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1. Introduction

The process of corrosion and destruction in a
structure is generally divided into three stages.
The first stage, which occurs in a very long
time, is the time of the sample exposure until
the chlorine or sulfate is fully dispersed at the
surface of the structure. The second stage is
the process of chlorine diffusion into the
structure, and the exposure time of steel and
rebar buried inside the concrete, during which
the rebar is affected by destructive factors,
resulting in forming corrosion cell in the
structure. In the third stage, metal corrosion
begins after the cell formation, which causes a
destruction and area reduction in structure and
rebar, resulting in creating a negative effect on
the structural strength. Moreover, it is
necessary to strengthen and repair the
damaged structure in advance before
conducting the third stage. Hence, it is
essential to estimate and predict when the
metal corrosion may begin. In this regard,
detailed inspection and monitoring are
required for structural performance and
structural behavior. Fig. 1 presents a picture of
a deteriorated rebar due to corrosion.
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Fig. 1. a piure of a deteriorated rebar due to
corrosion.
The corrosion rate depends on many

parameters such as the initial diameter of the
steel bar, the density and, weight of the steel

lining, Faraday constant, steel elbow profile,
the bandgap flexibility, Poisson ratio, concrete
elastic modulus, creep coefficient, concrete
thickness, concrete expansion coefficient,
rebar penetration depth, corrosion product
density, thickness of corrosion products for
production, tensile stress on concrete,
corrosion-resistant material, porous bonding
thickness around steel/concrete, interface,
chlorine concentration at surface, water to
cement ratio and exposure time [1].

In this regard, the small number of effective
parameters reduces the accuracy of the model
and is not practical in some cases. In [2], for
example, the corrosion procedure formula,
known as the fib model (2006), was modeled
for the Persian Gulf environment, and it was
found that the formula is not accurate enough
to model and estimate corrosion time in the
concerned environment as a result of
disregarding some parameters which act
differently in different environments. Applying
artificial intelligence-based methods,
combining formulas, applying dissimilar
formulas to  generate  samples, and
interpolating the results in some unknown
examples would contribute to solving the
problem.

It is noteworthy to mention that soft
computing methods are powerful tools in
finding the relationship between the corrosion
rate and the factors affecting it. Atha and
Jahanshahi [3] applied deep learning and
neural network methods to detect corrosion.
Moreover, corrosion flow in steel was
investigated in [4] as such; the neural network
was applied to find steel corrosion in concretes
without cross reinforcement. In [3], artificial
neural networks, support vector machines,
regression and classification trees, linear
regression and collective learning methods [5]
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were used in order to compute the corrosion
and pitting rates.

Jiménez-Come et al. [6] adopted artificial
intelligence-based methods to model steel
corrosion behavior applying Classification
Trees (CT), Discriminant Analysis (DA), K-
Neighbors (K-NN), Back-Propagation Neural
Networks (BPNN), and Support Vector
Machine (SVM) have been used. Furthermore,
the researchers applied the aforementioned
tools to inquire about the effect of chloride
solutions NaCl and MgCl as well as different
environmental conditions such as chlorine ion
concentration, temperature, and pH on
corrosion behavior.

The Influence of Environmental Factors on
Concrete Evaporation Rate is modeled in [7].
In [8], the neural network and fuzzy logic were
to estimate the corrosion rate of a solution
containing 3.5% by weight of salts. Chen and
Zang [9] proposed an artificial immune pattern
recognition (AIPR) method to classify the
damages to the structure and detect the main
parameters controlling chloride diffusion,
applying long-range data using ensemble
learning methods. To this end, the models
were taught to use a dataset consisting of
variables that described the composition of
concrete mix materials, new and hard
properties, field conditions, and chloride
profiles. The hardening properties of SCCs,
including compressive strength, flexural
strength, tensile strength, water absorption,
and electrical resistance, were contemplated as
well in their study. Taffese and Sistonen [10]
provided an artificial neural network (ANN)
model to model the concrete corrosion
processes in sewage ducts. Recent advances in
computing approaches lead to successful
employing soft computing and reliability

based methods in civil engineering context
[11-18].

Researchers in [4] employed resistivity and
resistivity ~ measurement methods in
accordance with neural networks to evaluate
the steel corrosion rate in concrete while
disregarding reinforcement. The results
revealed that the corrosion density of steel-
reinforced concrete could be predicted by
applying an artificial neural network based on
the parameters determined by two methods
measuring non-destructive strength. In [19],
some approaches based on a different neural
network were suggested to assess corrosion at
metal surfaces. In addition, soft computing
approaches were successfully implemented by
different researchers in the context of civil
engineering for shear strength prediction of
reinforced concrete shear wall [20], modeling
of asphalt mixtures dynamic [21], forecasting
sensitivity of treated subgrade soil [22],
Durability and Resistance forcasting of
Cement [23], moment capacity estimation of
ferrocement members [24], etc.

In this paper, we estimated the ion-chloride
penetration  coefficient  applying  soft-
computation methods. To the best of our
knowledge, no study has researched the use of
the artificial intelligence-based methods in
estimating the chloride ion diffusion
coefficient. Furthermore, as a result of the lack
of appropriate datasets in this field (existing
data are almost less than 100 training
examples), an approach based on Markov
Chain Monte Carlo (MCMC) sampling is used
to generate 2000 data samples using diffusion-
related formulas addressed in literature. 200
samples of this generated dataset are
represented in Appendix 1. Regarding the
objectives of this study, support vector support
(SVM), K-nearest neighbors (KNN), and
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ensemble learning methods were adopted. In
the support vector machine method, four
variants of SVM (namely linear, quadratic,
cubic and Gaussian kernels) were considered.
In the KNN, fine, medium, and coarse KNNs
were adopted. Ensemble bagged tree and
subspace discriminant was also examined in
the ensemble learning method. MATLAB
software was applied for modeling in the
present study as well. In estimating the
chloride diffusion coefficient, the SVM with
quadratic order kernel and the accuracy of
93.5% was selected as the best method.

The outline of this article is as follows: In the
second section, a brief overview of artificial
intelligence-based methods is proposed. The
third section describes a base model and the
formulas used in the corrosion procedure.
Section 4 is devoted for proposed
methodology to produce artificial dataset for
ANN models. Section 5 evaluates the accuracy
of the developed models. Section 6 discusses
about profits and limitations of proposed
methodology, and the last section will
conclude the study.

2. An Overview of Soft Computing-
Based Methods

Artificial neural networks (ANNs) are
developed based on the mathematical models
derived from the activity of neurons in the
human neural network, in which a collection
of sampled data is provided to train a network
of layered neurons. The term ‘training’ refers
to finding missing parameters that make an
input have a specified output. The most
common type of parameter is the synaptic
weights of each neuron, reflecting the degree
of significance for each of the input features in
begetting the output. These weights act like the
coefficients of a decision hyper plane

equation, which separates the data from a
specific output category from data from the
other categories.
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Fig. 2. General scheme of an artificial neural
network.

Fig. 2 depicts the general schematic of
artificial neural networks. What makes various
neural network methods wunique 1is the
relationship between neurons, the network
training method, manner of determining the
values of the interface weights, and the type of
mobility function for each neuron. The
methods applied in this article are discussed
below in brief.

2.1. Support Vector Machine

The supervised neural network methods
require input training data and their expected
output. Each input sample has several
attributes that contain significant features
affecting the output. An ANN is to compute
the degree of significance of each input in
producing an output value. In some neural
networks, the concern is to provide a structure
for the neural network in such a way that the
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estimation error is minimized. In the SVM as a
particular kind of neural network,
nevertheless, in addition to reducing the
estimation error, increasing the margin of the
decision page for each of the classes is of the
essence [25]. This feature enables the SVM to
be better generalized to non-training data. The
SVM loss function is defined as (Eq. 1). Fig. 3
depicts how to separate input data applying the
SVM decision surface. It also reveals the
importance of increasing the margin between
the decision surface and the data in different
classes.

1, 2
minz||a)|| +CZCi,
i=1

sit.yywlx; +b)=>1—-¢, (=0.i =
1,...,m. 1)

Where, C is as a regularization term, balancing
two criteria of maximum margin (w) and
minimum error (¢). Moreover, X, w, b are
input vector, weight matrix and bayas vector,
resp.
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Fig. 3. Schematic representation of how to divide
input data into two categories of output using the
SVM decision surface.

2.2. K-Nearest Neighbors

KNN is a non-parametric classification
method. It is an instance-based learning

which  the
approximated locally. An input data is

algorithm in function is
assigned to the class or category, which is
most common among its k nearest neighbors.
And if k=1, the input is simply assigned to the
class, to which the nearest neighbor belongs.
Neighbors and nearest neighbors are computed
applying the criterion 1/d, where d is a
distance criterion.

2.3. Ensemble Learning

In machine learning, ensemble methods
consists of a concrete finite set of alternative
models to improve the predictive performance
of the whole system than what could be
obtained from any of the constituent learning
algorithms alone. Machine learning ensemble
typically allows for some flexible structure to
exist among those alternatives.

Different methods for ensemble learning have
been proposed in literature. Ensemble bagged
tree, and ensemble subspace discriminant are
methods. In

two wellknown ensemble

ensemble  bagged tree, firstly some
bootstrapped datasets are generated. For each
bootstrapped set, the number of elements
selected is the same as the original training
dataset, but elements are chosen randomly
with replacement. Thereafter, each of the
bootstrapped datasets is given to an instance of
the learning model used by the ensemble (e.g.,

a decision tree) to be trained on.

Subspace discriminant is another ensemble
algorithm that combines the predictions from
multiple decision trees trained on different
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subsets of columns in the training dataset.
Randomly varying the columns used to train
each contributing member of the ensemble has
the effect of introducing diversity into the
ensemble and, in turn, can lift performance
over using a single decision tree.

3. Introducing the Corrosion Model

Given the different environmental conditions
in different geographical regions and the use
of distinct materials in different countries, the
introduction and implementation of a uniform
global bylaw are not possible; consequently,
there have been many studies on the rate and
time of corrosion in different countries. In this
paper, assuming the full saturation of concrete,
chloride emission was contemplated as the
main cause of chloride penetration in concrete.
In the following, we will review two famous
models of corrosion ([26], [27]), which data
generation using the combination of these two
models in the MCMC framework, has led us to
an artificially rich dataset for applying
artificial intelligence methods.

The load and resistance factor design (LRFD)
of corrosion in chloride-based corrosion is

estimated applying the following equation
[26], [28]:

9,0 = Cop — Cs (1 —erf 7 7=) @)

If ¢ is separated, we have (3):

t= x 3)

4D[erf—1(1_%h)]z

In Equations (2) and (3), the variable Cy,
threshold

concentration, C, stands for the concentration

represents the chloride

of surface chloride (in concrete weight
percentage), X is the depth of coating (in
millimeters), D indicates the chlorine diffusion
factor (in millimeter/year), and ¢ is the
exposure time (in year).

In order to elaborate on the effects of
environmental factors (e.g., the actual ambient
temperature and test temperature) on the
diffusion coefficient, Equations (4) and (5) are
used [27]. It is noteworthy to mention,
nonetheless, that the emission factors derived
from this equation can exclusively be used for
ages up to 25 years, and times above 25 years
would take uncertain values. This point is
deliberated in the next section in terms of
producing random samples and applying them
in training/testing the ANN data.

D= Dref N (tref)oc (4)

t

Dyer = Drem * exp <be * (i - T:@ﬂ)) Q)
Where the variable t,.r represents the age of
the concrete in the RCM test (in years), and ¢t
is the age of the sample concrete (in years).
Trer and Treq; display the ambient temperature
and the actual temperature of the environment
(in terms of Kelvin), respectively. Moreover,
b.and o are two coefficients.

The statistical information for some of the
variables (Cth, Cs, x, Tref, Treal, be, Drcm,
Tret, a) in this study was set in consonance to
[29], and the distributions of D is set in
accordance with [30] as depicted in Table 1.

In this table, there are more than one mean and
a standard deviation for some variables such as
C¢p- In the case of these variables, the test and
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training samples are produced uniformly from
each of the proposed distributions. Regarding
the parameter 7, given that its values range
from 0 to 25, we applied the normal
distribution with a mean and standard
deviation of 10 and 5. This is due to the
positive values below 10 are more likely to be
selected than the values ranging from 20 to 25.
Furthermore, if the random number generator
generates a ¢ with a negative value or a value
above 25, these values will be reproduced
randomly.

Table 1. The statistical information of variables
studied according to [29,30].

Coefficient Mean STD
0.03 0.009
C 0.07 0.021
th 0.05 0.015
0.09 0.027
0.6 0.12
0.8 0.16
Cs 1 0.2
1.2 0.24
55 27.5
70 35
X 85 42.5
100 50
Tref 298 --
Treal 3079125 -
be 4800 700
Drem 37.212 18.606
tref 0.328 --
a 1.37 0.04
35.81 7.162
7.1 14.2
D 24.6 41
432 86.4

4. Implementation and Evaluation

4.1. Proposed Method

In order to apply supervised learning methods,
it is requisite to have training data and their
target output. Each input sample has several
attributes containing the main features
affecting the output. In our proposed method,
the chloride diffusion coefficient was the
expected output. A thorough review of the
literature revealed the output characteristics, as
described in Section 3. Accordingly, 10 inputs
and 1 output characteristics were contemplated
for each sample.

Each input data may take different values. In
order to produce the training data, we acquired
the properties of each input data applying
Table 1 that presents the distribution for each
of the wvariables affecting the diffusion
coefficient. In this regard, normal distributions
were used to generate the data randomly.

Considering the data, the chlorine diffusion
coefficient, as an output, was computed by
Equation (4). Given that the appropriate
distribution of D is illustrated in Table 1
according to [30], D was assumed to be in
range from 0 to 400. Hence, the data with a D
value above 400 were considered as
incompatible data and removed from the
training cycle. Moreover, zero-value is
inconsistent for D, as it will causes t to be
infinite. In practice, there were only a few
inconsistent data (0 to 3 out of 2000 samples)
in each run of data production procedure.

Since the supervised learning-based methods
map the input to one of the limited set of
output categories based on the features of the
input data, it is requisite to discretize the
output data as well. As the data was more
dispersed in lower quantities, the categories
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were not homogeneously distributed. The
breakdown applied for values of D<I1 is
affiliated to the four categories 0, 0.2, 0.4, and
0.8. For greater values, any data between
(n—1)% and n? belonged to the category
(n—1)%2. In general, a maximum of 2000
samples and 23 output -categories were
included in the study. To be more precise, 200
samples of the dataset produced by MCMC are
presented in Appendix 1.

The data were imported to the SVM, KNN and
Ensemble Learning methods for evaluation. In
order to evaluate the accuracy of applying

these methods, the data should be divided into
two train and test data sets. In this paper, the k-
fold method (k = 10) was used for this
purpose, implying that the data (2000 samples)
are divided into k batches. For k times, a batch
is dismissed as the test data. After training the
neural network with the other nine classes, the
test data was reused to evaluate the accuracy
of the method. Conclusively, the average
precision of the batches was set as the overall
accuracy of the method. The general flowchart
of the proposed method is illustrated in Fig. 4.

Sample a Value for X, Cth, Cs, D According to Distributions of Table 1

v

Generate t According to Eq.3

\i

Sample a Value for Tref, Treal, be According to Distributions of Table 1

\i

Generate Dref According to Eq.5

v

Generate D According to Eq.4
\

Producing 2000
Data Instances?

Remove the Data Instance if it is Incompatible

Yes

Discretization of D Values to be used as Classes

i

Apply ANN Models According to Fig. 2

Fig. 4. Flowchart of the Proposed Methodology.

5. Evaluation Results

To evaluate the proposed methodology of
using MCMC to relate multiple corrosion
formulas and producing artificial dataset,
some classifiers are used. The SVM, KNN,

and ensemble learning methods were applied
to compute the diffusion coefficient based on
11 other variables (t, tref, Tref, Treal, Cth,
Cs, a, be, d, Drcm, Dref). We used
classification learner application of Matlab
R2020 for classifiers. The accuracy of each
method is examined below.




96 S.A. Habibi et al./ Journal of Rehabilitation in Civil Engineering 11-3 (2023) 88-106

5.1 Support Vector Machine

In this section, four versions of the support
vector machine (namely linear, quadratic,
cubic, and Gaussian kernels) were adopted to
estimate the diffusion coefficient of chlorine.
In Table 2, the parameters of each SVM
method are presented.

Table 2. The Parameters of the SVM Models.

SVM Parameter Parameter
Models Value
Kernel function Gaussian
Box constraint
1
level
Kernel scale mode Manual
Gucci SVM Manual kernel
0.83
scale
Multiclass method One-vs-
one
Standardize data yes
Kernel function Quadratic
Box constraint
1
level
Kernel scale mode Auto
Second- Manual kernel
class SVM anua 1
scale
Multiclass method One-vs-
one
Standardize data yes
Kernel function Cubic
Box constraint
1
level
Kernel scale mode Auto
Cubic SVM Manual kernel 1
scale
Multiclass method One-vs-
one
Standardize data yes
Kernel function Liner
Box constraint
1
level
Kernel scale mode Auto
SVM linear Manual kernel 1
scale
Multiclass method One-vs-
one
Standardize data yes

93.5 89.1 90.2

Evaluation
Accuracy (%0)
[=Y
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Fig. 5. Accuracy diagram of different versions of
the SVM method in predicting chlorine
penetration.

Fig. 5 indicates the accuracy of each of the
SVM models. As depicted in this figure,
SVM with a quadratic kernel function has the
best performance for predicting the data.
Accuracy of this SVM model is 93.5%. linear
and cubic SVM have acceptable
performance, as well. However, the
performance of Gaussian kernel has been
poor. This may be due to the high complexity
of this function and the lack of setting of its
hyper-parameters.

5.2. K-Nearest Neighbors

In the K-nearest neighbor method, as a data
classification method, three different versions
were applied for classification: Fine KNN,
medium KNN, and coarse KNN. In Table 3,
the parameters of each KNN method are
portrayed. The accuracy of each of the KNN
versions is also illustrated in Fig. 6. Accuracy
of all of these models are in range 50-60%.
In comparison to SVM models, this may
indicate that KNN models are not appropriate
for this dataset.

. 59.9
c ¥ 60 55.6
S< 55
< g 50
E S 45 f T T T
u>J<<(S’ Fine Medium Coarse

KNN KNN KNN
KNN Models

Fig. 6. Accuracy of Different KNN Models in
Predicting Chlorine Penetration.
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Table 3. Parameters of the KNN Models.

classifiers have poor performance in this

regard,

as well.

However,

bagged tree

ensemble learning (with 81.3% accuracy) has

better

performance. Of

course, the

performance of decision tree-based methods
has been weaker than SVM-based methods,

as well.

Table 4. Parameters of the Used Ensemble

KNN
Model Parameter Pa{;aa Iﬁger
Number of 1
neighbors
Fine KNN Distance metric Euclidean
Distance weight Equal
Standardize data yes
Number of 10
neighbors
Medium Distance metric Euclidean
KNN - :
Distance weight Equal
Standardize data yes
Number of
neighbors 100
Coarse Distance metric Euclidean
KNN - -
Distance weight Equal
Standardize data yes

5.3. Ensemble Learning Method

In this
methods (namely ensemble bagged tree and

section, two ensemble learning
the subspace discriminant) were used. The
accuracy of each of these methods is
displayed in Table 3. The ensemble learning
methods are usually applied as these methods
can combine the advantages of several
learning methods. If a good method is
combined with a few bad or moderate
methods, the result is not necessarily more
accurate than the best one. Table 4 indicates
the parameters of each ensemble learning
method. The accuracy of ensemble learning
methods in predicting chlorine penetration is
shown in Fig. 7. As can be seen in the figure,
KNN-based
ensemble method is 45.4% which is poor. As

the accuracy of subspace

seen in the previous section, all KNN

Learning Methods.
Ensemble Parameter
Method Parameter value
Ensemble
method Bag
Learner type | Decision tree
Maximum
number of 20
Ensemble splits
bagged tree Number of 20
learners
Learning rate 0.1
Subspace
dimerrl)sion 1
E&s;gﬁﬁe subspace
Learner type | Discriminant
Maximum
number of 20
Ensemble splits
subspace
Discriminant Number of 30
learners
Learning rate 0.1
Subspace
dimension 6
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Ealuation Accuracy (%)

4

Ensemble Method

Fig. 7. Accuracy of Ensemble Learning
Methods in Predicting Chlorine Penetration.

In the following, for general comparison, the
accuracy of the aforementioned methods are
graphed (Fig. 8). Fig. 9 displays the
computation time required for each of the
proposed methods. Generally, SVM models
are accurate models with high computation
time. KNN models are poor but fast models.
Ensemble learning methods are in the middle

in terms of speed and accuracy

100

4Evaluation Accuracy (%)
%
N
o

Fig. 8. Accuracy Diagram of Different
Methods in Predicting Chlorine Penetration.
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Fig. 9. Computation Time (Training +
Prediction) of Different Methods.

The results obtained so far were valid for 10-
fold cross validation method utilizing all
data. In the following, we separated 75% of
the data as train data from the rest of the data
and calculated the mean squared error
(MSE), mean absolute error (MAE) and
accuracy of each method, separately. The
results of this comparison is illustrated in
Table 5. As can be seen in this table, fine
KNN and ensemble-bagged tree methods
100% fitted on the train data, but they have
low accuracy on the test data. It can be said
that over fitting has happened in these two
methods and the model has low
generalizability. For Test data, SVM-based
methods still have the best accuracy and the
lowest amount of errors (MSE and MAE).
Among these, quadratic SVM has obtained
the best results for test data.
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Table 5. Evaluation of methods for 75%/25% split of train/test data.

Model/Criteria Train Test
MSE MAE Acc. MSE MAE Acc.
Fmes(i/‘i‘l‘\l/f“an 2.49E+03  11.6203  85.7333  3.16E+03  16.8744 50
Quadratic
673.1722  4.1989 90.2 648.5966 5.264 83
SVM
Cubic SVM  313.1837  1.6295 973333 8547752  6.7536 75.4
Linear SVM  1.11E+03 7.652 757333 655.5325  6.0624 77
Fine KNN 0 0 100 898.5326  11.6276 352
Medium KNN  148E+03  11.9573  52.9333  844.5578  10.3352 48
Coarse KNN  243E+03 155292  50.1333  2.95E+03  16.4544 50
Ensemble- 0 0 100 L44E403  8.6156 73.4
Bagged Tree
Ensemble-
Subspace 1.98E+03  14.1332 50.4 1.68E+03  12.7764 50.6
KNN

6. Discussion

In this paper, it was proposed to benefit from
the MCMC approach and corrosion models,
to construct artificial dataset. This dataset is
utilized to train ANN-based models for
corrosion prediction.

Note that the, optimal performance of ANN-
based models requires data and the amount of
data is very effective on the accuracy of these
methods. Considering the high cost of
producing real or laboratory data, using the
proposed methodology can be effective in
reducing the cost of data production.
Moreover, by using this method, it is possible
to use a large number of corrosion-related
formulas, to produce a dataset that considers
many factors affecting corrosion.

Of course, along with these advantages, the
proposed method also has limitations.
Among other methods, the validity of the
generated artificial data is lower than the
laboratory data. Also, correlation of corrosion
formulas may not have been studied and
produced data may be weak from this point
of view. Of course, in any case, this method
can be used in estimating the corrosion time
depending on many variables, and also in
introducing new models of this subject.

7. Conclusion

Contemplating the significance of the
chloride diffusion coefficient in estimating
the corrosion rate and corrosion time, the
problem with estimating this factor is
discussed in this paper. To this end, artificial
intelligence methods attributed to the

99
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supervised learning were applied, and the
training data samples for each of the effective
parameters in the chloride diffusion
coefficient were produced wusing the
distributions of parameters proposed in the
literature.  Consequently, the chlorine
diffusion coefficient was computed as the
expected output data in supervised learning.
The data were used for three types of
machine learning methods (namely SVM,
KNN and ensemble learning). Among other
methods, the accuracy of detecting the
correct output category was estimated to be
93.5% for the best version of the SVM (i.e.,
quadratic SVM). In the KNN, the best
accuracy was observed for the medium KNN
method with a precision of 59.9%. In the
case of ensemble learning methods, the
ensemble bagged tree method was 81.3%
accurate. In general, it can be concluded that
the quadratic SVM has the best accuracy to
predict ion chloride diffusion, reflecting the
significance of artificial intelligence-based
methods in terms of corrosion.
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Appendix 1. 200 instances of data samples generated by MCMC and used to train the ML models.
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