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Abstract: The main objective established in this work was to develop a model based on artificial neural
networks (ANNs) to predict the corrosion status of stainless steel involved in biogas production,
analyzing the influence of the material composition and the breakdown potential value. To achieve
this objective, an ANN model capable of predicting the corrosion status of the material without the
need to perform microscopic analysis on the material surface was proposed. The applicability of the
corrosion models was verified via the experimental data considering different factors such as stainless
steel composition, biogas environments simulated by artificial solution, temperature, surface finish,
and the breakdown potential of the passive layer of stainless steel obtained from electrochemical
tests. The optimal prediction performance shown by the model in terms of specificity and sensitivity
values were 0.969 and 0.971, respectively, obtaining an accuracy of 0.966. Furthermore, analyzing the
influence of the breakdown potential on corrosion modelling, an alternative model was presented
capable of predicting the corrosion status automatically, without the need to resort to electrochemical
tests for new conditions. The results demonstrated the utility of this technique to be considered in
design and maintenance planning tasks for stainless steel structures subjected to localized corrosion
in biogas production.
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1. Introduction

In recent decades, the increasing energy requirements, in addition to the need to face
the consequences of climate change, have encouraged looking for alternative renewable
energy sources [1]. The International Energy Agency has estimated that global energy
demand will increase by two to three times in this century. With the aim to reduce global
warming, in addition to transforming pollutant waste into a valuable resource, the pro-
duction of bioenergy has become a viable alternative to obtain more cost-effective and less
polluting economic activity. It is estimated that the global bioenergy demand will increase
by 20% in 2050 [2]. This bioenergy is represented mostly by biogas, bioethanol, and bioelec-
tricity. Biogas is considered a versatile renewable energy source that can replace fossil fuels
in power and heat production. It is obtained via anaerobic digestion of organic wastes,
offering significant advantages over other types of bioenergy. The use of biodigesters to
produce and store biogas via anaerobic digestion can be considered an environmentally
friendly technology [3]. Biodigesters are tanks used for energy and biogas production. Raw
biogas consists of 60–65% of methane, 30–35% of carbon dioxide, and small percentages of
water vapour, H2, H2S, and other impurities [4]. The presence of hydrogen sulphide and
other impurities in the production process may cause corrosion, leading to the deterioration
of appliances and engines involved in biogas production [5].

Corrosion is considered one of the most critical issues in industrial processes [6]. It can
be defined as the degradation of metal or alloy in contact with the environment, reducing
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its durability. For most applications, it is possible to select materials that show excellent
corrosion resistance; however, their costs are often prohibitive. In practice, it is usual to
select materials that corrode slowly under uniform corrosion. Nevertheless, a significant
proportion of corrosion failures occur due to localized corrosion, which results in failure
in a much shorter time. The increasing price of energy encourages the development of
cost-effective design solutions for biogas production. In this context, although concrete
has been a widely used material in the manufacture of biodigesters, the reduction or even
the elimination of corrosion in these tanks is difficult even when special coating is applied.
In order to solve these disadvantages, stainless steel has become a suitable option for this
application due to its great corrosion resistance, among other factors [7,8].

The high corrosion resistance of stainless steel is explained by the formation of the pas-
sive film on the material surface that protects it from aggressive environments. Chromium
is the principal element in the composition of stainless steel responsible for the formation
of the passive layer. Moreover, other alloying elements may appear in the chemical compo-
sition of the alloy, primarily nickel or molybdenum, improving the resistant behaviour of
the material. According to the chemical composition, different grades of stainless steel can
be obtained with different mechanical, physical, and chemical properties. The chemical
composition of the alloy and its surface finish are factors that may have an influence on the
corrosion behaviour of the material depending on the environmental conditions [9].

Over the past 50 years, different corrosion studies have concluded that corrosion costs
can be estimated to be 3–4% of each nation’s gross domestic product (GDP) [10]. These
estimated costs do not consider individual safety or environmental consequences such
as incidents, accidents, or outages, among others. Several industries have exposed that
via adequate corrosion management, significant cost savings can be achieved [11]. In
this context, electrochemical techniques have become a widely used tool in the study of
corrosion behaviour [12]. The application of polarization techniques, both potentiostatic
and dynamic methods, has been very successful in studying the phenomena involved
in the corrosion process. However, in order to understand the behaviour of materials in
different environmental conditions, a large number of experimental tests must be carried
out. Moreover, the application of electrochemical methods to study the corrosion behaviour
of material may influence the corrosion reaction of the samples, and they may not be capable
of identifying localized corrosion accurately since these tests often require microscopic
analysis of the material surface [13]. This can be tedious and lead to possible undesirable
errors, including subjectivity in the experimental results. In order to solve these drawbacks
and to improve precision, save time in the evaluation, and eliminate human error, the use
of artificial intelligence-based models has been proposed by many researchers. In recent
years, the adoption of machine learning in modelling real engineering problems was built
on its ability to understand the interrelationships between real input and output data. The
potential of these techniques to predict material properties has been reported in scientific
literature [14–19]. Among the different techniques proposed in the literature, Artificial
Neural Networks (ANNs) have become a promising tool that offers great computational
power even when a small experimental dataset is considered [20]. In the literature, different
models based on ANNs have been presented to model corrosion behaviour.

Pintos et al. [21] developed an ANN model to model atmospheric corrosion processes
of carbon steel. The proposed model was compared against a classical regression model to
predict the corrosion rate of this material. Diaz et al. [22] proposed an ANN model for the
prediction of corrosion damage under different climatological and pollution conditions. The
number of neurons in the input layer was defined according to the number of meteorological
variables considered in the experimental procedure, whereas the output layer had one unit
corresponding to the cumulated penetration. The authors concluded that the presented
methodology based on ANNs was an efficient tool for corrosion process modelling from
experimental data. These authors continued their studies in [23], where they presented an
ANN-based methodology to predict corrosion damage of atmospheric corrosion problems
for carbon steel expressed in terms of corrosion penetration. The authors used the model
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to analyze the relevance of meteorological and pollution factors on corrosion behaviour.
Silva et al. [24] applied an ANN to analyze the corrosion defects in pipelines with the aim
of finding out the influence of the geometry of the defects on the pipe pressure capacity.
Kenny et al. [25] developed an ANN model to analyze the factors that influence the
atmospheric corrosion of carbon steel, copper, and aluminum. The authors considered the
following as inputs for modelling the meteorological data in addition to local pollution:
temperature, solar radiation, relative humidity, precipitation, time of exposure, time of
wetness, wind velocity, chloride ions, sulphur compounds, and dustfall. According to the
results, the authors concluded that the proposed ANN model could be considered as a
good corrosion estimator to predict corrosion rates of the materials. Halama et al. [26]
designed a model based on ANN for the assessment of atmospheric corrosion of carbon
steel under local geographical conditions, considering climatic conditions (temperature and
relative humidity) in addition to pollutant concentrations and precipitation. In that work,
the objective was to construct an ANN model that operates with numerous time-dependent
parameters predicting related corrosion mass losses accurately. Lin et al. [27] employed the
ANN model to predict atmospheric corrosion rates of carbon steel subjected to general and
coastal industrial zones. The model was used to determine the most significant factors in
corrosion behaviour for the different environments. Tran et al. [28] proposed an ANN model
to model atmospheric corrosion in tropical climate conditions. Different meteorological and
chemical factors were considered as inputs for modelling, whereas the output provided by
the model was related to the atmospheric corrosion rate of carbon steel. Kim et al. [29] used
an ANN model to examine the oxidation resistance of Ni-based superalloys, analyzing
the effect of the elements to define the optimum composition of the alloy. Zhu et al. [30]
presented an ANN model to study the corrosion of carbon steel in reinforced concrete. The
authors considered different physical and chemical parameters, including pH, corrosion
potential, breakdown potential, and temperature, in addition to cement composition,
concrete porosity, and water/cement ratio. They demonstrated the utility of the proposed
model to evaluate the corrosion behaviour of materials. Wang et al. [31] presented a model
based on ANN as a novel non-destructive testing method of corrosion. According to the
electrochemical laboratory tests, the authors predicted the corrosion current density of
the gas pipeline accurately. Li et al. [32] proposed an ANN corrosion model to predict
the corrosion rate of Q345R steel, considering different factors as input variables: MDEA
concentration, total amine concentration, pH, conductivity, and solution type, whereas the
target value was defined as the corrosion rate. Soomro et al. [33] applied an ANN to predict
the integrity of damaged oil and gas pipelines, considering temperature, pH, pressure, and
velocity as input characteristics, whereas Li et al. [34] proposed an ANN for quantitative
modelling of corrosion degradation prediction of offshore oil pipelines.

Although there are numerous applications in which neural network-based techniques
have been successfully implemented in energy fields [35–37], no studies focused on lo-
calized corrosion modelling of stainless steel in biogas environments have been found
in the literature. This work presents the application of the ANN model to predict the
corrosion status of different grades of stainless steel in biogas environments. The proposed
model was also applied to analyze the influence of different factors that may affect the
corrosion behaviour of stainless steel subjected to these environments. The validity of the
model was evaluated with the experimental data set obtained from electrochemical tests in
addition to the microscopic analysis of the tested sample. In the experimental procedure,
the polarization curves were carried out to assess the localized corrosion resistance of
different stainless steel grades, namely pitting [38,39] and crevice [40] corrosion since they
are the most important corrosion forms in biogas production [41,42].

In this study, the use of the ANN model allows us to determine the corrosion state of
the sample under different conditions simulating biogas environments. Based on our expe-
rience in corrosion modelling [43,44], different ANN model configurations were proposed
to achieve the established objectives:
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Objective 1—To develop an ANN model capable of predicting the corrosion state of
stainless steel involved in biogas production without the need for microscopic analysis of
the analyzed sample after electrochemical tests.

In this case, three configurations were developed:
MODEL 1: In this case, the ANN model was presented to predict the pitting corrosion

status of stainless steel considering data related to the properties of the material (stainless
steel composition and surface finish), data obtained from the electrochemical test (break-
down potential of the passive layer) and those data related to the environment to which
the material may be exposed in biogas production (temperature and the type of artificial
solution). All these data were considered as inputs for the ANN model, while the output
was defined by the pitting corrosion status of the sample: 1 for the patterns that suffer
pitting corrosion under the conditions analyzed in each case and 0 for those patterns that
resist the attack.

MODEL 2: In this case, the model was presented to predict crevice corrosion sta-
tus. Similar to the previous model, the input variables were defined by the properties
of the material (stainless steel composition and surface finish), data obtained from the
electrochemical test (breakdown potential of the passive layer) and data related to the
environment to which the material may be exposed in biogas production (temperature and
the type of artificial solution). However, the output in this case corresponded to the state of
crevice corrosion of the sample under study: 1 for the patterns that suffer crevice corrosion
and 0 otherwise.

MODEL 3: It was presented as a global model to predict the pitting or crevice corrosion
state of the material. In this case, the experimental data used in Model 1, in addition to the
data used to develop Model 2, were considered. An additional input variable related to
the type of corrosion to be evaluated was included, namely pitting or crevice corrosion.
In this way, the input data presented to the model for each pattern were defined by the
composition of the stainless steel, surface finish, breakdown potential value obtained from
electrochemical tests, temperature, and type of artificial solution, in addition to the type of
corrosion that was intended to be predicted (pitting or crevice corrosion). For this model,
the output was defined by the corrosion status of the sample under study: 1 for samples
that suffered corrosion and 0 otherwise.

The advantage of the proposed models to achieve Objective 1 is that all the models
were developed to predict the corrosion status of the stainless steel involved in biogas
production without the need to perform microscopic analysis of the material surface after
electrochemical tests. This fact avoids adding subjectivity to the results since the optical
analysis of the surface depends on the experience of the analyst and may be confusing.

Objective 2—To analyze the effect of PREN (Pitting Resistance Equivalent Number)
as an input for corrosion behaviour modelling instead of considering the concentration of
the alloying elements in the material.

In this case, MODEL 4, the composition of the material expressed as a percentage of
the alloying elements that took part in the composition of the material was replaced by
PREN, reducing the number of inputs that were considered in the ANN model.

Objective 3—To analyze the influence of the breakdown potential value obtained from
electrochemical techniques in the corrosion modelling of stainless steel in biogas production.

In this case, a new configuration for the ANN model was proposed: MODEL 5.
This configuration allowed predicting the corrosion status of stainless steel automatically,
without the need to resort to electrochemical tests or microscopic analysis of stainless steel.
This can be considered a great advantage in terms of cost savings since it allows knowing, in
advance, the corrosion resistance of the material for new environmental conditions related
to biogas production automatically.

2. Materials and Methods

With the aim to evaluate the susceptibility of different grades of stainless steel to
suffer localized corrosion in biogas production, electrochemical tests were carried out in
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two different solutions simulating biogas environments. The composition of the different
stainless steel grades analyzed is collected in Table 1.

Table 1. Stainless steel composition for experimental tests.

Stainless Steel Grade Cr (%) Mo (%) N (%) Mn (%) Ti (%) Nb (%)

EN 1.4404 16.71 2.018 0.038 1.291 0.016 0.016
EN 1.4462 22.892 3.279 0.1619 1.397 0.034 0.011
EN 1.4482 19.94 0.223 0.1374 4.016 0.025 0.006
EN 1.4003 11.45 0.01 0.0115 0.547 0.015 0.006
EN 1.4571 16.801 2.066 0.0134 1.578 0.301 0.008
EN 1.4509 18.492 0.051 0.0235 0.43 0.148 0.393
EN 1.4521 18.555 1.999 0.024 0.507 0.127 0.416
EN 1.4318 17.744 0.089 0.144 1.258 0.002 0.007

The polarization curves for each sample in different environmental conditions sim-
ulating biogas environments were obtained according to ASTM standards: “Convention
applicable to electrochemical measurements in corrosion testing” and “Making potentio-
static and potentiodynamic anodic polarization measurements” [45]. The electrochemical
tests were carried out in a flat cell for both the pitting and the crevice corrosion analysis,
where the temperature was controlled at a constant value by a thermostatic bath (Figure 1b).
The test equipment consisted of a potentiostat (EG&G PARC model 263) connected to a
computer with the software “Power suite 2.58”. The solution was stirred during the test to
homogenize its composition. Two different temperatures were analyzed: 35 ◦C representing
the mesophilic conditions and 50 ◦C corresponding to thermophilic ones. With the aim to
ensure reproducibility in the experimental results, each condition was tested three times.
The composition of each artificial solution (AS), representing the biogas environment, is
collected in Table 2.
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Table 2. Artificial solutions conditions.

Reagent g/L AS 1 AS 2

Sodium Sulphate, Na2SO3 12.67 X X
Ammonium Chloride, NH4Cl 69.81 X X
Ammonium carbonate, (NH4)2CO3 15.13 X X
Sodium Acetate Trihydrate,
NaCH3COOH·3H2O

17.06 X X

Hydrogen chloride, HCl, from FeCl2
desulfuration

7.31 -- X

pH range 8.2–8.5 6.6–7.2

During the experimental procedure, to obtain a comparative assessment of the cor-
rosion resistance of the different grades of stainless steel, the breakdown potential was
evaluated for each condition according to the polarization curve obtained from the elec-
trochemical test of each sample according to the environmental conditions. This po-
tential is defined as the potential at which current density suffers an abrupt increase
(Figure 1c). Many authors determine this potential as the value of potential corresponding to
100 µA/cm2 at the polarization curve [46]. After the electrochemical test, each sample
was analyzed under a microscope to confirm whether it had suffered a localized corrosion
attack, see Figure 1d. Therefore, each sample was defined according to the experimental
conditions tested: types of artificial solution, temperature, chemical composition of the
alloy, surface finish, breakdown potential, and finally, the localized corrosion status. In
this way, the experimental database was obtained considering the most relevant factors
involved in biogas production that may have an influence on stainless steel durability.
This data set was used to develop ANN models to predict the corrosion behaviour of the
different grades of stainless steel when they are exposed to the environmental conditions
involved in the biogas production process.

2.1. Methodology

Artificial Neural Networks are considered a powerful machine learning technique for
modelling real problems, including function approximation and classification problems
that cannot be described with traditional mathematical models [47].

The fundamental unit in the ANN architecture is called a neuron or node that mimics
the properties of biological neurons. Although there are many different types of ANNs, all
of them consist of a set of neurons connected between them. Each unit receives inputs and
produces the output based on a mathematical operation. In this case, the input entering
the unit is weighted, and a bias is added to its value after passing through the activation
function. A structural model is shown in Figure 2.
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The structural type of the ANN model proposed in this study was the multilayer
feedforward network, see Figure 3. This structure consists of multiple layers of neurons
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where each neuron in the first layer receives the input while the neurons in the last layer
provide the output. The layer between the input and the output is referred to as the hidden
layer. All neurons in the input layer are connected to all neurons in the hidden layer, and
so on to the output layer.
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ANNs technique uses a perceptron to classify a set of patterns of different classes
that are linearly separable in the input space. However, the classification fails when
non-separable data are presented to the model. In order to solve this drawback, a back-
propagation algorithm is introduced [48]. It consists of a supervised learning method that
considers the desired output value to train the model. This algorithm is used for backward
propagation errors in feed-forward networks. According to the evaluated error, the weights
of the network are updated. The algorithm can be considered as a recursive process that
continues until a satisfactory performance is achieved.

For ANN models, a critical step is to find the optimal structure since there is no
systematic method to determine it. The network incorporated in this study used a two-
layer feed-forward network with one hidden layer, as depicted in Figure 3. The number
of units in the input layer was specified by the number of parameters considered in each
case, as shown in the results section, whereas the number of units in the output layer
was specified according to the different corrosion statuses: 1 for corrosion samples and
0, otherwise. Moreover, the selection of the optimal number of hidden layers was made,
knowing that those models with one hidden layer can solve most of the non-linear functions
in real problems [49].

The optimal ANN structure is defined according to the number of neurons in each
hidden layer, the number of hidden layers, the activation function, the learning algorithm
and training parameters. Related to the activation functions, they were selected according
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to the type of layer: the activation function applied in the hidden layer of the multilayer
network presented in this study was the sigmoid transfer function since it is the most
commonly used function for this layer, whereas the linear transfer function is generally
employed in the final layer of a multilayer network with backpropagation. For the learning
stage, the Levenberg–Marquardt training algorithm, based on the minimization of the sum
of square error, was applied [50]. This algorithm was introduced by Levenberg in 1944
and then rediscovered by Marquardt. It was applied to train the model due to its speed to
converge as well as its stability.

For the training stage, the input and output values were normalized to fall in a certain
range to increase the convergence ability of the network, improving the training process
of the ANN model. Training a neural network that can generalize well to new data is
a challenging problem. One of the problems to avoid in the training stage is overfitting.
Overfitting occurs when the model classifies those patterns that are presented in the training
set correctly. However, the network fails when patterns that have not been used for training
are presented to the model.

One method for avoiding overfitting is an early learning-stopping mechanism. In this
case, the original data is divided into three subsets: the training set, the validation set, and
the test set. The training set is used to adjust the parameters of the network. Out of the
patterns that make up the training set, 25% of the data is not used for training and is set
aside to form the validation set. This set is used to provide an unbiased evaluation of a
model fit tuning model hyperparameters. The validation test determines when overfitting
occurs. Finally, the test dataset is used to provide the generalization of the model. In this
work, with the aim to avoid overfitting, the experimental data set was divided randomly
into three subsets according to the 5-fold cross-validation method for the training stage.
The model was trained on the training set and evaluated on the validation set to determine
when overfitting occurs. This step is repeated until the optimal values for the ANN model
are found. Once the optimal configuration is defined, the classification performance of the
model is measured based on the test set, the independent set that has not been presented to
the network before. The test set was applied to assess the behaviour of the model to predict
the corrosion status of stainless steel. This process was implemented in MATLAB®, 2021. It
was repeated 20 times with the different configurations proposed for the ANN model to
determine the optimal number of neurons in the hidden layer since too few units in the
hidden layer may result in underfitting, whereas too many hidden neurons may lead to
overfitting, consuming more time for training the model. The steps for the design of the
ANN models are represented in Figure 4.
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2.2. Classification Performance of ANN Models

Confusion matrix has been commonly used to evaluate the classification performance
of the classification models. In this case, the accuracy of the model is measured based on
the comparison between the target value and the output provided by the model. For a
classifier and a pattern considered, there are four possible outcomes: true positive, true
negative, false positive, and false negative. True positive is a correct classification result
(the number of corrosion patterns that have been classified correctly by the model). A
false positive is an incorrect result; this means those original no-corrosion patterns have
been incorrectly classified by the model as corrosion patterns. The possible outcomes of a
classification model are collected in the confusion matrix shown in Table 3.
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Table 3. Confusion matrix for corrosion modelling.

Target Status

Positive
(Corrosion Pattern)

Negative
(No-Corrosion Pattern)

Classification results
Positive TP (True Positive) FP (False Positive)
Negative FN (False Negative) TN (True Negative)

According to the confusion matrix, the classification performance of the model can be
evaluated according to the following equations:

Precision = TPR =
TP

TP + FP
(1)

Accuracy =
TP + TN

TP + FP + TN + FN
(2)

According to Lemeshow and Hosmer [51], the classification models can be divided
into the following four categories based on accuracy results:

- Fail classifier: 0.5 ≤ Accuracy < 0.6;
- Poor Classifier: 0.6 ≤ Accuracy < 0.7;
- Fair Classifier: 0.7 ≤ Accuracy < 0.8;
- Good Classifier: 0.8 ≤ Accuracy < 0.9;
- Excellent Classifier: 0.9 ≤ Accuracy ≤ 1.0.

3. Results and Discussion

In the study, the main objective was to develop ANN models capable of predicting
the corrosion state of different stainless steel grades in biogas environments since local-
ized corrosion can be considered one of the most critical problems in the maintenance of
biodigestors used in biogas production. This work focused on pitting and crevice corrosion
modelling since they are the two types of localized corrosion that can cause more dangerous
damage to the material, affecting its durability. In this section, the results obtained for the
different cases proposed in this work are shown in addition to the influence analysis of the
parameters considered in the experimental procedure on corrosion modelling.

3.1. Localized Corrosion Behaviour Modelling: Results from OBJECTIVE 1

Three different ANN models were developed to predict the corrosion status of stainless
steel used in biogas production. The most relevant characteristics of each ANN model
proposed are shown in Table 4. In this case, Model 1 was developed for pitting corrosion
modelling; Model 2 was presented to model crevice corrosion behaviour; and Model 3 was
proposed to model both corrosion types.

Table 4. Structure of the proposed ANN model to model localized corrosion of stainless steel in biogas
production. The inputs variables considered in this case were: alloy composition, Eb (breakdown
potential of passive layer), Temperature, AS (type of artificial solution simulating biogas environment),
and SF (surface finish of the material).

Identity Corrosion Type Input Neurons Output Neurons:

Model 1 Pitting 10 units:
%Cr, %Mo, %N, %Mn, %Ti, %Nb,
Eb, T, AS, SF

2 units:
1: corrosion pattern
0: no-corrosion pattern
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Table 4. Cont.

Identity Corrosion Type Input Neurons Output Neurons:

Model 2 Crevice 10 units:
%Cr, %Mo, %N, %Mn, %Ti, %Nb,
Eb, T, AS, SF

2 units:
1: corrosion pattern
0: no-corrosion pattern

Model 3 Pitting and Crevice 11 units:
%Cr, %Mo, %N, %Mn, %Ti, %Nb,
Eb, T, AS, SF, corrosion type (pitting
or crevice)

2 units:
1: corrosion pattern
0: no-corrosion pattern

For each case, the number of neurons in the input layer was determined by the number
of factors considered in the experimental procedure, whereas the number of neurons in the
output layer was defined as a function of the corrosion state: 1 for corrosion patterns and 0
for no-corrosion patterns. For all the models, different numbers of hidden neurons were
considered to determine their optimal configurations, from 1 to 15 hidden neurons.

For all cases, the key challenge was to define the optimal structure for the ANN models
proposed. In this study, the backpropagation algorithm was applied. The classification
performance was validated by comparing the real corrosion status of the original samples
with the predictive status provided by the model. As it was indicated previously, the
performance of the models was tested by using 5-fold cross validation. This process was
repeated 20 times.

The classification performance of Model 1 proposed to predict the pitting corrosion
status of stainless steel in a biogas environment is collected in Figure 5 in terms of precision
and accuracy.
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According to Figure 5, it is observed that the maximum precision value reached by
MODEL 1 to predict the pitting corrosion status of stainless steel in a biogas environment
was 0.984 using six neurons in the hidden layer. In terms of accuracy, the maximum value
reached by Model 1 was 0.958 with three hidden neurons. As can be seen in Figure 5, as
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the number of hidden units increased, the model showed a worse performance for both
indices: precision and accuracy.

Similar behaviour was obtained for Model 2, which proposed to predict the crevice
corrosion status of stainless steel. In this case, the results are shown in Figure 6. According
to the figure, the maximum values reached in terms of precision and accuracy were 0.971
and 0.949, respectively. In this case, the optimal structure of the ANN model was obtained
by considering three neurons in the hidden layer.
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According to the results collected in Figures 5 and 6, the proposed models can be used
effectively to determine the corrosion status of both types of attack: pitting (Model 1) and
crevice corrosion (Model 2). In this case, the behaviour is similar for both proposed cases,
and the capability to predict the corrosion status in terms of precision and accuracy reached
maximum values of 0.97 and 0.95, respectively. However, in order to develop a model with
greater predictive capacity, a new scenario is proposed (Model 3). In this case, both types of
localized corrosion are considered together in the same data set. As shown in Table 4, when
Model 3 was proposed, a new input variable was included in the ANN model compared
with the previous models. This new input corresponded to the type of corrosion analyzed
for each pattern: pitting or crevice corrosion. The results obtained for this model are shown
in Figure 7. As shown in the figure, the maximum precision and accuracy values obtained
for Model 3 are 0.968 and 0.966, respectively. It is observed that, as in the previous cases, an
increase in the number of hidden neurons led to a worse classification performance.

In order to compare the prediction performance for each model (Model 1, Model 2
and Model 3) and to determine the optimal configuration for the proposed models, it is
useful to resort to the ROC (receiver operator characteristic) space [52]. In this graphic,
the performance of different classification models can be compared. An ROC space is a
two-dimensional graph in which the true positive rate (TPR) is plotted against the false
positive rate (FPR) for each model. In the ROC space, the better configurations are those
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located in the upper left corner since these points represent models with high true positive
rates and low false positive rates.
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Given a model, TPR is the proportion of positive patterns correctly classified by the
model over the total number of positive patterns, whereas FPR represents the proportion
of incorrectly classified negative patterns over the total number of negative patterns, as
shown in the following equations:

TPR =
TP

TP + FN
(3)

FPR = 1 − TN
TN + FP

(4)

According to Figure 8, it is observed that the different configurations proposed for
Model 1 stood out for their specificity values, while for Model 2, its different configura-
tions with different numbers of hidden units stood out for its sensitivity values. Further-
more, according to Figure 8, Model 3 showed the best classification performance. This
model, considering both types of localized corrosion, outperformed single models: Model
1 and Model 2. In this case, for Model 3, the optimal configuration was obtained when
three hidden units were considered in the ANN structure since this is the configuration
that is located closest to the upper left corner of ROC space. In this case, specificity values
(1 − FPR) of 0.969, sensitivity (TPR) of 0.971 and accuracy of 0.966 are obtained. Based
on these values and according to Lemeshow and Hosmer, Model 3 can be defined as
an excellent classifier since the accuracy was greater than 0.9. These results showed the
usefulness of considering the proposed Model 3 to predict the behaviour against localized
corrosion (pitting and crevice) for the different types of stainless steels evaluated in biogas
environments. In this case, the model presented the advantage of being able to predict
when the material will suffer the attack of localized corrosion (pitting or crevice) without
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the need to perform microscopic analysis after the electrochemical test. This allowed for
automation of part of the process, reducing subjectivity in the results.
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Once the optimal configuration for the ANN model to predict localized corrosion
status has been defined, an analysis of the influence of the different factors considered in
this study could be developed.

3.2. Influence of PREN on Corrosion Modelling of Stainless Steel in Biogas Production

The previous models presented in this study considered, among the input variables,
six variables related to the composition of the stainless steel: %Cr, %Mo, %N, %Mn, %Ti, and
%Nb. Among the alloying elements, those that increase the resistance to pitting and crevice
corrosion are molibdenum and chromium. Based on Mo and Cr content, among other
alloying elements, a formula expressed as pitting resistance equivalent number (PREN) can
be defined. PREN provides a qualitative method to predict the susceptibility of stainless
steel to suffer pitting corrosion. This number is calculated using an empirical formula on
the basis of the weight content of Nitrogen (N), Chromium (Cr), and Molibdenum (Mo) of
stainless steel.

PREN = 1 × %Cr + 3.3% × Mo + 16% × N (5)

According to this expression, a new model is proposed. In this case, the number of
inputs in the ANN model was reduced in order to improve the prediction performance of
the model since an excessive number of input variables can lead to a poor-quality model.
For this reason, Model 4 considered as inputs six factors: PREN (related to the chemical
composition of the stainless steel), surface finish, breakdown potential value obtained
from electrochemical tests, temperature, the type of artificial solution simulating biogas
environment in addition to the type of corrosion that is intended to be predicted (pitting or
crevice corrosion). For this model, the output was defined by the corrosion status of the
sample under study: 1 for samples that suffered corrosion and 0 otherwise. Table 5 collects
the structure proposed for this model.

Table 5. Structure of the proposed ANN model to model localized corrosion of stainless steel in
biogas production (MODEL 4).

Identity Corrosion Type Input Neurons Output Neurons:

Model 4 Pitting and Crevice 6 units:
PREN, Eb, T, AS, SF,
corrosion type (pitting or
crevice)

2 units:
1: corrosion pattern
0: no-corrosion pattern

The results obtained from Model 4, as a function of the number of hidden neurons, are
shown in the Figure 9:
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Analyzing the results obtained for Model 4, it is observed that for the proposed
configurations of the ANN model, greater precision and accuracy values were achieved
compared to Model 3. In this case, reducing the number of input variables in the model
(six inputs instead of eleven used in Model 3) improved the classification performance of
the ANN model to predict the corrosion status of stainless steels in biogas environments.

The maximum precision and accuracy values obtained by the model were 0.985 and
0.967, respectively, using seven neurons in the hidden layer. In this case, an excessive
number of hidden neurons led to poor classification performance. Comparing these results
with those obtained for Model 3, it can be concluded that considering PREN allowed obtaining
a more accurate model. Furthermore, according to Lemeshow and Hosmer, Model 4 can be
defined as an excellent classifier since the accuracy value was greater than 0.9.

3.3. Influence of Breakdown Potential on Corrosion Modelling of Stainless Steel in Biogas Production

Finally, the objective was to analyze the influence of the breakdown potential of
the passive layer obtained from the polarization curve on the classification performance.
MODEL 5 was proposed, and its characteristics are specified in Table 6. In this case, the
breakdown potential value was not considered an input variable. Compared with the pre-
viously proposed models, this approach had the advantage that it allowed us to determine
the corrosion status of stainless steel automatically, with no need to carry out electrochemical
tests or the microscopic analysis of the material surface. In this case, the model was trained
considering as input variables the following ones: stainless steel composition, temperature,
type of artificial solution simulating biogas environment, surface finish of the material under
study, and the type of localized corrosion (pitting or crevice corrosion).

The results for Model 5, in terms of precision and accuracy, are shown in Figure 10:
According to Figure 10, the maximum precision and accuracy values reached for

the different configurations proposed for Model 5 were 0.907 and 0.902, respectively. In
this case, the optimal configuration was obtained when three neurons were considered in
the hidden layer. These results demonstrated that the model showed a good capability to
predict the corrosion status of stainless steel for this application automatically. However, the
results related to precision and accuracy values were much lower than those obtained for
Model 3, where the breakdown potential value was considered an input in the ANN model.
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This fact emphasizes the importance of considering the breakdown potential value of the
passive layer to model the corrosion behaviour of stainless steel in biogas environments.

Table 6. Structure of the proposed ANN model to model localized corrosion of stainless steel in
biogas production (MODEL 5).

Identity Corrosion Type Input Neurons Output Neurons:

Model 5 Pitting and Crevice 10 units:
%Cr, %Mo, %N, %Mn, %Ti,
%Nb, T, AS, SF, corrosion
type (pitting or crevice)

2 units:
1: corrosion pattern
0: no-corrosion pattern
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Figure 11 depicts the results obtained from Model 5 using three neurons in the hidden
layer. This figure shows the corrosion status predicted by the model under different
conditions simulating biogas environments. In this case, following the experimental
procedure, the corrosion state predicted by the model will be determined based on the
artificial solution (AS1 or AS2), the thermal conditions (mesophilic or thermophilic), and the
surface finish. In this case, the corrosion state is represented considering a pitting attack (P)
or crevice attack (C). Cases in which the model predicts that the material will not undergo
corrosion are shown in black, while cases in which the model predicts that the material will
experience corrosion are shown in red. Furthermore, for those cases in which the corrosion
state predicted by the model matches the one obtained experimentally, the box is coloured
green, while in cases where they do not match, orange is used. While the graph represents
the case for three grades of stainless steel (EN 1.4462, EN 1.4404, and EN 1.4521), the model
is applicable to any alloy composition of stainless steel within the studied range.
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Figure 11. Corrosion behaviour predicted by the model under different conditions simulating biogas
environments, considering different artificial solutions (AS1 or AS2), thermal conditions (mesophilic
or thermophilic), and the surface finish. In this case, the corrosion state is represented considering
a pitting attack (P) or crevice attack (C). Corrosion cases are represented with red letters, while
no-corrosion cases are indicated with black letters.

4. Conclusions

In order to minimize the impact of corrosion on the durability of stainless steel structures
used in biogas production, different models based on ANN were proposed in this study.

The main objective was to develop an ANN model capable of predicting the corrosion
state of stainless steel involved in biogas production. The two most important types of
localized corrosion that can affect stainless steel in this type of application were analyzed:
pitting and crevice corrosion. The variables considered to model corrosion behaviour were
those related to the composition of the material, the breakdown potential of the passive
layer obtained from electrochemical tests and the conditions to which the material may be
exposed in biogas production (temperature and type of artificial solution simulating the
biogas environmental conditions). Different configurations were proposed, concluding the
following aspects:

The proposed ANN model presented in this work to predict the corrosion status
of the material after electrochemical tests with no need to analyze the material surface
microscopically, MODEL 3, showed high classification performance. In this case, the
precision and accuracy values obtained were 96.8% and 96.6%, respectively. These values
demonstrated the usefulness of Model 3 to predict the corrosion status of the material
without resorting to microscopic analysis of its surface and thus reducing the subjectivity
in the results. However, the proposed model was not completely automatic; as for new
experimental conditions, it was necessary to know the value of the breakdown potential
from electrochemical tests since it was defined as input to the model. In order to obtain
an automatic model to predict corrosion status, Model 5 was proposed, excluding the
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breakdown potential value as input for modelling. In this case, the corrosion behaviour
of stainless steel could be predicted automatically for new exposure conditions without
the need to perform electrochemical tests for the new samples. However, the precision
(90.7%) and accuracy (90.2%) of the model decreased compared with Model 3. This result
demonstrated the importance of considering the breakdown potential of the passive layer
to model corrosion behaviour in biogas environments.

In addition, the composition of the stainless steel considered as input to model cor-
rosion behaviour can be represented by PREN. This index is calculated based on the
percentage of the alloying elements. In this way, when PREN was considered as input
for modelling, the number of input variables was reduced, improving the classification
performance. In this case, for Model 4, the maximum values for precision and accuracy
were 98.5% and 96.7%, respectively.

These results showed that ANN-based models could be shown as a useful tool in the
design of biodigester since they predict the corrosion behaviour of stainless steel accurately
depending on the environmental conditions to which the material will be exposed in biogas
production. Therefore, the model allows for selecting the correct grade of stainless steel in
biogas production based on the environmental conditions to which it will be exposed.
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