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Abstract The study of the corrosion impact on metallic materials is critical to
industries and the metallurgical market. Over the years, several formulas, known
as Dose-Response Functions, have been developed to predict corrosion based on
environmental factors. Using data from the MICAT atmospheric corrosion study,
this article proposes data-driven prediction models for four materials: Carbon Steel,
Aluminum, Copper, and Zinc. The models indicate that the Random Forest algorithm
can predict atmospheric corrosion of metallic materials with competitive results
compared to standard prediction functions.
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1 Introduction

Corrosion is the degradation of properties or mass of a material over time due to
environmental factors [1]. For metallic materials, corrosion occurs through chemical
and electrochemical reactions on the metal surface [2]. The main chemical reactions
that occur due to the corrosion of a metal can be explained by the redox reaction,
in which the electrons released during the metal’s oxidation are consumed by the
cathodic reaction. A necessary condition for this process is that the external envi-
ronment of the metal is composed of an ion-conductive liquid (i.e., an electrolyte),
aerated, and in direct contact with the metal [3].

Corrosion brings financial losses to the global economy. According to the National
Association of Corrosion Engineers (NACE), corrosion is responsible for economic
losses of 3.8% of the American Gross Domestic Product (GDP) [4]. The World
Customs Organization (WCO) report states the cost of corrosion losses as 3-4% of
the GDP of industrialized countries, and 30-50% of these costs could be avoided [5].
These financial losses caused by corrosion can be classified as direct and indirect.
Direct losses are caused by replacing parts or equipment that have suffered corrosion
and maintaining protective processes (cathodic protection, metallic and non-metallic
coatings, painting, etc.). Indirect costs are caused by accidental shutdowns of indus-
trial production processes, product loss due to leaks in corroded pipelines, loss of
efficiency, product contamination, and over-dimensioning in projects, among others
[2].

Given the significant financial losses caused by corrosion, there is a need to create
methods for predicting the corrosion of metals in the environment where they will
be installed. In the case of outdoor atmospheric environments, various international
projects have been undertaken to construct databases, such as the International
Atmospheric Exposure Program (ISOCORRAG) [6] and the Map of Ibero-American
Atmospheric Corrosivity (MICAT) [7]. Currently, the international standard ISO
9223 contains corrosion prediction formulas using dose-response functions (DRF)
developed from data from these databases [8] [9].

With the improved computational capacity over the decades, machine learning al-
gorithms have demonstrated an increasing ability to solve problems using databases.
This work aims to develop machine learning models for predicting atmospheric cor-
rosion using the MICAT database to compare them with the DRFs defined by ISO
and perform a comparative analysis. Thus, the problem addressed in this work is
characterized as a univariate regression problem, where the variable of interest is
the corrosion rate of different metallic materials.

The structure of this work is as follows: In section II, the theoretical background
of the article will be presented, addressing atmospheric corrosion and the main
projects related to this theme, including traditional atmospheric prediction and the
use of machine learning. In Section III, the related works are explored. Section IV
describes the methodology and database structure employed in the models. In the
V section, experimental protocols are presented, along with the results obtained.
Finally, section VI describes this study’s conclusions and future work.
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2 Atmospheric Corrosion and Corrosion Prediction

Corrosive environments can be divided into atmospheric, natural water, soil, and
chemical, and, on a smaller scale, food, molten substances, organic solvents, wood,
and plastics [2]. Atmospheric corrosion stands out among these environments, ac-
counting for approximately half of the total corrosion-related losses. Therefore,
there is a need to predict the corrosive behavior of materials in different atmospheric
environments.

Field corrosion testing is the most commonly used method to understand the
behavior of atmospheric corrosion processes. These tests involve exposing specimens
(rectangular sheets of the metal material to be tested, typically with dimensions of
150mm x 100mm and 1 to 3 mm in thickness [10]) in stations specified by standards,
such as ISO 8565 [10]. The tests, with variations depending on the specific standard,
follow a common idea: specimens are weighed and installed in a station where they
are exposed to weather conditions for a specified period (usually 1 year). After the
test period, the samples are removed and subjected to a cleaning process to remove
the oxide layer formed, using methods specified by standards. The specimens are
weighed again, and thickness and mass loss calculations are performed.

These tests are highly relevant as they provide information about the corrosive-
ness of the exposure location based on experimental data. However, such tests are
impractical for most applications due to the technical expertise required to handle the
specimens or the long exposure periods needed to obtain relevant results for com-
mercial applications. Therefore, there is a need to predict corrosion and/or classify
the corrosiveness of the environment.

In this context, field tests have been conducted since the early 20th century to
understand the behavior of metals in the atmosphere. It was observed that commonly
used metals (steel, zinc, copper, and aluminum) corroded more in polluted envi-
ronments. It was discovered that the combination of high relative humidity (RH)
with concentrations of SO, increased corrosiveness above a critical RH value [11].
Among all atmospheric pollutants, chlorides from marine aerosols and sulfur dioxide
(S0;,) from fossil fuel combustion are the most aggressive atmospheric corrosion
agents [12].

The MICAT Project[13][7], known as the Maps of Ibero-American Atmospheric
Corrosivity, is a project under the Ibero-American Science and Technology Program
for Development (CYTED). MICAT was conducted from 1989 to 1994, involving
14 countries (Argentina, Brazil, Colombia, Costa Rica, Chile, Ecuador, Mexico,
Panama, Peru, Portugal, Spain, Uruguay, and Venezuela)[14]. The project’s ob-
jective was to enhance our understanding of corrosion mechanisms in the various
atmospheres of Ibero-America and to create maps of atmospheric corrosivity in
Ibero-America using the collected corrosion and atmospheric data.

The study of atmospheric corrosion benefited significantly from the contributions
of the MICAT project. The collected data were taken into account in the development
of the second version of ISO 9223, both in the inclusion of Average Temperature
and Average Relative Humidity as part of the atmospheric classification and in the
prediction of corrosion using models developed based on MICAT data [9].
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ISO 9223 provides equations for predicting corrosion rates for four materials:
carbon steel, zinc, aluminum, and copper [8]. The four equations provided by ISO
were developed by Mikhailov and Tidblad [9] and are presented as Dose-Response
Functions (DRF). All the equations use Temperature, Relative Humidity, Average
Annual Deposition of SO,, and Average Annual Deposition of CI- for the corrosion
rate predictions.

Unlike the ISO 9223 approach using equations, it is possible to use other tech-
niques for corrosion prediction, specifically, the application of Machine Learning
(ML) algorithms. ML is a sub-field of Artificial Intelligence (AI) that develops al-
gorithms that learn patterns in data in an automated manner [15]. Essentially, these
algorithms aim to solve tasks on data in a supervised and unsupervised manner. In
supervised learning, the data used for learning are pre-categorized and have one or
more target variables. In contrast, in unsupervised learning, there are no labels on
the data, so the model will try to find patterns among them and, for example, attempt
to group them based on data similarity and dissimilarity.

Within supervised learning, a subcategory covers regression and classification
tasks. Problems involving predicting one or more numerical values are referred to
as regression. On the other hand, if the problem’s target is one or more classes, then
it is a classification task [15].

An example of a regression algorithm is Random Forest (RF). RF is an algorithm
that combines multiple regression trees trained on random data samples. This ap-
proach uses the bagging technique, where each tree is constructed with a different
data sample. This allows each tree to make independent decisions, exploring differ-
ent aspects of the search space. The values found are aggregated through averaging
to obtain the final prediction [16].

This approach can avoid errors and incorrect predictions if only a single regression
tree is used. By combining predictions from multiple trees, RF reduces the risk of
overfitting and improves overall model stability and accuracy.

Therefore, RF stands out as a powerful method for regression, capable of handling
complex datasets and correlated input variables. Its ability to capture nonlinear
relationships and interactions between variables contributes to more robust and
reliable performance predicting continuous values.

3 Related work

In the work by [17], the Random Forest (RF) algorithm is employed for predicting one
year of atmospheric corrosion of carbon steel. The author used databases exclusively
for carbon steel from the MICAT projects published in 1995 [13], ISOCORRAG, and
ECE/UN to train the model, and Russian samples were used to test the model. The
data from the 1995 MICAT publication represents an average of the three one-year
exposures in MICAT, while the 1998 publication provides data for the three exposures
separately. Additionally, the model was compared with the Dose-Response Function
(DRF) for carbon steel, where the model achieved better results in most of the
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tests, demonstrating the effectiveness of RF. Combining the MICAT, ISOCORRAG,
and ECE/UN databases presents challenges because the ISOCORRAG project lacks
Relative Humidity data for all participating countries except the Czech Republic, and
the ECE/UN data does not include chloride deposition [12]. Integrating the MICAT
and ISOCORRAG databases depends on using the TOW-T-RH prediction model
[18], and therefore, it has associated errors.

Using a Chinese database, the study presented in [19] developed RF and Support
Vector Machine (SVM) models to predict atmospheric corrosion for carbon steel.
Their results demonstrated that RF when its parameters are tuned, outperforms SVM.

In a study conducted in Japan, [20] presents an analysis of atmospheric corrosion
of carbon steel using machine learning algorithms. Unlike the mentioned articles, the
models used additional input variables like solar radiation and wind speed. Among
the obtained results, decision tree-based models showed the best performance. The
paper also investigated the variables that significantly influence the corrosion process.
For this analysis, the authors used the RF algorithm, as it can accurately measure the
weight of each variable.

Among the related works, the choice of the RF algorithm appears to be interesting,
given the limited availability of data for model training. The algorithm demonstrates
adequate performance even when a small amount of data is available, and it can
handle nonlinear relationships between variables.

4 Proposed Approach

The proposed model is described in the diagram in Figure 1. The first task of the
project was to collect data from the MICAT project obtained from the bibliographic
reference [7]. Since this data was in printed form and not available digitally, data
collection was performed manually and later reviewed to ensure accuracy and avoid
errors. The database is available for download at the link to MICAT. Data prepro-
cessing was conducted in the next project step, involving removing missing values
and applying transformations, which will be detailed in this section. The database
contains information about materials: Carbon Steel, Aluminum, Copper, and Zinc.
Therefore, the data was separated by material. With the consolidated database, the
cross-validation method was employed to create the RF models and obtain the results
of the DRFs. Finally, a comparative analysis was conducted between the RF models
and the DRFs.

In the MICAT project database, studies involving 14 different Latin American
countries, plus Portugal and Spain, were conducted. For each station that participated
in the project, six samples were collected for four types of materials: Carbon steel,
Aluminum, Copper, and Zinc. Of these six collections, only three were used, as the
remaining collections pertained to sampling periods longer than one year.

This study selected samples with temperature, relative humidity, chloride levels
in the environment, sulfate levels in the environment, and corrosion values, totaling
587 samples. Table 1 provides an overview of the variables’ distribution. All these
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Fig. 1 Machine learning workflow

variables were incorporated into the collected database and used for constructing
prediction models.

Table 1 Summary of environment variables

Variable Unit |Mean|Standard Deviation
Temperature (T) °C 20.25 5.61
Relative Humidity (RH) %o 74.44 10.42
Chloride mg/m3day|32.21 66.30
Sulphur Dioxide mg/m?3day| 14.87 16.52

5 Experiments, Results, and Analyses
5.1 Protocol of Experiments

All experiments were conducted at the Computational Intelligence Research Labo-
ratory!, using a computing environment with Ubuntu 20.04 as the operating system,
hardware with 16 GB RAM, and an AMD Ryzen 7 2700X processor. The models
were developed using Python 3.8.10 with the assistance of the Scikit-learn library.

The evaluation metric used was the Mean Absolute Error (MAE), calculated using
Equation 1:

n
1 .

MAE =~ " [9: = yil (1)

i=1
Here, § represents the predicted value, while y represents the actual value. This
metric provides an overall view of the model’s performance without highlighting
significant errors. The minimum value is 0, and the higher the value, the worse the

model’s performance.

I LABICOM website: https://labicom-udesc.github.io/
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A 5-fold cross-validation was applied to create and evaluate the Random Forest
(RF) models and assess the DRF functions. In this approach, the data is randomly
divided into 5 parts, where 4 parts are used for training, and the remaining part is
used to test the model. This process is repeated 5 times, altering the test partition
each time. The MAE values of the RF models and DRFs are calculated for each test
fold.

For statistical analysis of the results, the DUNN test was applied. This work used a
significance level of 5% to determine whether the results obtained can be considered
statistically different or equivalent between the RF models and DRFs.

5.2 Results and Analyses

Before model training, a thorough analysis of data behavior was conducted, focusing
on the correlation between dependent and independent variables. The Spearman
correlation was used to assess this correlation, a statistical measure indicating the
degree of non-linear association between two variables. Each material’s correlation
values were represented in matrices, as Figure 2 illustrates.

The scale of Spearman correlation values ranges from -1 to 1. The value of 1
indicates a perfect positive correlation, meaning that as one variable increases, the
other also increases proportionally. Conversely, when the correlation value is -1, it
indicates a perfect negative correlation. In this case, as one variable increases, the
other decreases proportionally.

According to the matrices, environmental variables affect the materials differently
concerning corrosion. Assigning a single value to each material and establishing a
general corrosion correlation is not feasible. An example of this is the predominant
influence of chloride on carbon steel corrosion, while other factors deserve attention
for other metals. The mentioned relationships were established exclusively for the
MICAT database.

Since metals vary in the degrees of corrosive factors, a cross-validation flow was
developed for each material. Table 2 shows the MAE and standard deviation of the
models for each material.

Table 2 Average results of each fold in cross-validation for Aluminium, Carbon Steel, Copper, and
Zinc.

Aluminium Carbon Steel Copper Zinc
DRF |0.3973 + 0.0334(22.5192 + 6.0659| 0.6696 + 0.085 [0.7822 + 0.1538
RF |0.0776 = 0.0247|10.6191 + 5.0689]|0.4195 + 0.1067{0.3883 + 0.0782
DUNN 0.0090 0.0282 0.0162 0.0090

All DUNN test values in Table 2 are less than 5%, indicating statistical differences
between RF and DRF models. For the MAE metric, RF models showed better results
compared to DRFs.
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Fig. 2 Spearman correlation of variables used in the models

RF models demonstrate a considerably smaller scale of errors compared to DRFs.
The average errors for Carbon Steel and Zinc models are half compared to their
respective DRFs. For Aluminum, the model performs even better, having one-fourth
of the error compared to its DRF.

Figure 3 presents box plots of the cross-validation results for better visualization.
This visualization highlights that the RF model results for aluminum material stand
out significantly compared to DRFs.

6 Conclusion and Future Works

Predicting atmospheric corrosion can bring significant benefits to industries and
companies, allowing for the reduction of losses associated with the creation and
development of metallurgical projects. ISO standards use DRFs for predictions, but
their accuracy is low. However, this study has demonstrated that machine learning
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Fig. 3 Boxplot of results

algorithms, such as RF (Random Forest), can deliver competitive results compared
to DRF formulas.

The RF models use the input variables described as the most important by ISO
9223. However, this work proposes exploring other variables in the future, such
as annual rainfall, which may significantly impact the prediction of atmospheric
corrosion.

Currently, only the MICAT database, containing information from Latin America,
was used to develop the models. In the future, additional datasets can enrich the study,
covering different geographical regions and allowing for a more comprehensive
analysis of the factors influencing atmospheric corrosion. This will contribute to a
more robust prediction model applicable to various atmospheric conditions.

With a larger dataset and increased dimensionality of the problem with new input
variables, other algorithms, such as Artificial Neural Networks, can also be employed
to develop the proposed approach.
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