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Abstract—The main sources of electricity generation in Brazil
are hydroelectric plants. With high energy production capacity
and more stability than other renewable sources, hydroelectric
power plants are essential for the country’s energy security.
Thus, it is of strong importance to study actions that allow
an increase in the operational availability of the generating
units, in order to guarantee efficiency to the process and reduce
operating costs that impact directly the value passed on to the
final consumer. One of the problems with the greatest impact on
the plants is the wear processes of hydraulic turbines, caused by
abrasion and cavitation processes. Among the numerous possi-
ble solutions, the deposition of a coating by the thermal spraying
process has been shown to be efficient. This paper demonstrates
the application of machine learning algorithms for modeling
the wear problem in Kaplan turbines, predicting the erosion
rate of the coating based on the operational characteristics
of the hydroelectric plant. The best results have accomplished
symmetric mean absolute percentage error (SMAPE) below
10% through 5-fold cross-validation. The model allows for
monitoring the wear of the coatings and calculating their
remaining life, supporting better estimation for maintenance
downtimes of the generating units.

Index Terms—coatings, hydroelectric, machine learning, ther-
mal spray processes, wear processes

I. INTRODUCTION

The Brazilian electric system has hydroelectricity as its
main source of energy generation since Brazil is the country
with the largest amount of water resources in the world. An
installed capacity of more than 150 GW, where approxi-
mately 65% of its electrical matrix comes from hydraulic
generation [1], due to the abundance of the energy resource
and its economic competitiveness compared to other sources
of energy. This generation technology is reliable and consid-
ered renewable, contributing to a lower emission of gases that
aggravate the greenhouse effect. Thus, the share of renewable
sources in Brazil’s Domestic Energy Supply (DES) is 46%,
while in the world scenario the value is 14% [2].

Hydroelectric plants are capable of providing a series
of ancillary services, such as automatic generation control,

frequency and voltage control [3]. In addition, there are
hydroelectric plants that have reservoirs, which allow con-
trol of flows falling into rivers and are less susceptible to
climatic changes when compared to run-of-river plants [4].
Aforesaid changes influence the level of the reservoirs and,
consequently, modify the capacity of energy generation [5].
Nonetheless, the capacity of regularization of the reservoirs
has been decreasing. As a result of environmental restric-
tions and spatial difficulties for the implementation of new
plants of these types, providing an expectation that future
installations will be of the run-of-the-river scheme [6].

Given the importance of this energy source, it is essen-
tial to increase efficiency in the generation process of the
plants present in the Brazilian electrical matrix. For this
reason, studies have been accomplished with the intention
of decreasing the wear of hydroelectric system components,
reducing the frequency of downtimes, and increasing the
operational availability of hydraulic turbines [7]. The turbines
are commonly made of ASTM A743 CA6NM martensitic
stainless steel, cause of the mechanical properties and good
weldability of this material [8]. These components are ex-
posed to abrasion and cavitation phenomena [9], [10], leading
to water flow instability, excessive vibrations, and reduced
efficiency of the turbine [7]. Hence, synergistic and erosion
processes caused by sediments present in the water alter
the hydraulic profile of the blades and affect the generation
process [11], being one of the main causes of turbine repairs.

The study in question was carried out at the Santo
Antônio1 hydroelectric plant, built on the Madeira River,
in Northern Brazil. Presently, 50 Kaplan turbines are in
commercial operation, providing a total power of 3,568 MW.
Enough energy to meet the consumption of more than 45
million people. The Madeira River has a high sediment load,
which intensifies the processes of erosion and cavitation,

1https://www.santoantonioenergia.com.br/

2021 14th IEEE International Conference on Industry Applications Mo3Track C.5

978-1-6654-4118-6/21/$31.00 ©2021 IEEE 118 ISBN 978-1-6654-4118-6



causing more severe damage to the turbines of the generating
units and reducing the efficiency of the plant. Fig. 1 shows an
example of the damage caused to one of the plant’s turbines.
A preventive solution to these problems is the deposition of
more resistant materials on the surface of the blades, creating
a hard coating. Among the thermal spray processes for
depositing material, high-speed oxygen fuel (HVOF) stands
out, as mentioned in [12], [13].

Fig. 1. Damaged blade by the erosion process.

The erosion process is harmful to hydroelectric turbines
and causes a gradual loss in the machines’ operating effi-
ciency. Thus, the study of this degradation mechanism has
been shown to be important in the search for improvements in
the energy generation process. In [14] a study was carried out
through computational fluid dynamics (CFD) simulations to
investigate the effect of silt erosion on Kaplan turbines, and it
is concluded that the tips of the blades and the regions around
the trailing edge are the most affected. The flow behavior in
Kaplan turbines due to the gap between the tip of the rotating
blade and the turbine cover is described by [15]. In [16] an
experimental and numerical study was presented on Francis
turbines, where the authors identified that the size, shape,
and concentration of the sediment particles are important
parameters of erosion. The same erosion mechanism also
affects the performance of Pelton turbines, as shown in [17]
and [18]. In the latter, the authors performed a 3D optical
measurement to assess the material loss.

The contribution of this paper is the develop an algorithm
based on machine learning techniques, which seeks to predict
the wear of the coating of the hydraulic turbines of the Santo
Antônio Hydroelectric Plant. The model is based on Slurry
Jet Erosion test data, which considers the flow velocity of
the fluid, the impact angle of the fluid, and the particulate
concentration to calculate the mass loss of the material.

The remainder of this article is structured as follows.
Section II presents the problem modeling and definition of
the variables of interest, as well as the Slurry Jet Erosion test
and data acquisition. Section III deals with machine learning
models and their particularities, performance evaluation met-
rics used to select methods, and optimize hyperparameters.
In Section IV, the results obtained are evaluated to find the
model that better fits to the problem. Finally, Section V
concludes the article and presents possible future works.

II. PROBLEM MODELING AND SLURRY TEST

In order to study the behavior of chrome and tungsten
carbide coatings deposited by HVOF on carbon steel, the

wear resistance of these coatings under erosion mechanisms
was evaluated through the Slurry Jet test, using sand mi-
croparticles. The sand particles were defined through a study
to characterize the quality of the water and sediments in
the place where the plant is installed. Historical data and
samples acquired during the development of the project
were compared in order to understand and relate the erosive
processes of the sediments on the turbine blades. By means
of this study, it was identified that there is a seasonality in the
concentration of the particulate. Consequently, fixed values
were defined according to the periods of the year.

The chromium carbide coating (Cr3C2) showed a higher
intense mass loss when compared with tungsten alloys (WC).
The results indicated that WC alloys have greater resistance
to wear by Slurry Jet than chromium carbide alloys, and
both have a higher resistance to the base metal of the
turbines. Hence, the tungsten alloy was selected to be de-
posited through the coating and to be evaluated by the wear
prediction algorithm.

Take into account CFD simulations, were found the most
critical situations to erode the applied material. In conse-
quence, it was characterized the main evaluation parameters
and their respective crucial values. The turbine blades were
segmented into seven regions of interest to assess the wear of
the coating, as shown in Fig. 2. These regions are identified
from SI until SVII, and they allow mapping the blade in
sections in which the operations conditions are similar.

Thus, jet velocity, impact angle, type and size of the
erodent, particulate concentration, and test time were selected
as evaluation variables. Slurry Jet tests were performed
according to the information contained in Table I.

The possible combinations of test parameters provided 64
different tests, where at the end of the tests the material mass
losses in milligrams per minute [mg/min] were evaluated.
These values were used for the training and testing of
algorithms that apply machine learning (ML) methods. They
aim to predict the wear of the coating, given the operational
characteristics of each generating unit of the hydroelectric
plant.

III. PREDICTION METHOD

Regression analysis is a predictive technique that assesses
the relationship between a dependent variable (result) and
one or more independent variables (predictive or explana-
tory). It can be used to model time series, make predictions

TABLE I
SLURRY JET TEST SPECIFICATIONS

Parameter Specification

Equipment DUCOM - Slurry Jet Tester

Impact Angle 15°, 20°, 25°, 30°

Erodent Type Sand

Erodent Size [µm] 300

Erodent Concentration [g/m³] 3000, 5000, 6000, 8000

Jet Velocity [rpm] 250, 325, 395, 470

Test Time [min] 0.5, 1, 2, 4, 8
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Fig. 2. Regions of interest to segment the Kaplan turbine blade assessment.

and find the cause-effect liaison between variables. In this
research, the variable of interest is the erosion rate that
degrades turbines’ coating, defined by (Y). CFD simulations
bring the Slurry Jet test variables. Through the operational
parameters of the hydroelectric plant, such as net head (H),
turbine rotor angle (φROT), and guide vanes angle (φVAN),
are converted into flow velocity (υ) and impact angle (θ) of
the fluid, as represented in (1).

υ, θ = f(H,φROT, φVAN) (1)

These two variables and the particulate concentration
(γ) constitute the independent variables of the model. An
additive term represents the error (ε) embedded in the data.
Each event is defined by i (a row of the dataset). Equation
(2) presents the problem to be modeled.

Y i = f(υi, θi, γ i) + εi (2)

A. Selecting a Machine Learning Algorithm

The data generated by the Slurry Test supply a small
amount of information, both for independent and dependent
variables when compared to most problems involving ma-
chine learning methods. Problems with few samples allow
several models to fit the data. More complex models may
perform that will explain training data almost perfectly. On
the other hand, it possibly will perform poorly on test data.
In these cases, complex models with many parameters should
be avoided, limiting generalization and the probability of
overfitting [19].

Another problem with a small size database is that outliers
(data that differ drastically from the others, outside the
normal curve) become more dangerous. In general, noise
becomes a real problem, either in its target variable or in
its resources, and affects the assertiveness of the algorithm.
Besides that, small databases are scarce of information and
have a certain learning limit. The main reason why a small
dataset cannot provide enough information is that there are
gaps between samples [20]. Such gaps make most learning
tools have difficulties in making assertive predictions when

they receive new data that differs from the data known by
the model (data between lacunas).

In agreement with the dataset characteristics mentioned,
several regression techniques were applied to assess the
problem, which are: multiple linear regression [21], polyno-
mial regression [22], decision tree [23], random forest [24],
support vector regression [25], and kernel ridge regression
[26].

In simple linear regression, only one predictor variable (X)
is used to model the response variable (Y). However, like in
this problem, there is more than one factor that impacts the
response. Multiple linear regression (MLP) models describe
a relationship between two or more explanatory variables and
a response variable through a linear equation to observed data
[21].

As in a single or multiple regression, polynomial regres-
sion (PL) is a form of regression analysis that models the link
among variables. Nevertheless, the modeling polynomial is
of the n-th degree. The models are generally adjusted using
the least-squares method, minimizing the variance of the
coefficients, as shown in [22]. Thus, the relationship between
the dependent and independent variables is curvilinear. The
order of the model must be kept as low as possible, that
one may grant a good generalization to the model, although
without finding all data points (overfitting). High-degree
models do not increase the understanding of the unknown
function, and, consequently, are not good predictors.

A decision tree (DT) is a predictive model that maps
observations on a given item to draw conclusions about its
target value. The method is built by recursive partitioning,
where a root node could be divided into child nodes to the
left and right. These nodes could be divided again, generating
other resulting nodes. In this structure, the leaves represent
the classifications, the non-leaf nodes are resources and the
branches represent conjunctions of resources that lead to the
classifications [27]. The main challenge is to build a tree
consistent with a set of data, although without great depth to
avoid overfitting problems. This can be done via pruning, by
setting a maximum depth limit for the tree. Pruning ensures
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larger generalization to the tree, providing greater robustness
in relation to data unlabeled or incorrectly labeled. In a
regression approach, the dependent variables assume contin-
uous or ordered discrete values, and the prediction error is
typically measured by the quadratic difference between the
observed and predicted values [28].

Random forest (RF) is a bagging algorithm that brings
together a set of decision trees, as described by [24]. In a
regression problem, each tree in the forest predicts an output
value for a new record. The final result can be calculated by
taking the average of all the predicted values for all trees
in the forest. Among RF advantages are that the algorithm
is not biased since there are several trees, and each one is
trained in a subset of data [29]. Besides that, the trees are
executed in parallel, with no interaction between them during
construction. Therefore, the general bias of the algorithm is
reduced. It is a technique that has good stability. Even if
a new data point is introduced into the data set, the general
algorithm is not as affected. It also works well when the data
have missing values or are not well dimensioned [30].

Support vector regression (SVR) is a regression technique
based on the Vapnik concept for vector support. The purpose
of a support vector machine algorithm is to find a hyperplane
in an n-dimensional space (where n is the number of re-
sources) to classify data points. This classifier is the frontier
that best separates the classes, providing a maximum margin,
as shown in [31]. In other words, the optimal hyperplane
has the maximum distance between the data points of the
classes and this maximization increases confidence in the
classification of future data.

The kernel ridge regression (KRR) technique is a special
case of SVR [26]. Nonlinear problems can be solved with
SVR by replacing the scalar product in the support vector
formulation with a kernel function. In classical linear re-
gression, just square loss is used to find the desired model.
However, this is not the case for support vector regression
with the specification of a loss parameter (ε). KRR combines
the power of kernelization with the simplicity of least squares
regression. Thus, this method does not ignore errors smaller
than ε (defined by the user), and uses the square error instead
of the absolute error, differentiating itself from the support
vector approach [32].

B. Evaluation Metrics

To evaluate the performance of the applied models, some
evaluation metrics were used, such as mean absolute error
(MAE), root-mean-squared error (RMSE), coefficient of de-
termination (R2), and symmetric mean absolute percentage
error (SMAPE).

The mean absolute error (MAE) and the root mean square
error (RMSE) are widely used in model evaluation studies.
The RMSE is not recommended as an indicator of the
model’s average performance and may present misleading
results of average error. Therefore, the MAE would be a
better metric for this purpose. The RMSE is better suited to
represent Gaussian error distributions [33].

Equation (3) represents how the MAE is calculated. We
assume that we have n samples of model errors and calcu-

lated as (ei, i = 1, 2, 5..., n).

MAE =
1

n

n∑
i=1

|ei| (3)

For the RMSE calculation, the square root of the mean of
the squares of the error is calculated, as shown in (4).

RMSE =

√√√√ 1

n

n∑
i=1

ei
2 (4)

The metric R2 is defined as it appears in (5), where yi is
the result for the i-th sample, ŷi is the value predicted by
the resulting model for the i-th sample and ȳi represents the
average value of yis, as quoted by [34]. R2 Score ranges from
0 to 1, and the higher the score, the better

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳi)2
(5)

The last metric used was SMAPE, a percentage error
metric. Percentage errors have the advantage of being inde-
pendent of scale and are suitable for comparing forecasting
performance between different data series [35]. The metric
is shown in (6), where Ai represents the real value, while Fi
is the predicted value where

SMAPE =
100

n

n∑
i=1

|Fi − Ai|
|Ai + Fi|

(6)

C. Hyperparameters Tuning

Machine learning models were implemented using a
Scikit-Learn2 library in the Python programming language
and they have several parameters that are not adjusted by the
training set, known as hyperparameters. These parameters
control the assertiveness of the model and are manually
configured to help guide the process. The procedure for
optimizing these hyperparameters requires the definition of
a sample space, where each one of them can assume distinct
values. The goal is to find the best values for each of
the model’s hyperparameters, providing maximum precision.
Hence, the grid search technique was chosen for hyper-
tuning, for which a search space is defined as a grid of
hyperparameter values, and each position in the grid is tested
in the model.

The grid search scoring was configured with the MAE
function and 5-fold cross-validation (CV), a resampling pro-
cedure used to assess machine learning models on a limited
data sample. The method consists of dataset division into k
parts, where k-1 parts are used for training the model and
the remaining part for validation, repeating the process k
times. In each round, the model is fitted with a different
fold and it is calculated the metric chosen for the model’s
evaluation. In this case, the metric used was MAE. At the
end of the process, k measurements of the chosen evaluation
metric were obtained, with which the mean and standard
deviation were calculated. Table II presents the techniques
with their hyperparameters and respective values adjusted
in the optimization process. The values inside the brackets

2https://scikit-learn.org/stable/
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indicate exactly the possibilities that each hyperparameter
can assume.

TABLE II
SEARCH SPACE FOR HYPERPARAMETER OPTIMIZATION

Model Hyperparameter Values

MLR - -

PL degree [2, 3, 4, 5, 6, 7]

DT

criterion msea

max depth [10, 50, 100, None]

max features [auto, sqrt, log2]

min samples leaf [2, 3, 4, 5]

min samples split [2, 5, 10, 12, 20, 25, 50]

RF

criterion mse

max depth [10, 50, 100, None]

max features [auto, sqrt, log2]

min samples leaf [2, 3, 4, 5]

min samples split [2, 5, 10, 12, 20, 25, 50]

n estimators [1, 2, 5, 10, 50, 100]

SVR

C [0.1, 1, 10, 100]

gamma [0.001, 0.01, 0.1, 1]

kernel [linear, polynomial, rbfb]

KRR

alpha [0.001, 0.01, 0.1, 1, 10]

gamma [0.001, 0.01, 0.1, 1, 10]

kernel [linear, polynomial, rbf]

a mse: mean squared error
b rbf: radial basis function

IV. RESULTS AND DISCUSSION

The grid search optimization algorithm was performed to
find the best hyperparameter configurations for the candidate
techniques to modeling the problem. The best combination
was obtained by evaluating the lowest MAE of each model
after the data fitting. Table III presents the results. It is
possible to observe that the combinations sought a simplified
model, with exponents of lesser degree or limited depth of
the sets. This is due to the limited amount of information in
the dataset, and a more complex model may overfit during the
training step, and consequently, fail to predict new inputs. As
it was applied a 5-fold cross-validation procedure, training
data were divided into training and validation sets. The MAE
and R2 metrics of this procedure are presented in Table IV.
The scores are the averages of the metrics for each fold added
their standard deviations.

The best-fitted model for both metrics was the SVR. Its
MAE score was the lowest of all techniques in both sets. For
the metric R2, the value was close to 1 during training, but
it decreased in the validation step. This behavior can be a
indication that the model has been overfitted since it was not
able to maintain the performance obtained during the fitting

TABLE III
BEST HYPERPARAMETER CONFIGURATION FOR ML MODELS

Model Hyperparameter Values

MLR - -

PL degree 2

DT

criterion mse

max depth 100

max features sqrt

min samples leaf 2

min samples split 20

RF

criterion mse

max depth None

max features log2

min samples leaf 5

min samples split 10

n estimators 2

SVR

C 10

gamma 1

kernel rbf

KRR

alpha 1

gamma 0.01

kernel polynomial

to the data. The same comportment can be observed for
the KRR model, due to the great difference in performance
between training and validation. The DT and RF models
presented intermediate results. However, such algorithms
kept the scores similar in both stages, characterizing a better
generalization of the dataset.

Afterward hyperparameters optimization process, each al-
gorithm was fitted ten times. It was calculated the mean
for each performance evaluation metric. The assessments
were performed with an 80/20 dataset splitting, i.e., 80%
of the data was applied for the training process and 20% to
test performance with new information. The separation was
carried out at random.

The MAE, MSE, and RMSE metrics denote better perfor-
mance the lower their values. MSE is an absolute measure
of the fit quality of the model, indicating how much the
predictions have deviated from the actual value. The RMSE
metric provides data in the same unit as the variable of
interest, making interpretation easier. For MAE, errors are
treated equally, without major penalties as in the quadratic
method. In this case, it is possible to observe that the best
performance for such metrics was the decision tree algorithm.
SMAPE indicates the percentage error between 0% and
100%. The best result will be obtained with the lowest value.
R2 is a free-scale metric and ranges from 0 to 1, with the
best performance closer to 1. It is a measure that assesses
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TABLE IV
ML ALGORITHMS SCORES ON TRAINING AND VALIDATION SETS

Model
Training Set Validation Set

MAE R2 MAE R2

PL 0.984 ± 0.080 0.582 ± 0.065 1.479 ± 0.328 - 0.016 ± 0.434

DT 1.348 ± 0.095 0.312 ± 0.102 1.315 ± 0.322 0.049 ± 0.277

RF 1.307 ± 0.119 0.236 ± 0.080 1.431 ± 0.318 0.104 ± 0.284

SVR 0.096 ± 0.001 0.991 ± 0.001 0.692 ± 0.117 0.238 ± 0.215

KRR 0.697 ± 0.058 0.798 ± 0.022 1.436 ± 0.285 0.098 ± 0.330

how well the model fits the dependent variable.
The results obtained with the test set are exhibited in Table

V. Analyzing the performance results of the algorithms, the
technique that best fitted the problem was the decision tree
(bold values). Their scores were the best for all applied met-
rics. In fact, a fit to the data was expected through decision
trees and random forests, considering the characteristics of
the dataset and the modeling properties of these models.
The SVR and KRR models, which performed better in the
training and validation phases, were unable to maintain the
same assertiveness for new data, reinforcing the occurrence
of overfitting of these algorithms.

In SMAPE metric, the best DT result over ten rounds
was 4.852%, while RF obtained 5.400% in its best fit. In
the sequence, SVR and KRR reached 6.260% and 6.925%,
respectively. The PL and MLR techniques have the worst
performances, with 7.923% for the first and 7.990% for the
second.

The MLP, PL, and KRR techniques presented R2 with a
negative value. Indeed, the metric’s range goes from -∞ to
1. This happens because the metric compares the fit of the
model with a straight horizontal line. If the fit is worse than
that of the line, that is, following an erroneous trend to that of
the data, the MSE of the model will be greater than that of the
baseline. As a consequence, the metric score will be negative,
as noted in Table V. As several tests were performed, and
a large portion of them had negative scores, the final result
was also negative. It indicates that these models were unable
to follow the trend of the data presented.

The two most influential hyperparameters in the per-
formance of DT, the best model, were min samples leaf
and min samples split. Fig. 3 shows the behavior of the
algorithm with their combinations, where the best re-
sult was achieved when the min samples split is equal
to 20 and min samples leaf considers only 2 samples.
Min samples split indicates the minimum number of sam-
ples needed to split an internal node. The increase of this
parameter makes the tree more restricted since it deals with
more samples in each node. Min samples leaf defines the
minimum number of samples needed to be on a leaf node.
Similar to min samples splits, it describes the minimum
number of samples on the leaves.

The results obtained with decision trees were satisfac-
tory, given the limitations of information in the database.
Additionally, extrapolations in modeling and noise in data
collections can also influence the final results. The technique
showed the ability to adjust to the data, predicting the

Fig. 3. Grid search scores to decision tree method.

erosion rate of the coating applied to the hydroelectric plant’s
turbines.

In this study, the operational characteristics of the cited
hydroelectric plant were considered, in order that the model
developed is capable of predicting within the range of
specific values for the system, as well as for the amount
of sediment in the waters of the Madeira River. Monitoring
of particulate concentrations was carried out over 2 years,
in addition to historical values. Furthermore, the plant has
turbines with four or five blades. Such property was not
considered in this first study, and the flow adopted was the
same for both machines.

V. CONCLUSION AND FUTURE WORKS

Corrective maintenance of hydroelectric power plant tur-
bines has a high financial cost, besides involving safety risk
and causing a contraction in electricity production. Increase
the useful life of these components is a good alternative for
the reduction of the company costs and improving process
efficiency. The thermal spraying coating technique on the
turbines seeks greater resistance to abrasive and cavitation
processes than provided by the base material, in order to
guarantee the conservation of the hydraulic profile of the
blades that is a fundamental element for the efficiency of the
generating units.

The objective of this research was to estimate the erosion
rate of the turbine blades according to the operational charac-
teristics of the studied plant. Considering a regression model,
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TABLE V
ML ALGORITHMS SCORES ON TEST SET

Model MAE MSE RMSE R2 SMAPE (%)

MLP 1.717 ± 0.255 4.554 ± 1.515 2.108 ± 0.354 - 0.273 ± 0.486 11.643 ± 1.974

PL 1.595 ± 0.330 4.359 ± 1.500 2.057 ± 0.376 - 0.436 ± 0.639 10.682 ± 2.082

DT 1.228 ± 0.254 2.887 ± 1.079 1.700 ± 0.333 0.257 ± 0.278 7.720 ± 1.568

RF 1.427 ± 0.236 3.687 ± 1.128 1.900 ± 0.292 0.051 ± 0.290 9.046 ± 1.513

SVR 1.319 ± 0.438 3.017 ± 1.245 1.705 ± 0.353 0.017 ± 0.450 9.857 ± 2.889

KRR 1.427 ± 0.199 3.285 ± 0.973 1.792 ± 0.288 - 0.290 ± 0.441 9.654 ± 1.331

machine learning algorithms were applied to fit the proposed
problem. Furthermore, the technique should have an agree-
ment with assertiveness and complexity, allowing the real
application of the model at the plant for future monitoring.
The result obtained through this approach was satisfactory
and amenable to implementation. Combined with methods
of calculating the remaining life, it can estimate the residual
time to intervention in the turbines in order to execution of
inspection, repairs, and new coating applications.

As future work suggestions, there is the possibility to
contemplate the number of blades in each turbine, as well as
to analyze the other types of turbines used in hydroelectric
plants. Moreover, exploring different methods of modeling
the turbines’ damages, considering abrasive processes, cavi-
tation, and their synergy.
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