was financed from funds allocated to the statu-
tory activities of PGI-NRI (Project No. 61.3794.2300.00.0).
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