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A B S T R A C T

One of the main problems faced by sulfide mining facilities is the corrosion of steel caused by acidic leachates, a
process that is further accelerated by the presence of acidophilic bacteria that act as catalysts in the reaction. This
study presents an AI-based approach to assess acid mine drainage as a result of corrosion, adding novelty to the
study by using it alongside Fuzzy Logic, obtaining qualitative models based on fuzzy rules that corroborate and
expand on the contributions of statistical techniques. In a laboratory experiment, S-235JR (EN 10025) carbon
steel samples were immersed for 26 days in four solutions: two with a high Fe2+/Fe3+ ratio, one from a mine with
acidophilic bacteria (with an initial Fe2+ concentration of 1390 mg/L) and one synthetic without bacteria (Fe2+

concentration of 1961 mg/L); one from a mine with a high Fe3+/Fe2+ ratio (with an initial Fe2+ concentration of
0.10 mg/L) and distilled water simulating rain effects. Results showed a greater increase in Fe concentration in
solutions with a higher initial Fe2+/Fe3+ ratio (with an increase rate higher than 2). All acidic solutions even-
tually became anoxic, with a slower transition in the bacteria-free solution. Cu concentration dropped sharply in
all cases, regardless of bacteria presence or Fe ratios, likely because the net acidity kept Cu in solution for a
longer time. In the synthetic solution without bacteria, pH gradually increased as steel oxidation proceeded more
slowly. In contrast, solutions with bacteria showed a sharp pH rise in the early hours of the experiment.

1. Introduction

1.1. Acid mine drainage and steel corrosion

Polymetallic sulfide mining, and more specifically iron sulfide min-
ing, generates an acidic leachate (Acid Mine Drainage, AMD) with a high
concentration of sulfates and dissolved metals, which represents a global
problem [1,2]. This issue arises not only from the pollution it causes,
directly affecting water bodies, but also from the numerous indirect
problems it generates. Corrosion of metals is an electrochemical process
in which the metal is converted into an oxide or any other compound
with a higher oxidation number [3]. One of the indirect problems of
AMD is the acceleration of the steel corrosion process [4]. Steel is one of
the most widely used materials in this industry across all its exploitation
stages (extraction, mineral processing, and metallurgy). Steel and

aluminium degradation is a serious problem for mining companies that
profit from polymetallic sulphides at all stages of mining. Mobile ma-
chinery, support structures of mineral processing facilities, crushing,
grinding, regrinding, classifying machinery, etc., are also subjected to
these environments. Other auxiliary machinery such as pumping and
ventilation equipment, augers and drilling/blasting equipment, control
panels, etc., can also be affected [4]. According to a US survey, corrosion
costs six cents for every dollar of gross domestic product in the United
States. Globally, this amounts to over US$4 trillion annually [5], making
it essential to understand corrosion processes in order to provide valu-
able anti-corrosion recommendations.

The process of Acid Mine Drainage generation occurs when metallic
sulfides, initially in anaerobic conditions, are exposed to atmospheric
oxygen and water. This exposure triggers a series of reactions that
generate sulfates, iron precipitates, and hydrogen ions, leading to a

* Corresponding author.
E-mail address: mltorre@uhu.es (M.L. de la Torre).

Contents lists available at ScienceDirect

Results in Engineering

journal homepage: www.sciencedirect.com/journal/results-in-engineering

https://doi.org/10.1016/j.rineng.2025.104380
Received 15 January 2025; Received in revised form 13 February 2025; Accepted 15 February 2025

https://orcid.org/0000-0002-5437-250X
https://orcid.org/0000-0002-5437-250X
mailto:mltorre@uhu.es
www.sciencedirect.com/science/journal/25901230
https://www.sciencedirect.com/journal/results-in-engineering
https://doi.org/10.1016/j.rineng.2025.104380
https://doi.org/10.1016/j.rineng.2025.104380
https://doi.org/10.1016/j.rineng.2025.104380
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Results in Engineering 25 (2025) 104380

2

decrease in the pH of the water. This global reaction involves several
intermediate steps, including the oxidation of Fe2+ to Fe3+, hydrolysis of
Fe3+ which generates more acidity and iron precipitates, and under
these acidic conditions, the oxidation of pyrite by Fe3+ itself, producing
more acidity, sulfates, and Fe2+.

The oxidation rate of Fe2+ is very slow; however, in natural envi-
ronments, it can be increased by 104 to 106 times by Iron-oxidizing
bacteria (FeOBs) [6–9], such as Thiobacillus ferrooxidans, Leptospir-
illum ferrooxidans, etc., which act as catalysts for the oxidation of
ferrous ions [10]. These microorganisms are among the primary con-
tributors to metal corrosion (Microbiologically Influenced Corrosion,
MIC), being involved in the electrochemical processes of corrosion [11,
12]. For this reason, acid mine drainage is highly oxidative, with redox
potentials that can exceed 700 mV [13].

Furthermore, many other sulfides have oxidation products that
release elements such as arsenic, copper, cobalt, cadmium, chromium,
mercury, nickel, lead, etc. In addition, the acid hydrolysis of the host
rocks through which these acidic leachates flow introduces elements
into the solution, in varying abundances, such as Ca, Al, Mg, Mn, K, Na,
etc. Consequently, such acidic leachates can contain concentrations of
up to 60,000 mg/L of Fe, 2400 mg/L of Al, 860 mg/L of Zn, 800 mg/L of
Cu, 742 mg/L of As, 187,000 mg/L of sulfates, among others, and pH
values that can even reach negative values [14], serving as an elemental
indicator of the medium’s aggressiveness.

1.2. Explainable AI model based on fuzzy logic

Currently, Explainable Artificial Intelligence [15] provides tech-
niques such as fuzzy logic (FL), which, in situations with a certain degree
of uncertainty, outperforms results obtained through classical statistical
methods [16,17]. While classical statistical models or numerical simu-
lations can be effective in identifying patterns or predicting behaviors,
fuzzy logic allows for a more natural and understandable representation
of the uncertainty and imprecision inherent in complex systems like
corrosion. By combining AI-based methods and fuzzy logic, it is possible
to build qualitative rule-based models that are easily interpretable by
experts, facilitating the understanding of underlying processes and
enabling more informed decisions. This overcomes the limitations of
traditional approaches, which often lack the flexibility and transparency
needed to adapt to the variability and complexity of corrosion systems.
AI-driven algorithms have proven to stand out for their ability to handle
large datasets more precisely and quickly in various fields ([18–20])

Specifically, fuzzy logic (FL) mathematically describes how humans
engage with the environment and make choices. Consequently, models
utilizing fuzzy logic can handle uncertain data using fuzzy sets, enabling
the modeling of complex non-linear processes and deriving insights from
data through various machine learning algorithms [21]. In this manner,
FL models serve as an excellent option for data processing in environ-
mental science contexts [22–25]. Traditional corrosion prediction
methods, though beneficial, frequently fall short in effectively ac-
counting for the intricate interactions among chemical, physical, and
environmental factors that determine corrosion rates [26]. In the last
decade, machine learning (ML) has been employed in a number of
corrosion-related problems, such as for modeling CO2 corrosion,
detecting corrosion from automated image analysis, modeling corrosion
defect growth in pipelines, material inspection, modeling corrosion rate
in marine environment or finding corrosion initiation time of embedded
steel in reinforced concrete [26–33] but no references have been found
where AI model based on fuzzy logic is applied to the study of corrosion
caused by acid mine drainage.

1.3. Objective

This research paper introduces an innovative Artificial Intelligence
(AI)-based approach to evaluate the effects of carbon steel corrosion in
acid mine drainage. The proposed methodology [34] introduces novelty

by using AI techniques along with Fuzzy Logic, obtaining qualitative
models based on fuzzy rules that are very easy to interpret and which
corroborate and expand upon what is provided by statistical techniques.

2. Materials and methods

2.1. Laboratory experiment

A laboratory experiment was conducted in which four plastic con-
tainers were prepared, each containing a S-235JR (EN 10,025) carbon
steel specimens (density: 7.85 g/cm³), immersed in different solutions
for 26 days. The chemical composition (wt%) of the S-235JR carbon
steel specimens was as follows: 0.067 % C, 0.53 %Mn, 0.008 % Si, 0.016
% P, 0.013 % S, 0.031 % Al, and Fe as the balance (S/EN 10,204). The
coupons were rinsed with distilled water, degreased in absolute ethanol,
dried with warm air, and weighed using a precision balance (Radwag,
Polska, ±0.01 g). To simulate environmental conditions, the laboratory
was maintained at a low temperatura (25 ◦C), and a light-dark (12:12)
cycle was applied. All the specimens were placed vertically within their
containers, ensuring that the entire surface remained immersed in the
solution at all times.

Each of the plastic containers was filled with a four different solu-
tions because the leachates found in the Iberian Pyrite Belt have
different characteristics depending on the geology of the sulfide mass,
whether it has been extracted from an underground or open-pit mine,
etc.: one with an acidic leachate from the Poderosa mine, with a high
Fe²⁺/Fe³⁺ ratio (hereafter referred to as PO); another with an acidic
leachate from the Peña del Hierro mine, with a high Fe³⁺/Fe²⁺ ratio
(hereafter referred to as PH); a third with a synthetic solution replicating
AMD with a high Fe²⁺/Fe³⁺ content but without bacteria (hereafter
referred to as ST) in order to discern the differences in behavior when an
acidic solution does not contain bacteria that could modify the results;
and finally, one with distilled water simulating rainwater (hereafter
referred to as BK).

To ensure that the synthetic solution (ST) exhibited physicochemical
characteristics comparable to actual acid mine drainage (AMD) samples,
arsenic (As), cobalt (Co), chromium (Cr), and nickel (Ni) were intro-
duced using standard solutions for atomic absorption spectroscopy. The
pH was adjusted by adding 96% sulfuric acid and relevant salts. The
corresponding salts—FeSO₄⋅7H₂O, CuSO₄⋅5H₂O, Pb(NO₃)₂, ZnSO₄⋅7H₂O,
Al₂(SO₄)₃, CaCl₂, MgSO₄⋅7H₂O, K₂SO₄, NaCl, and MnSO₄—were accu-
rately weighed and dissolved in deionized water, following the meth-
odology described by Orandi and Lewis [35]. Trace elements (As, Co, Cr,
and Ni) were incorporated using standard atomic absorption solutions,
and the final pH was adjusted with 96 % sulfuric acid to achieve the
desired conditions.

Every 24 hours, the physicochemical parameters of each solution
were measured (temperature, pH, specific conductance, redox potential,
and dissolved oxygen). Temperature, pH, and specific conductance were
measured using a multiparametric portable device (Crison MM40).
Dissolved O₂ was analyzed with a Hanna meter, and the redox potential
was determined using a Hanna meter with Pt and Ag/AgCl electrodes
(Crison). The pH meter was calibrated using Hanna standard solutions
(pH 4.01 and pH 7.01), and the redox potential was checked using
Hanna standard solutions (240 mV and 470 mV).

Also, every 24 h, a 10 mL sample of each solution was taken for
analysis of dissolved elements. The water samples were filtered, at the
time of collection, through 0.22 µm Millipore filters mounted on
Sartorius polycarbonate filter holders, acidified to pH< 2 with suprapur
HNO₃ (2 %), and stored in the dark at 4◦C in polyethylene bottles until
analysis. Samples for Fe²⁺ determination were filtered through 0.22 µm,
and Fe²⁺ was complexed by adding a 0.5 % (w/w) 1,10-phenanthroline
chloride solution after buffering to pH 4.5 with an ammonium acetate/
acetic acid buffer [36].

For each sample collected daily, the concentration of elements was
analyzed using an Agilent Technologies 7700 Series inductively coupled
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plasma mass spectrometer (ICP-MS) and an Iris Intrepid Model atomic
emission spectrometer (ICP-AES). Detection limits were calculated using
the average and standard deviations from ten blanks and were as fol-
lows: 100 µg/L for Al, Ca, Fe, Mn, Mg, Na, K, Si; 50 µg/L for Zn; 5 µg/L
for Cu; 2 µg/L for As; and 1 µg/L for other trace elements. Iron species
were determined using colorimetry at 510 nm with a SHIMADZU
UVmini-1240 spectrophotometer. The detection limit was 0.3 mg/L,
with precision better than 5 %. Speciation analysis of the samples was
carried out with the assistance of the equilibrium chemical-speciation/
mass transfer model PHREEQC [37] using the thermodynamic data-
base WATEQ4F [38].

Finally, for each sample, the net acidity was calculated [39], as
defined by the widely cited equation for calculating Acidity in units of
mg/L as CaCO₃, where metal concentrations are in mg/L:

2.2. Explained artificial intelligence: fuzzy logic approach

AI has reached significant levels of applicability in recent years.
Among AI techniques, those that we can understand (as opposed to those
dominated by subsymbolic methods, such as ensembles or deep neural
networks) are particularly relevant in many areas. Understanding how
an AI technique works allows us to interpret the knowledge algorithms
have acquired through machine learning models and apply it in our own
context. This field, currently known as eXplainable Artificial Intelligence
(XAI) [40,41], includes techniques like fuzzy logic, which has tradi-
tionally been successful in solving practical problems by using linguistic
terms to express its definitions [15].

Among eXplainable Artificial Intelligence (XAI) techniques, fuzzy
logic stands out [19]. It has achieved success in solving practical prob-
lems by expressing real-world concepts and definitions using linguistic
terms. Specifically, fuzzy rules models, which rely on fuzzy logic, are
common and well-known. In this study, we’ll utilize a fuzzy rules model
obtained through clustering algorithms, as detailed in the upcoming
subsection.

2.2.1. Fuzzy clustering
The primary goal of clustering algorithms, as outlined by Kaufmann

and others [42], is to organize a collection of data into clusters or
groups. Within these clusters, the data points are more closely related to
each other based on a specific metric than to those in other clusters.
Traditional clustering techniques assign each data point to a single
cluster, resulting in a binary membership status: either 0 (not a member)
or 1 (a member). On the other hand, fuzzy clustering methods [43],
allow data points to belong to multiple clusters simultaneously. Here,
the degree of membership for a data point in any given cluster is
expressed as a number between 0 and 1, indicating a gradient of
belonging. This approach enhances the granularity of classification and
improves the flexibility in grouping data points.

2.2.2. Proposed fuzzy logic approach
The proposed approach using fuzzy logic [34] relies on the meth-

odology outlined in [44]. It aims to construct fuzzy models based on the
fuzzy C-Means algorithm [45,46], resulting in IF-THEN fuzzy rules of the
form: IF x Є A THEN y Є B. Here, x =(x1, x2,….xn) represents input
variables (antecedents), A=(A1,A2, ….An) represents n fuzzy sets, y is
the output variable (consequent), and B is a fuzzy set for this output
variable.

Before processing the data, the initial step involves identifying the

variables within the dataset that require study. These selected variables
will serve as the consequents in the fuzzy rules to be generated. The
remaining parameters in the dataset will function as antecedents in
these rules. Subsequently, the proposed methodology automatically
analyzes the dataset, clustering the consequent parameters into an
optimal number of fuzzy clusters [47]. Once the consequent parameters
are clustered, each fuzzy cluster is projected onto the antecedent space
[44], determining the membership grade of the antecedents for each
cluster. Finally, based on the information obtained from these steps, a
set of graphical IF-THEN fuzzy rules is generated, as illustrated in Fig. 1,
where the antecedent variables are A1 and A2, and the consequent
variable is C.

The fuzzy rule associated with Fig. 1 can be understood in natural
language as follows:

IF A1 is small or big AND A2 is average, THEN C is very small.

However, this fuzzy rule also can be interpreted as:

C is very small, IF A2 is small or big AND A2 is average

The proposed fuzzy approach has been created to be used on
multiple-parameter numeric datasets, producing a fuzzy rule-based
system without manual intervention. This system provides a descrip-
tive model of the analyzed data.

3. Results and discussion

Table 1. Initial chemical composition of the AMD-solutions (EC:
specific conductance. NA: net acidity). Values in µg/L except Al, Ca, Cu,
Fe, Fe2+, K, Mg, Na, S, Si and Zn in mg/L, EC in mS/cm and NA in mg/L
as CaCO3.

The low pH values observed in the three acidic solutions (PH, PO, ST)
are notable, along with the high concentrations of sulfur (present as
sulfates in the solutions) and iron, as well as the elevated net acidity
values, particularly in PH. It is worth highlighting that the Fe²⁺ con-
centration is significantly higher in PO and ST compared to PH.

To evaluate the behavior of all solutions, a statistical summary was
generated, and artificial intelligence (AI) techniques were applied
exclusively to the measurements of physicochemical parameters and
dissolved elements that exhibited temporal variation across all
solutions.

3.1. Statistical summary

Table 2. Statistical summary of the measured parameters and dis-
solved elements analyzed in each solution (Values in µg/L except Al, Ca,
Cu, Fe, Fe²⁺, K, Mg, Na, S, Si, and Zn in mg/L, EC in mS/cm, and NA in
mg/L as CaCO₃). EC: electrical conductance, Eh: redox potential, DO:
dissolved oxygen.

In the case of distilled water, which aims to replicate the effect of
rainwater in the laboratory, the pH ranges from a minimum value of 5 to
a maximum value of 5.9, indicating that it is a moderately acidic solu-
tion. It exhibits very low conductivity. Regarding the dissolved elements
analyzed, it can be observed that the minimum values in many cases fall
below the detection limits, except for K, S, Ni, Sr, and Zn. Meanwhile,
the maximum values show an increase, with all cases exceeding the
detection limits, especially Fe²⁺, which reaches a maximum of 15.8 mg/
L, and Mn, at 26.1 µg/L. This suggests oxidation of the steel plate,
although to a lesser extent than in the more acidic solutions. It is also

Aciditycalculated = 50
( (
2Fe2+

/
56

)
+
(
3Fe3+

/
56

)
+ 3(Al /27)+ (2Mn /55)+ 1000

(
10− pH))
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noteworthy that the variance is generally low due to the limited vari-
ability in the analyzed concentrations, with significant variation only
observed in the cases of Eh, Fe²⁺, and Mn.

With respect to of the acidic solutions, the one with the highest initial
Fe concentration, one of the main products of metal dissolution in these
acidic environments, is PH, ranging from a minimum of 22,147.5 mg/L
to 41,246.9 mg/L, representing an increase of 1.8 times the initial
concentration. In the case of PO, the concentration of this element starts
at a minimum of 1930.11 mg/L and reaches 4503.65 mg/L (a ratio of
2.3). In the ST solution, it increases from 2278.47mg/L to 6363.54mg/L
(a ratio of 2.79). When comparing the different solutions, it is observed
that the relative increase in Fe concentration is higher in PO and ST than
in PH due to a higher initial concentration of Fe³⁺ and total acidity in the
latter. This leads to a greater increase in hydroxylated species in solu-
tion, which subsequently precipitate onto the steel surface as oxy-
hydroxysulfates. Fe³⁺ formed schwertmannite (pH 2.5–3.5) or jarosite
(pH 1.8–3.0) in the presence of FeOBs. The formation of schwertmannite
or jarosite is an acid-producing process that competes with the hydro-
lysis of Fe²⁺ [9].

The concentration of Fe²⁺ and Fe³⁺ is closely linked to corrosion rates,
as Fe²⁺ is formed when the metal dissolves in acidic environments, while
Fe³⁺ is the product of the oxidation of Fe²⁺, accelerating the corrosion
process. The presence of bacteria, such as Acidithiobacillus ferroox-
idans, speeds up the conversion of Fe²⁺ to Fe³⁺, which increases corrosion
by generating a feedback cycle where Fe³⁺ acts as a strong oxidizing
agent. In this context, an increase in the concentration of Fe³⁺, facilitated
by bacterial activity, generally results in a higher corrosion rate. If we
focus on what happens with Fe²⁺, which is a product of metal dissolution
in acidic environments and plays a key role in electrochemical corrosion
reactions in each solution, we can observe that for PH, the minimum

concentration is 330 µg/L, reaching a maximum of 7425 µg/L (a ratio of
22.5). PO starts with a higher Fe²⁺ concentration of 1390 µg/L, reaching
3970 µg/L (a ratio of 2.8), and ST ranges from 1961.2 µg/L to 6000 µg/L
(a ratio of 3). In other words, in the solution with the highest Fe³⁺/Fe²⁺
content (PH), the increase in Fe²⁺ is much more significant than in PO or
ST. This is a consequence of steel oxidation and the activity of acido-
philic bacteria. The Fe²⁺ will be transformed to Fe³⁺ by the FeOBs, and
the consumption of Fe²⁺ will accelerate the conversion of Fe⁰ to Fe²⁺,
thereby accelerating corrosion [8]. The variance of Fe and Fe²⁺ is very
high both in PH and ST (reaching values of 107), unlike in PO, where the
value is around 28,000.

It is interesting to note that the minimum DO value in the case of the
acidic solutions is 0, reaching a maximum of 56.6% in PH and 56.5 % in
PO, while in ST, the maximum is 77.3 %. Oxygen is consumed in the iron
oxidation reactions, but additionally, oxygen, as an electron acceptor,
provides energy to the FeOBs for their metabolic processes [8]. There-
fore, the oxygen depletion rate is lower in the solution that does not
contain bacteria. These bacteria consume oxygen, and once it reaches
anoxic conditions, they begin to consume Fe, which increases oxygen
levels again until it decreases and the process repeats. The metabolic
versatility of microorganisms associated with iron mounds (and AMD, in
general) allows them to engage in Fe²⁺ oxidation or Fe³⁺ reduction
depending on the availability of O₂ (or its absence) [6]. Fe³⁺-reducing
bacteria can reduce Fe³⁺ to Fe²⁺ under anoxic conditions using electron
donors such as hydrogen (H₂) [48].

Another element that shows a significant difference between
maximum and minimum values is Cu. In the case of PH, the minimum
concentration is 370.965 mg/L and the maximum is 15,643.6 mg/L (a
ratio of 42.17, representing a decrease, as observed in the following
section with the application of AI). In PO, the minimum is 645.04 mg/L

Fig. 1. Example of graphical IF–THEN fuzzy rule.

Table 1
presents the initial results of the measurements of physicochemical parameters and the analysis of dissolved elements in each of the solutions.

BK PH PO ST BK PH PO ST

pH 5 1.44 1.78 1.51 Ga <0.5 1327 217 <15
EC 0.03 29.5 13.51 30.0 Gd <0.5 738 510 <15
Al <0.1 3766 431 1323 Ge <0.5 482 109 <15
Ca <0.1 19.1 123 145 La <0.5 2232 1000 <15
Cu <0.1 15.6 118 69.6 Li <0.5 5464 222 <15
Fe <0.1 22,147 1930 2278 Mo <0.5 767 45.2 <15
Fe2+ 0.10 330 1390 1961 Nd <0.5 3036 1603 <15
K 0.5 <2 18.3 3.5 Ni <0.5 1242 142 305
Mg <0.1 2118 165 210 Pb <0.5 25.3 275 3041
Mn <0.5 27.3 5.53 1.57 Pr <0.5 713 363 <15
Na <0.1 0.1 19.7 11.0 Sc <0.5 219 78.0 <15
S 0.3 26,292 2816 5180 Se <0.5 786 393 <15
Si <0.1 65.1 40.3 <0.1 Sm <0.5 730 428 <15
Zn 3.60 14.6 83.4 127 Sr <0.5 234 164 <15
As <0.5 12,547 3789 1257 Th <0.5 404 102 <15
Cd <0.5 114 376 <0.5 Ti <0.5 230 106 <15
Ce <0.5 5476 2714 <0.5 V <0.5 132 65.9 <15
Co <0.5 20,429 1438 75.9 Y <0.5 1317 1530 <15
NA 1.24 52,413 6814 13,175 ​ ​ ​ ​ ​

M.L. de la Torre et al.



Results in Engineering 25 (2025) 104380

5

and the maximum is 117,972 mg/L (a ratio of 182.9), while in ST, the
minimum is 509.305 mg/L and the maximum is 69,556 mg/L (a ratio of
136.5). That is, it is in the PO solution where the greatest variation in Cu
concentration occurs, followed by ST, while the variation in PH is much
lower. Cu decreases due to an electrolytic process that leads to its pre-
cipitation [49]. This occurs in all cases. In environments with high Fe³⁺
concentration, this ion acts as a strong oxidant that favors the

dissolution of steel, promoting the release of Cu. However, the released
Cumay subsequently precipitate as copper oxides or hydroxides, or even
be adsorbed by suspended iron particles, which would explain a
decrease in its concentration in solution. In PH, the precipitation of Cu
has a lower ratio due to the high net acidity, which keeps it in solution
for a longer time. In all three acidic solutions, the variance of this
element is very high.

The PH solution exhibits the highest concentration of sulfur (in the
form of sulfates), ranging from aminimum of 26,292.8mg/L to 36,099.5
mg/L (a ratio of 1.37). In PO, the concentration ranges from 2816.74
mg/L to 3754.7 mg/L (a ratio of 1.3), and in ST, it ranges from 5180.76
mg/L to 6745.61 mg/L (a ratio of 1.3). Therefore, the variation ratio in
sulfur concentration is similar across all three solutions. This could be
due to the absence of sulfate-reducing bacteria (SRB) that reduce SO₄²⁻
to HS⁻ [8].

3.2. AI Methodology

Figs. 2, 3, 4, and 5 illustrate the evolution of various parameters
analyzed in the samples obtained from each solution (antecedents) in
relation to the time that the solution was in contact with the steel
(consequent), where oxidation reactions occurred on the steel, which in
turn modified the physicochemical properties of the solutions in contact
with it. The universe of discourse of each variable, i.e., the values that
the variables can take, has at its extreme values the maximum and
minimum values obtained analytically.

For this study, data from the 26 total days of the 4 experiments were
analyzed and processed, resulting in the four fuzzy rule systems (FRS)
shown in Figs. 2, 3, 4, and 5. In the first rule (row 1), the values that each
antecedent parameter (pH, EC, Eh, ..., Zn) can take are represented for
the first 160 h of study, i.e., 7 days; in the second rule (row 2), for the
time interval (160, 325), i.e., 13 days; in the third rule (row 3), for the
time interval (325, 485), i.e., 20 days; and finally, in the fourth rule (row
4), for the approximate time interval (485, 624), i.e., 26 days.

Regarding pH, it is observed that, in both PO and PH, the values
undergo a sharp change from the initial hours, rising to high to very high
values, reaching their maximum at the end of the experiment. However,
in ST, the increase is more gradual, with high or very high values
reached only after the third part of the experiment. This is because in
this latter solution, there are no bacteria, and thus the oxidation re-
actions of the steel, from Fe²⁺ to Fe³⁺ (with proton consumption and a
consequent pH increase), occur more slowly.

In all cases, an increase in Fe is observed, though with different time-
dependent behaviors due to the mass loss of the steel specimens [3]
caused by corrosion. The increase is more significant in the acidic so-
lutions than in distilled water, although corrosion also occurs in the
latter. The Fe²⁺ behavior is similar in PO and ST, progressively increasing
throughout the experiment, as these solutions have a higher Fe²⁺/Fe³⁺
ratio. However, in PH, it can be seen that Fe²⁺ takes almost any value in
the first part of the experiment. After that, it rises to higher Fe²⁺ values
until the end of the experiment, due to the initial presence of a higher
Fe³⁺/Fe²⁺ ratio, as Fe³⁺ is the strongest oxidant of pyrite in acidic con-
ditions [50], which also increases the Fe²⁺ concentration.

In all cases, it is observed that Cu can take almost any value in the
early hours of the experiment. However, after 160 hours, a sharp
decrease occurs to very low or low values in all solutions. The drop in
copper concentration, due to its possible adsorption or coprecipitation
with Fe precipitates, as explained earlier, is rapid and does not depend
on the presence of bacteria or the Fe²⁺/Fe³⁺ ratio.

4. Conclusions

By comparing the evolution of the composition of different acidic
solutions, due to the corrosion of steel and its consequent mass loss, a
greater relative increase in Fe concentration is observed in solutions
with a higher initial Fe²⁺/Fe³⁺ ratio (PO and ST) compared to the solution

Table 2
presents the statistical summary of the monitored parameters in each solution,
highlighting significant differences between them.

Parameter Median Variance Mínimum Maximum

DISTILLED
WATER
(BK)

pH 5.48 0.0415719 5 5.9
EC 0.045 0.00086407 0.014 0.12
Eh 292 4226.82 145 354
DO 50.2 279.969 21.8 92.1
T 17.1 1.50605 14.5 19.3
Ca 0.33 0.0155632 <0.1 0.57
Fe 1.63 0.575212 <0.1 2.9
Fe2+ 13.94 33.5923 <0.1 15.83
K 3.03 0.988536 0.48 4.92
S 1.15 0.514317 0.3 7.35
Cu 0.5 0.566319 <0.1 3.79777
Li 0.5 0.0543464 <0.5 1.34419
Mn 15.30 45.1761 <0.5 26.1072
Ni 1.95 0.161016 0.5 2.55049
Sr 1.04 0.133631 0.5 1.65561
Zn 1.69 2.40922 1.16 7.2428

PEÑA DEL
HIERRO
MINE (PH)

pH 2.55 0.169779 1.44 3.08
EC 40.5 19.8539 29.5 46.64
Eh 385 2216 320 545
DO 2.2 258.552 0 56.6
T 17.4 1.1113 14.6 18.7
Ca 21.391 3.48421 19.1247 25.3104
Fe 32,023.4 2.24E+07 22,147.5 41,246.9
Fe2+ 7350 2.14E+06 330 7425
K 2.01712 0.288422 1.71304 3.85081
S 29,413.9 7.56E+06 26,292.8 36,099.5
Cu 2644.38 1.88E+07 370.965 15,643.6
Li 7107.2 739,253 5242.9 9441.78
Mn 53,902.8 1.62E+08 27,262.2 76,991.8
Ni 1001.88 237,713 282.559 1801.17
Sr 254.376 712.839 233.701 349.17
Zn 16,487.4 4.21E+06 14,564.1 22,792.2

PODEROSA
MINE (PO)

pH 3.26 0.186802 1.78 3.5
EC 9.105 1.20508 8.2 13.51
Eh 360 550.028 330 424
DO 8.6 272.904 0 56.5
T 17.4 1.14621 14.7 18.7
Ca 133.15 122.673 122.06 163.59
Fe 3536.47 288,196 1930.11 4503.65
Fe2+ 3090 287,211 1390 3970
K 19.7 2.28868 18.27 24.15
S 3137.43 54,292.7 2816.74 3754.7
Cu 2709.44 6.99E+08 645.045 117,972
Li 293.487 1040.29 221.584 346.275
Mn 9285.27 5.74E+06 5525.09 15,560.8
Ni 364.374 3766.82 142.332 441.341
Sr 188.473 344.581 163.624 236.936
Zn 94,181.3 7.37E+07 83,381.5 116,457

SYNTETIC
SOLUTION
(ST)

pH 1.96 0.3744 1.32 3.31
EC 18.06 20.5406 14.45 30
Eh 350 603.278 300 388
DO 38.4 546.762 0 77.3
T 17.4 1.0226 14.8 18.5
Ca 148.878 93.2135 137.372 173.065
Fe 4768.93 1.30E+06 2278.47 6363.54
Fe2+ 4200 1.06E+06 1961.2 6000
K 3.62448 0.6772 2 5.61165
S 5621.35 193,236 5180.76 6745.61
Cu 2646.06 3.09E+08 509.305 69,556
Li 47.7687 101.234 37.8305 77.8777
Mn 7793.86 8.95E+06 1573.25 12,596.7
Ni 641.133 21,416.8 240.848 740.514
Sr 52.0423 29.9151 44.2933 64.7534
Zn 130,140 7.35E+07 119,611 150,479
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with a higher initial Fe³⁺/Fe²⁺ ratio (PH). This behavior is attributed to
the higher initial Fe³⁺ concentration in the latter, as well as the greater
total acidity, which leads to an increase in hydroxylated species in so-
lution. These species subsequently precipitate on the steel surface as
oxyhydroxysulfates. On the other hand, the slight increase in Fe²⁺ in the
distilled water solution, designed to replicate the effect of rainwater in
the laboratory, indicates that oxidation of the steel plate has also
occurred, albeit to a lesser extent than in the more acidic solutions.

In the solution with the highest Fe³⁺/Fe²⁺ content (PH), the increase

in Fe²⁺ is muchmore significant than in the solutions with a higher initial
Fe²⁺/Fe³⁺ ratio (PO and ST), which highlights the important role of steel
corrosion and the action of acidophilic bacteria in this process. A note-
worthy point is that the minimum dissolved oxygen (DO) value for all
the acidic solutions is 0, as oxygen is consumed in the iron corrosion
reactions. In the solution without acidophilic bacteria, the oxygen
reduction rate is lower because these bacteria actively consume oxygen.
Once the solution reaches anoxic conditions, the bacteria begin
consuming Fe, which causes an increase in oxygen levels, followed by

Fig. 2. Evolution of the parameters analyzed in the samples obtained in the PO solution (antecedents) in relation to the time the solution was in contact with the steel
(consequents).

Fig. 3. Evolution of the parameters analyzed in the samples obtained in the pH solution (antecedents) in relation to the time the solution was in contact with the steel
(consequents).
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another decrease as the process continues.
Another significant observation is the sharp decrease in Cu concen-

tration in all the solutions, which does not seem to depend on the
presence of bacteria or the Fe²⁺/Fe³⁺ ratio, but rather on the net acidity of
the solution, which keeps Cu in solution for a longer time. Similarly, the
variation in the concentration of S, present as sulfates, is comparable
across the three acidic solutions, suggesting the absence of sulfate-
reducing bacteria that would otherwise reduce SO₄²⁻ to HS⁻.

Regarding the evolution of pH, in the solution without acidophilic
bacteria (ST), a gradual increase is observed throughout the experiment,

as the steel oxidation reactions, transitioning from Fe²⁺ to Fe³⁺ with
proton consumption, occur more slowly. In contrast, in the solutions
containing acidophilic bacteria (PO and PH), the pH increase is more
abrupt during the initial hours of the experiment, indicating a faster rate
of the involved reactions.

In this study, the effects of carbon steel corrosion in acid mine
drainage have been evaluated using an innovative Artificial Intelligence
(AI)-based approach, which has allowed for the comparison and vali-
dation of results obtained through classical statistics. This approach has
provided deeper insights into the corrosion processes and the chemical-

Fig. 4. Evolution of the parameters analyzed in the samples obtained in the ST solution (antecedents) in relation to the time the solution was in contact with the steel
(consequents).

Fig. 5. Evolution of the parameters analyzed in the samples obtained in the distilled wáter solution (antecedents) in relation to the time the solution was in contact
with the steel (consequents).
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biological interactions occurring in these solutions, highlighting the
importance of initial composition andmicrobial activity in the evolution
of the studied systems.
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[18] R. Fernández, I. Brito, J. Aroba, F. Gómez, S. Rodríguez, J. de la Rosa, Assessment
of ultrafine particles and noise measurements using fuzzy logic and data mining
techniques, J. Sci. Total Environ. (512-513) (2015) 103–113, https://doi.org/
10.1016/j.scitotenv.2015.01.036.

[19] A. Fernández, F. Herrera, O. Cordón, M.J. del Jesus, F. Marcelloni, Evolutionary
fuzzy systems for explainable artificial intelligence: why, when, what for, and
where to? IEEe Comput. Intell. Mag. 14 (1) (2019) 69–81, https://doi.org/
10.1109/MCI.2018.2881645.

[20] AM. Julfikhsan, G. Nenad, K. Seong-Hoon, AI-assisted ultrasonic wave analysis for
automated classification of steel corrosion-induced concrete damage, Autom.
Constr. 167 (2024) 105704, https://doi.org/10.1016/j.autcon.2024.105704.

[21] B. Martín del Brío, A. Sanz-Molina, Redes Neuronales y Sistemas Borrosos, Madrid,
Ra-Ma, 2006.

[22] Torre M.L. de la, J.A. Grande, T. Valente, E. Perez-Ostalé, M. Santisteban, J. Aroba,
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