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Abstract: Corrosion is the main mechanism of the degradation of steel structures buried in the soil.
Due to its aggressiveness, the material gradually loses thickness until the structure fails, which may
cause serious environmental problems. The lack of a clearly established method in the design leads
to the need for conservative excess thicknesses to ensure their useful life. This implies inefficient use
of steel and an increase in the cost of the structure. In this paper, four quantitative and multivariate
models were created to predict the loss of buried steel as a function of time. We developed a basic
model, as well as a physical and an electrochemical one, based on multivariate adaptive regression
spline (MARS), and a simpler model for comparative purposes based on clusters with Euclidean
distance. The modeling was synthesized in a computer tool where the inputs were the characteristics
of the soil and the time and the outputs were the loss of thickness of each predictive model and the
description of the most similar real tests. The results showed that in all models, for relative errors of
10%, over 90% of predictions were correct. In addition, a real example of the operation of the tool was
defined, where it was found that the estimates of the models allow the necessary optimization of steel
to fulfill its useful life.
Keywords: steel corrosion; computer tool; predictive models; quantitative techniques; optimization;
sustainable engineering

1. Introduction
The greatest enemy of metal structures buried in the ground is corrosion, which is a mechanism
of degradation of materials produced by an electrochemical reaction with the soil in which they are
immersed [1].
The underground environment is characterized by great corrosive complexity [2,3]. The cause
of this instability is the fact that the soil is constantly changing and presents great variability in its
local conditions [4,5]. Two geographically close soils may have different characteristics and, therefore,
degrade steel with different aggressiveness.
Corrosion is an essential factor in the design phase of metal structures due to its effects on structural
resistance [6,7]. If the steel does not satisfy the useful life of the structure, it may create serious risks for
human health and the environment. Such corrosion also has an impact on the economic calculation
related to the structures and increases the cost of their maintenance [8,9].
The existing literature on the corrosion of steel in soil shows a lack of a clearly established method
in the dimensioning of buried metal structures [10]. The engineer responsible for the design of the
structure estimates the amount of steel required for each project. In general, the design applies excess
thickness to the material to avoid the failure of the structure.
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On many occasions, engineering projects require the use of metallic structures partially or totally
buried in the soil. An instance of this type of structure is the elements that constitute solar plants,
which are introduced into the ground without applying cathodic protections, which, in these cases,
are expensive and not very efficient. The structures are cut and welded in situ. Nonmetallic coatings
in these applications are reserved only for extremely corrosive soils, for example, those containing
gypsum. The models developed in this research are of special interest for these types of installations.
To achieve the most adequate compensation between the quantity of steel and safety, it is necessary to
adjust the tolerances and achieve the optimum thickness in the design that guarantees the useful life of
the steel. In this way, safer and more sustainable structures may be defined in terms of efficiency and
demand for materials.
The main objective of this paper was the prediction of corrosion in buried metal structures for
a specified period of useful life. To perform this, data mining techniques were applied to obtain
predictive models of corrosion in steel in the underground environment. These are multivariable
models that, based on the characteristics of the soil, calculate the necessary thicknesses of metal
to guarantee a specific useful life period. The parameters used to feed the modeling are physical,
electrochemical, soil grain size, and climatological variables of the terrain.
Once the models were developed, they were materialized in a software tool where the
characteristics of the soil and the agreed operating time are entered. The engineer responsible
for the design of buried metal structures obtains a quantitative value of the behavior of steel in the soil.
The output variable is the loss of thickness due to corrosion that the steel will have according to its
useful life.
The paper starts with a deep analysis of the state of the art and the definition of the applied
methodology. Then, it explains the creation of the database through the analysis, processing,
and preparation of the available information. Next, modeling techniques are defined, followed by a
description of how models were developed and materialized in a simple tool. Finally, the results are
discussed, and the conclusions obtained in the research are detailed.
2. Literature Review
Since the introduction of metals in construction, the existing related literature shows a low number
of scientific projects aimed at analyzing corrosion in the underground environment. The reason lies in
the variability of soil conditions, which makes it difficult to study [11].
Soil is highly complex due to its local properties and the influence of external factors on its
characteristics. For instance, rain or artificial manipulation can significantly change the behavior of
soil on steel [12]. Therefore, all the variables involved must be analyzed to adequately determine the
corrosion that the material will suffer.
The methods used to predict corrosion in buried metal structures may be divided into two main
typologies: qualitative and quantitative methods. The former are usually tables of scores that provide
guidance on the possible effects of corrosion but do not permit establishing a value to aid in sizing.
The American Water Works Association (AWWA) developed one of the most widespread qualitative
methods described in the AWWA C-105 Standard, which consists of assigning points to different soil
variables involved in corrosion [13]. With the sum of all the factors, the method informs about if the
corrosion is going to be light, moderate, appreciable, or severe, or if it requires protective measures.
In contrast, quantitative methods establish a specific measure or recommended numerical values of
metal loss in the soil due to this degradation mechanism. In this field, the most relevant method is the
Romanoff tables. This study stands out for its duration and for the number of soils studied under real
conditions [10].
In recent years, a new trend has emerged in the field of corrosion, which consists of the generation
of predictive models with computer tools. Most of them focus on the period in which existing metallic
structures were built and buried [14–16]. With these methods, it is possible to estimate the corrosion
from measurements in situ or simulated in the laboratory, being very useful for establishing inspection
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and maintenance policies. The drawback is that they do not help in the design of the structures because
they do not predict the loss of thickness that the material will have; they only evaluate its condition.
Other models aim to predict the corrosion that the structure will suffer in an underground
environment. For these models, statistical approaches are widely used [17]. For instance, Alamilla led
the creation of a mathematical model to simulate the spread of corrosion damage over time [18].
They generated a unique model that provides a series of graphs that relate time to material thickness
loss using interpolation equations. In this study, four parameters were considered: pH, resistivity,
redox potential, and electric potential. In 2015, a project based on the Markov hidden random field
theory proposed an inspection strategy to evaluate the corrosion of a buried pipeline [19]. The biggest
drawback of these studies is the difficulty of handling and interpreting the graphs where the results
are presented.
Other studies on corrosion assessment and modeling have used very small databases. An example
is the paper based on three Qatar oil pipelines or a multivariate statistical model fed with information
provided by a single pipeline [20,21]. In these cases, the biggest problem was that its generalizability
to other locations is very limited.
Other examples create their databases from simulated conditions in a laboratory [22] or feed the
model by combining real tests with simulated results [23]. The fundamental limitation of this research
is that extrapolating the conditions of a laboratory to a real environment causes errors due to the great
complexity of the soil.
It is complex to obtain a representative predictive model that relates the characteristics of the
soil with the loss of material from the steel buried and that is easy and fast to manage. In this paper,
a database fed by tests carried out in real environments has been generated. It is made up of quantitative
information on all the variables that influence soil corrosion. Therefore, it is a multivariate approach
that considers the damage caused to steel by corrosive parameters and the interaction between them.
The database generates four different models. On the one hand, it generates three predictive
models: basic, physical, and electrochemical. Depending on the soil where the structure is going to be
designed, the model informs which is the most appropriate estimate. On the other hand, it generates a
distance or clustering model that provides the most similar real cases existing in the database.
The benefit of having more than one predictive model is that it allows the estimation of corrosion to
be adapted to the characteristics of the soil. In addition, the clustering model details all the parameters
of the soils most similar to the one under study. Thus, the user has complete information on these
samples and their real behavior due to corrosion over time.
In addition, the models were synthesized in a computer tool. The input variables are the parameters
of the soil where the structure is going to be designed and its useful life. It automatically provides the
material loss that the steel will experience in each model and the thickness losses experienced by the
same material buried in similar conditions.
The engineer responsible for the project does not have to handle graphs or tables of values.
The output variables are numerical values of the thickness that the buried steel will lose during the
useful life of the structure.
3. Materials and Methods
To predict the corrosion behavior of steel, a robust and representative database was first constructed.
Subsequently, the models and the computer tool were developed and evaluated.
3.1. Data Collection
The severity of the corrosion is a function of the combination of a large number of parameters.
The study of its effects considering the individual behavior of a single factor may cause very serious
errors in the design of the structures and in the guarantees of their useful life [24]. For this reason,
the present research has developed multivariate models that consider the characteristics of the soil that
most influence the process of degradation of metals [25].
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In the literature on buried steel structures, the work done by scientist M. Romanoff is considered
the most relevant and extensive source of information [10]. It is a quantitative and multivariate method
that has not yet been replaced by any other methodology. The reason is that it is a real experiment that
lasted 20 years and consisted of burying a large number of metal samples in different types of soil [26].
All the results were compiled in numerous tables where the characteristics of the soils and materials
were noted.
From the data collected from the Romanoff tables, the information has been analyzed and prepared
to generate a reliable and meaningful database of the models.
3.1.1. Data Analysis
The metal used in this study was Bessemer steel, a reference steel in the field of construction of
this type of buried structure. This material presents an approximate composition of 0.09% carbon,
0.39% manganese, 0.08% phosphorus, and 0.04% sulfur, and its density is greater than that attributed
to iron, reaching 7850 kg/m3 .
The database of the predictive models developed has been configured with the results of the
most complete scientific publication on steels published by Romanoff [27], and his work has been
complemented that of I.A. Denison [28]. The combination of the information provided by both studies
established a data set on the corrosion of Bessemer steel in 62 different soils. The locations of the
samples included different places in the United States.
The tables from these tests are the result of periodically unearthing samples over 15 years to
study the evolution of corrosion in steel. They define practically all the characteristics of the soil
that may influence corrosion. The complete list of the physical, electrochemical, granulometric,
and climatological variables of the soil for which there is available information is presented in Table 1.
It indicates, for each parameter, the original unit used in the Romanoff studies and its equivalent in the
international system.
Table 1. Description of the variables studied by Romanoff.
Variable

Original Unit

Unit S.I.

Site number
Floor
Location
Internal drain
Burial depth
Content in sand
Slime content
Clay content
Colloids
Suspension
Resistivity
Temperature
Annual rainfall
Equivalent humidity
Porosity
Density (specific gravity)
Change of volume by retraction
pH
Total acidity
[Na + K]
[AC]
[Mg]
[CO3 ]
[HCO3 ]
[Cl]
[SO4 ]
Mass loss due to corrosion

ft
%
%
%
%
%
ohm-cm
◦F
in/yr
%
%
g/cm3
%
-log[mol/L]
mg-eq/100 g
mg-eq/100 g
mg-eq/100 g
mg-eq/100 g
mg-eq/100 g
mg-eq/100 g
mg-eq/100 g
mg-eq/100 g
oz/ft2

m
%
%
%
%
%
ohm-m
◦C
mm/yr
%
%
kg/m3
%
-log[mol/L]
mol/kg
mol/kg
mol/kg
mol/kg
mol/kg
mol/kg
mol/kg
mol/kg
g/m2
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3.1.2. Data Preparation
Despite the relevance of Romanoff’s research in the field of corrosion, it presents a series of
limitations, mainly due to its 1957 publication. In 2007, the organization “National Institute of Standards
and Technology” (NIST) published a comprehensive analysis of Romanoff’s work and revealed a
number of shortcomings in the performance and documentation of the original trials [29]. However,
the study concluded that Romanoff’s results could be used for the development of predictive models if
their restrictions are always considered.
The deficiencies that the NIST described in 2007 and that had to be resolved to create the database
of the models are the following:
•

•

Absence of data in practically all the variables involved. Table 2 defines the empty values for the
main study variables. As can be seen, they are a big problem in the configuration of the model
database, especially in some parameters, such as those related to chemical composition.
Identification of unusual values. These are the data that remain outside the limits presented by
the variable in most cases, which we have summarized in Table 3.
Table 2. Description of the variables studied by Romanoff.
Variable

Empty Values

Burial depth
Content in sand
Slime content
Clay content
Colloids
Suspension
Resistivity
Temperature
Annual rainfall
Equivalent humidity
Porosity
Density (specific gravity)
Change of volume by retraction
pH
Total acidity
[Na + K]
[AC]
[Mg]
[CO3 ]
[HCO3 ]
[Cl]
[SO4 ]

15
28
28
28
29
28
0
0
0
0
17
25
16
0
6
24
24
25
24
25
23
21

These outliers may originate from errors in measurement or data entry, or they may not be
incorrect data. For instance, Table 3 shows the maximum values of resistivity and total acidity well
above the average. In this case, the NIST analysis ruled that these outliers are due to real measurements
in soils with special characteristics, and therefore are not trial failures. However, the analysis of the
loss of mass parameter of the steel detected corrosion values lower than the measurements made in
previous periods. Obviously, the loss of mass due to corrosion must always be equal or greater than the
measurement at a previous time. Therefore, the data corresponding to these situations are considered
unusual values and would affect the reliability of the models.
The solutions that have been established to overcome the two limitations found in the available
information are as follows:
•

No empty values have been filled that would falsify the starting information.
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Incomplete patterns have been maintained whenever possible.
Unusual values have been studied to determine their origin and have only been eliminated when
they have been checked to be errors. In the specific case of the mass loss variable, the anomalous
values have been eliminated and replaced by a logarithmic function, as advised by NIST. The reason
is that the corrosion of the steel initially grows quite fast and gradually stabilizes, which conforms
to a logarithmic function (1).
y = a lnx + b.
(1)
Table 3. Description of the variables studied by Romanoff.
Variable

Minimum Value

Average Value

Maximum Value

Burial depth
Content in sand
Slime content
Clay content
Colloids
Suspension
Resistivity
Temperature
Annual rainfall
Equivalent humidity
Porosity
Density (specific gravity)
Change of volume by retraction
pH
Total acidity
[Na + K]
[AC]
[Mg]
[CO3 ]
[HCO3 ]
[Cl]
[SO4 ]

0.56
1.2
2.1
0.6
2.7
1.8
0.6
3.9
142
2.8
1.1
1260
0
2.6
0
0.0023
0
0.0012
0
0
0
0

0.9
20.3
37.8
33.3
26.1
22.2
17.2
12.9
941
28.4
10.9
1720
4.3
6.6
0.071
0.0107
0.007
0.0043
0
0.0071
0.0009
0.0083

2.41
97.3
78.4
87.8
71.5
45.5
451
20.9
1565
72.8
40.6
2080
39.8
9.5
2.974
0.45
0.1555
0.095
0.0002
0.02
0.43
0.567

3.2. Modelling Process
This research performed two types of modeling to study the corrosion: a distance model and
three predictive models.
The reason for building a distance model was to make it easier for the engineer to search the
existing literature for the real case most similar to the one being studied. As already explained in this
paper, the largest real experiment on buried steel structures is that of Romanoff, but his tables are
complicated to work with. Thanks to this model, engineers may enter the soil parameters and obtain
the descriptions of the soils most similar to theirs and what their corrosive behavior has been over time.
Furthermore, the distance calculation has also been used to estimate the quality of the predictions
of all the models. It consists of evaluating how close the case studied is to the multidimensional space
of some point by which the real evolution of corrosion is known.
It was decided to develop three predictive models instead of just one to achieve a better adaptation
to the soil characteristics and the information available. Depending on the input variables, it will
be more convenient to use the prediction of one or the other. All models consider a burial depth of
approximately 2 m, which is the depth that is usually used in this type of buried metal structures.
3.2.1. Distance Model
The technique used to group the most similar cases is based on the concept of distance between
points in multidimensional spaces. It is a nonlinear mathematical model that allows predicting metal
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corrosion from interpolation, seeking the best solutions in the areas of the space between the known
points or data.
The Euclidean distance between 2 points is the length of the segment that joins them [30]. In a
two-dimensional space between any two points, P1 and P2 , of Cartesian coordinates (x1 , y1 ) and (x2 , y2 ),
respectively, it corresponds to the following (2):
q
dE =

(x2 − x1 )2 + ( y2 − y1 )2 .

(2)

When extrapolating the two-dimensional solution to an n-dimensional Euclidean space,
the Euclidean distance between the points P = (p1 , p2 , . . . , pn ) and Q = (q1 , q2 , . . . , qn ) is defined as
follows (3) [31]:
q
dE =

(p1 − q1 )2 + (p2 − q2 )2 + . . . + (pn − qn )2 .

(3)

This technique has presented difficulties due to the quality of the database: the Euclidean distance
may be affected by the different units in which the input variables have been defined. This problem
has been solved by normalizing between 0 and 1 all the parameters used in the model. This ensures
that all input variables have the same weight in calculating the distance between two points.
Another relevant aspect in the generation of the distance model is that the database has presented
empty values for which information is not available. Therefore, the model will sometimes have to
compare spaces with different dimensions. Consequently, a greater number of dimensions causes the
points to be at a greater maximum distance. To solve this problem, the distances have been normalized,
dividing the Euclidean distance by the maximum distance in space, which corresponds to the square
root of the number of dimensions.
3.2.2. Predictive Model
Process modeling may be considered as a functional approximation problem, which is a matter of
finding a mathematical expression that can reproduce the injective relationship that exists between the
inputs and outputs of the process.
In this paper, the multivariate adaptive regression spline (MARS) algorithm has been used to
approximate an unknown function by projecting a sample of data from the input space onto the
output space.
MARS algorithm is a calculation process that was developed in 1991 by Jerome Friedman and is
characterized by high estimation efficiency [32]. In 1993, De Veaux led a comparative analysis between
the predictive capacity of the MARS algorithm and the neural networks, and the result showed that in
numerous cases, the one presented by the algorithm was superior to that of the neurons [33].
MARS is an algorithm widely described in other sources, and its creator Friedman defined it as
a flexible modeling method for high-dimensional data [34]. It consists of a flexible, nonparametric
regression technique that extends the linear model by incorporating nonlinearities and interactions of
variables [35].
Furthermore, the MARS algorithm is robust against collinearities of the input variables and has
the ability to automatically select the most relevant factors as well as their interactions [36]. Therefore,
in this work, MARS has selected the input variables and has analyzed the most important parameters
to predict the corrosion that will occur in the buried steel.
The objective of the algorithm is to approximate an unknown function f that represents the
relationship between the soil variables that influence corrosion and the loss of thickness that will occur
in the steel. To do this, MARS searches for the approximation function f 0 by creating subregions (nodes)
and carrying out linear combinations of sets of base functions Bi parameterized by the position of said
nodes (4).
XM
f0 =
ai Bi .
(4)
i=1

Sustainability 2020, 12, 9879

8 of 14

here, ai is the coefficient of the base function Bi and M is the number of base functions of the model.
The base functions involved in the construction of the function are the interactions of the variables.
Two parameters intervene in the fit of the model: the maximum number of base functions and the
maximum degree of interaction. This approach to the solution through decomposition into base
functions facilitates the interpretability of the results to build a continuous function.
3.3. Generation of the Models
The MARS algorithm performed an exhaustive search to determine the relevant parameters of
the process through adaptive decomposition. In this work, we used a modified version of MARS
algorithm developed by the research group, named API-MARS [36]. The best results were obtained
considering 35 basis functions and 3 as the maximum degree of interactions. Below, the input variables
of each of the predictive models are described.
The basic model was performed for the five most influential factors in corrosion and the least
empty values in the database. The following table qualifies the input variables of the model and their
measurement units (Table 4).
Table 4. Input variables for the basic model.
Input Variable

Unit

Resistivity
Temperature
Precipitation
Soil moisture
pH
Time

Ohm·m
◦C
mm/year
%
years

These parameters have practically no empty values and allow the use of information from
61 different soils. As a result, this is the most representative model of the Romanoff data and, therefore,
the most stable.
The physical model includes the parameters of the basic model and adds variables related to the
granulometric composition of the soil: clay and silt content. The reason for this choice is that in order
to know the size of the particles that make up the terrain, it is sufficient to define two of the three
components of the ternary diagram, since the third one depends on the other two. The complete list of
input variables is described in Table 5:
Table 5. Input variables for the physical model.
Input Variable

Unit

Resistivity
Temperature
Precipitation
Soil moisture
pH
Slime content
Clay content
Time

Ohm·m
◦C
mm/year
%
%
%
years

The inconvenience is that the information on the texture of the terrain in the tests carried out
by NIST is only detailed in 34 different soils. Therefore, this model is less representative than the
basic model.
Finally, the electrochemical model has considered the variables of the basic model and includes
the electrochemical variables that most affect corrosion: the presence of chlorides and sulfates. Table 6
shows all the input parameters of the model and their units of measurement.
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Table 6. Input variables for the electrochemical model.
Input Variable

Unit

Resistivity
Temperature
Precipitation
Soil moisture
pH
Chlorine (Cl)
Sulfates (SO4 )
Time

Ohm·m
◦C
mm/year
%
mol/kg
years

The composition of sulfates and chlorine only is available in 38 soils of the prepared database,
which makes this predictive model the least representative of the three created in this paper.
The distance model needs at least two input variables and at most 14 of the complete list defined
above in Table 2 and has two main objectives. On the one hand, it must report on the corrosion loss of
mass that the real test has experienced with the characteristics most similar to the case study. On the
other hand, it is an evaluation tool for the three predictive models, since the results obtained in the
estimation may not be too far from the real similar cases.
To evaluate the quality of the prediction of the models, it is not possible to have the corrosion that
structures are going to suffer in a soil over time. Therefore, the only way to assess the precision of the
developed models is by comparing the predictions with the actual values in the data set. To achieve
this objective, the MARS algorithm was used. This calculation process has configured a set of training
patterns and test patterns based on the total existing data. In this way, the true value of corrosion in
the test patterns has been compared with the value estimated by the models in the training set.
Once the patterns were constituted, the distance model was used to assess how close the case
studied is to the multidimensional space of some point by which the real evolution of corrosion
is known. A value close to 100% in the quality index indicates that the prediction has very high
reliability since the case studied is very close in multidimensional space to some point for which the
real evolution of corrosion is known. On the contrary, when the quality index takes values lower than
80%, the prediction given by the model must always be considered insufficient to produce with a
sufficient level of confidence.
The purpose of this study was to predict the thickness loss that buried steel structures will
experience in order to help engineers design them optimally and sustainably. For this reason, the results
of the models were synthesized in a computer tool.
To facilitate the use of the tool in the design of buried steel structures, it was decided that
the output variable of the program would be the loss of thickness due to corrosion, expressed in
microns. This conversion was carried out taking into account the densities of the study materials,
namely 7850 kg/m3 for steel and 7140 kg/m3 for zinc.
4. Results and Discussion
The precision of the results presented was studied using the concepts of absolute and relative
error. The first is the difference between the actual and the estimated value, and its unit is g/m2 . As for
the relative error, it is the quotient between the absolute error and the real value multiplied by 100.
It is important to note that the relative error indicates the quality of the prediction, since the lower its
percentage, the more reliable the estimated measure will be [37]. In addition, the mean square error of
each model is identified to know the average of the squared errors and to know the difference between
the estimator and what is estimated [38].
Table 7 shows a description of the results obtained during the training stages of the basic model.
It was observed that for a relative error level of 5% over the corrosion range, the system obtained 64.5%
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correct answers and the root-mean-square deviation was 460.9 g/cm2 . Therefore, the corrosion value in
buried steel estimated by the basic model showed good behavior.
Table 7. Results of the quality system of the basic model.
Absolute Error (g/m2 )

Relative Error (%)

Model Success (%)

84
421
842
1179
1684
2106

1
5
10
14
20
25

17.9
64.5
93.1
98.8
99.7
99.7

In the physical model (Table 8), the absolute error reached lower values than in the basic model.
This means that the difference between the actual and the estimated value was smaller. However, for a
relative error of 5%, the physical model has presented a lower percentage of success. The reason is
that the most corrosive soils in the database do not have values for their granulometric composition,
so they may not be analyzed by this model. The root-mean-square deviation was 220.4; therefore,
it was substantially less than the basic model. In short, the model is more reliable than the basic one,
but due to the low number of cases used in training, its functionality is less representative.
Table 8. Results of the quality system of the physical model.
Absolute Error (g/m2 )

Relative Error (%)

Model Success (%)

29
146
293
410
586
732

1
5
10
14
20
25

13.2
59.9
79.2
92.4
98.5
100

The same happened in the electrochemical model, for which substantially fewer data are used
than in the basic model. Only complete electrochemical analysis of 38 soils is available in the database.
The results of the electrochemical model are presented in Table 9, showing that in 76% of cases the
errors were less than 420 g/m2 . Again, it was lower than for the basic model but higher than for the
physical model. This is the model with the greatest success, but the fact that it was developed with less
information indicates that its generalizability is limited.
Table 9. Results of the quality system of the electrochemical model.
Absolute Error (g/m2 )

Relative Error (%)

Model Success (%)

84
420
839
1175
1678
2098

1
5
10
14
20
25

23.8
76.7
96.1
99
100
100

To highlight the use of the models and their contribution to the research community, we assumed
that a steel structure is intended to be designed on a soil with the characteristics described in Table 10
for a useful life of 15 years. Next, the corrosion behavior of steel was studied as if the research described
in this research had not been developed, and then, the loss of mass due to corrosion was determined
through the computer tool created.
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Table 10. Input variables of the study soil.
Variable

Values

Contend in sand (%)
Slime content (%)
Resistivity (ohm-m)
Temperature (◦ C)
Annual rainfall
(mm/year)
Humidity (%)
pH

50
20
50
12
1000
22
6

In the case of not having the tool developed in this investigation, the usual procedure would be
to go to the tables prepared by NIST and to try to find the apparently most similar cases. Therefore,
according to Romanoff’s work, the three soils that we have considered to be most similar to the one
proposed are those shown in Table 11 (Soil 14, Soil 16, and Soil 36).
Table 11. Soils proposed by Romanoff tables.
Variable
Sand content (%)
Slime content (%)
Resistivity (ohm-m)
Temperature (◦ C)
Annual rainfall (mm/year)
Humidity (%)
pH
Steel corrosion (gr/m2 )

Study Soil

Soil 14

Soil 16

Soil 36

50
20
50
12
1000
22
6

56.6
29.5
35.2
6.8
691
17.2
6.2
1465

50.4
23.1
82.9
19.6
1565
22.2
4.4
2350

60.6
21.8
112
17.8
1346
13.8
4.5
702

Table 11 presents large differences between the three material losses due to corrosion that steel
experienced in each of the three soils. Choosing one of the three selected soils leads to differences of
more than 300% in the estimation of corrosion. Consequently, the engineer in charge of the design of
the structure should opt for the proposal of one of them based on their experience and knowledge.
The new tool developed allows one to resolve the subjectivity in the decision since the results
obtained are independent of who the user of the tool is. In the case of the soil described in Table 10,
the tool provides the following results (Table 12).
Table 12. Prediction of the computer tool.
Models
Clustering
- Soil 34
- Soil 9
- Soil 55
Basic
Physical
Electrochemical

Steel Corrosion (Microns)

Quality (%)

175.52
190.83
165.44
158
141
-

85
78
75.8
85
57

With the available information, the electrochemical model could not be executed, but the basic,
physical, and distance models could be executed. In addition, the system only provides the loss of
mass due to corrosion, which facilitates design work.
Notably, the distance model determined that none of the cases that had been chosen in the tables
are the closest to the one studied. Given the quality percentage of the prediction, the most similar soil is
the one defined by soil 34. Therefore, the engineer could directly use the corrosion information in that
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soil for the design of the buried steel structure. Furthermore, if the steel thickness is to be optimized
with the useful life of the structure, the solution proposed by the basic model should be used. In this
way, the consumption of materials would be reduced, improving the economic cost and sustainability
of the infrastructure.
In any case, the use of the tool allows decisions to be made in a more objective way, regardless of
the person in charge of the design. In addition, it provides a lot of information automatically when
entering the input variables and in a manageable format.
5. Conclusions
In this paper, we developed a clustering model and three predictive models to estimate the
thickness loss that steel experiences when it is buried in the ground. The construction of a reliable and
representative database that feeds the modeling was carried out through the analysis and preparation
of Romanoff tables.
The clustering model is based on the concept of Euclidean distance and allows us to know the
loss of corrosion that has occurred in the steel in the most similar soils in the database. The basic,
physical, and electrochemical predictive models were performed by using the MARS algorithm and
estimating the loss of material based on the characteristics of the soil where the structure will be buried.
In addition, the quality of the predictions was evaluated to discuss the effectiveness of the estimates.
The results obtained were materialized in a computer application that provides the loss of thickness
that the steel will suffer according to a certain period. In this way, it provides the evolution of corrosion
over time and guarantees the agreed useful life of the structure. In addition to providing the loss of
metal thickness, the tool describes the parameters of the real cases that the distance model detects
as being more similar. In addition, below each estimate, the percentage of the prediction’s quality
is indicated.
The results show that this project may contribute to optimizing the design of buried steel structures.
It is able to estimate the loss of thickness that the structure will suffer due to corrosion and avoid using
conservative and subjective excess thickness.
The models adjust tolerances and optimize the amount of metal needed to meet its useful life.
This allows for the efficient and sustainable use of materials and a reduction in the total cost of
the structure.
Although this research was done for Bessemer steel, both the modeling methodology and
techniques could be applied to other types of materials, such as galvanized steel. The only modification
in the development would be the database, since the information related to each type of metal would
have to be added. Future research could make a comparison of how corrosion in the soil affects each of
them. In this way, the responsible engineer would choose the most efficient type of steel for each soil
and structure.
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