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ABSTRACT

In the context of Industry 4.0, predictive maintenance of wind turbines is a

Wind Turbine, Deep Learning Networks crucial issue for optimizing their performance. This article proposes a new

Fault Detection, Genetic Algorithms
(GA)

hybrid deep learning approach, aligned with the principles of Industry 4.0, to
improve the predictive detection of failures in wind turbines. By combining long
short-term recurrent neural networks (LSTM), artificial neural networks
(ANN), and genetic algorithms (GA), our hybrid model (GA-LSTM-ANN)
effectively captures the temporal and nonlinear complexities of sensor data.
Genetic algorithms automatically optimize the model configuration. This
innovative approach offers a unique solution for predictive fault detection.
Applied to a real dataset, our model has significantly outperformed traditional
methods, achieving 96.32% precision, 95.91% accuracy, 96.45% F1-score, and
96.41% recall for wind turbine fault detection. These promising results open up
new perspectives for optimizing the management of wind farms and

contributing to the energy transition.

© 2026 Published by Faculty of Engineerin

1. INTRODUCTION

Traditional maintenance methodologies, predicated on
periodic inspections, exhibit limitations in terms of cost-

The growing global demand for renewable energies has
propelled the wind power sector to the forefront.
However, the complexity and cost of wind power
systems necessitate the optimization of their operation.
Unanticipated failures, particularly in gearboxes,
bearings, and blades, result in substantial maintenance
expenses and considerable production losses (Guan et al.,
2022; Pang, 2023).
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effectiveness and responsiveness to rapidly evolving
operating conditions. To address these constraints,
predictive maintenance strategies, founded on data
analysis and artificial intelligence, have emerged as
prominent solutions. These approaches enable proactive
identification of potential faults, thereby reducing
operational costs and downtime while maximizing
energy production. Furthermore, remote monitoring
enhances operator safety and facilitates informed
decision-making processes (Al-Aomar, Almazroui, &
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Aljeneibi, 2016). The detection of faults in wind turbines
represents a major challenge due to the inherent
complexities of these systems. The intrinsically nonlinear
characteristics of wind turbines, combined with the
uncertainty of environmental disturbances and the
temporal dependence of the data, make the
implementation of effective detection methods
particularly complex (Jiang, He, Xie, & Yan, 2018).

Faced with these challenges, various approaches have
been explored. Although artificial neural networks and
support vector machines have been widely used to
diagnose wind turbine failures (Li, Liu, & Shu, 2018),
these methods often rely on manual feature engineering,
making them prone to trial and error. Moreover, they
struggle to manage the complexity and variability of real-
world data. Moreover, Fourier analysis techniques, well-
suited for periodic signals, show their limitations when
faced with non-stationary and noisy data characteristic of
wind systems (De Novaes Pires Leite et al., 2021).
Univariate analysis, on the other hand, fails to capture the
complex interactions between different variables and
proves insufficient for a complete defect detection (Arias
Velasquez, 2024). Finally, the uncertainties related to
system parameters, aerodynamic nonlinearities, and
measurement noise exacerbate the difficulty of the task
(Tabatabaeipour, Bak, Odgaard, & Stoustrup, 2012).

To address these drawbacks, hybrid approaches,
combining supervised and unsupervised learning, have
been proposed to improve the robustness and accuracy of
defect detection (Wilhelm, Reimann, Gauchel, &
Mitschang, 2021). Deep learning, in particular, has
demonstrated significant potential in its ability to
automatically extract complex and nonlinear features,
thereby improving the performance of machine fault
detection and diagnosis systems (Saufi, Leong, Ahmad,
& Lim, 2019). However, this approach requires large
volumes of high-quality data and necessitates careful
management of complex temporal sequences, as well as
meticulous optimization of model architectures.

In this study, we present a new hybrid approach for fault
detection in wind turbines, combining robustness and
precision. By integrating the strengths of long short-term
memory (LSTM) networks, artificial neural networks
(ANNS), and genetic algorithms (GAs), we propose an
innovative model capable of capturing the complexities
of wind turbine data and automatically optimizing its
parameters. LSTMs, thanks to their ability to retain
information over long temporal sequences, are
particularly well-suited for modeling the complex data of
wind turbines. Artificial neural networks, on the other
hand, excel at automatically extracting relevant features,
even from noisy and nonlinear data. Finally, genetic
algorithms allow for precise optimization of the model's
hyper parameters, ensuring optimal performance. This
synergistic combination overcomes the limitations of
traditional methods, particularly in terms of accuracy and
generalization. Our model thus contributes to improving
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the reliability of wind turbines and optimizing
maintenance operations, supporting the energy transition
towards more sustainable and efficient solutions.

The article is organized as follows: Section 2 provides a
critical review of existing defect detection methods,
highlighting their strengths and weaknesses. Section 3
presents in detail our innovative hybrid model. Section 4
presents the experimental results, comparing the
performance of our model to that of traditional methods.

Finally, section 5 concludes the article.

2. RELATED WORKS

The maintenance of wind turbines represents a major
challenge for the renewable energy industry. Inadequate
maintenance can lead to considerable financial losses,
unexpected production shutdowns, and compromised
safety of the installations. To overcome these problems,
predictive maintenance has emerged as an innovative
solution. By leveraging data analysis, this approach
allows for anticipating failures and optimizing
interventions, thereby contributing to maximizing the
availability and profitability of wind farms (Garan,
Kovalenko, & Tidriri, 2022). This section of the article
examines previous work dedicated to fault detection in
the context of predictive maintenance of wind turbines.
We review the significant advancements, particularly the
improvements made to deep learning algorithms for wind
turbine maintenance. Moreover, we discuss the current
challenges and future prospects in this constantly
evolving field.

In recent years, numerous studies have explored the
application of machine learning and deep learning
methods to fault detection in wind turbines. These
approaches have been widely applied to various
subsystems of wind turbines, such as gearboxes,
generators, and power transmission systems (Snitchler,
King, Winn, & Gamble, 2011).

Several studies have focused on the use of long short-
term memory (LSTM) neural networks for early fault
detection, due to their ability to process time series data.
For example, a study demonstrated the ability of these
networks to predict main bearing failures up to 4 months
in advance (Vidal, Puruncajas, Tutivén, & Castellani,
2023). In the same direction, (Yang, Teng, Li, & Feng,
2020) used LSTM networks to accurately predict time
series data from operating wind turbines and effectively
detect failures, potentially reducing downtime and repair

costs.

Furthermore, research has been conducted on the
optimization of hyperparameters in LSTM networks.
(Chen, Rao, Feng, & Zuo, 2022) propose a new approach
for hyperparameter selection, based on physical
principles, to improve the detection of gearbox faults.
Although promising, this approach, which minimizes the
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average validation error, does not optimally differentiate
between defective and healthy states, thus revealing
potential for improving detectability. Moreover, since the
results were obtained in a laboratory environment, their
generalization to real-world conditions remains to be
confirmed.

Other approaches have also been explored for fault
detection in wind turbines. De Novaes Pires Leite et al.,
(2021) propose an innovative methodology to assess the
health of wind turbines, using quantifiers derived from
information theory. This approach, based on the analysis
of temporal vibration waveforms, addresses the
limitations of Fourier analysis when applied to the non-
stationary and noisy signals characteristic of wind
turbines. Although promising, this methodology also
presents challenges related to the complexity of wind

turbine signals.

In parallel, Selvaraj and Selvaraj (2021) examine the
application of Optimized Artificial Neural Networks
(OANN) for small wind turbines and highlight the
potential of neural networks to identify complex patterns
in sensor data. Amini, Kanfoud and Gan (2022)
conducted an in-depth comparative study of different
artificial neural network (ANN) architectures,
highlighting the superior performance of Model 2 in
predicting generator failures. Similarly, Laguna et al.
(2020) developed a predictive maintenance tool based on
artificial neural networks for gearboxes, a key component
in wind turbines where significant energy losses are
concentrated.

Furthermore, Riquelme, Fuentes and Chavez (2020)
review the various synthetic inertia techniques for wind
turbines and highlight their limitations. In particular, the
authors highlight the modeling difficulties, such as
managing non-linearities and the absence of a clear
objective function, which makes it difficult to optimize
the model parameters. These limitations make it
impossible to achieve optimal performance and adequate
representativeness of the model.

Nunes, Morais and Sardinha, (2021) provide a
comprehensive review of the most promising machine
learning methods for predictive maintenance of wind
turbines. The authors highlight the central role of
artificial neural networks, including CNN, LSTM, and
SVM, in fault detection. They also emphasize the crucial
importance of the quality of SCADA data and the
implementation of rigorous preprocessing to optimize
model performance.

Current trends in predictive maintenance research for
wind turbines include the development of hybrid deep
learning models combining different neural network
architectures. Farsoni, Castaldi and Simani (2021)
propose a hybrid approach to detect failures in wind
turbines, with the aim of improving the reliability and
availability of these energy systems. The researchers

developed a piecewise affine model to capture the
nonlinear characteristics and mitigate measurement
uncertainties. Moreover, they implemented a noise
reduction scheme to address the effects of inertial
measurements associated with wind speed and
turbulence. In a related study, Arias Velasquez (2024)
proposes a multi-step machine learning approach,
combining models such as Random Forest, XGBoost,
and logistic regression, to improve the early detection of
bearing failures in wind turbine generators. This method,
surpassing traditional single-variable approaches,
achieves high classification accuracy. However, the
authors acknowledge that other modes of failure, such as
lubrication or contamination issues, are not fully
addressed by this approach and require further
investigation.

Furthermore, Wang and Yin (2023) propose an
innovative approach to detect complex failures in wind
turbines using a hybrid 3DSE-CNN-2DLSTM model.
This method, leveraging SCADA data, surpasses
traditional techniques by enabling the detection of fault
combinations. By integrating spatial and temporal
correlations, this model offers improved diagnostic
accuracy. However, since the evaluation is based on a
single dataset, additional validation on different wind
farms would be necessary to generalize the results.

The application of deep learning techniques to the
predictive maintenance of wind turbines has revealed
considerable potential in previous studies. Nevertheless,
these models face major challenges, including inherent
temporal variability and the pervasive noise in wind data,
as well as the complexities related to hyper parameter
optimization. To overcome these limitations, this study
proposes a new hybrid GA-LSTM-ANN model. Long
Short-Term  Memory (LSTM) networks excel at
capturing complex long-term temporal correlations,
making them particularly well suited for modeling
sequential data from wind turbines. Artificial neural
networks (ANN) complement this approach by offering
exceptional flexibility in representing nonlinear
relationships between variables and demonstrating
resilience to noise, thereby improving the model's
generalization capabilities. Moreover, the integration of
genetic algorithms ensures a global optimization of hyper
parameters, allowing for an optimal model configuration.
This innovative hybrid methodology significantly
improves the robustness and accuracy of anomaly
detection and fault prediction, even when applied to
complex and dynamic wind systems.

3. METHODOLOGY

In order to improve the reliability of wind farms, a new
hybrid deep learning approach for failure prediction has
been developed, combining the strengths of long short-
term memory (LSTM) recurrent neural networks and
artificial neural networks (ANN). Genetic algorithms
(GA) have been implemented to optimize the
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hyperparameters of this hybrid model, allowing it to
achieve optimal performance. The methodology is based
on real data from a Portuguese wind farm. After a
rigorous data reprocessing, including data normalization,
handling class imbalances, and selecting discriminative
features, the data were split into training and test sets. The
GA-LSTM-ANN model was then trained on the training
set before being evaluated on the test set using
classification metrics such as accuracy, precision, recall,
and F1 score. Figure 1 presents a schematic
representation of this methodology.
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Figure 1. Overall process diagram of the suggested GA-
LSTM-ANN method

3.1. Dataset

To evaluate the effectiveness of our methodology, we
used a subset of data from the onshore wind farm "Park
A" located in Portugal (Giick, Roelofs, & Faulstich,
2024). This dataset includes 22 complete time series,
each representing an operational period of one year for
one of the five wind turbines in the park. The data were
collected at 10-minute intervals, capturing a range of
operational parameters. The anomaly departures were
identified using the EDP failure (EDP Inovagdo. 2018.),
which provides the start timestamps for each fault,
classified as unplanned maintenance incidents. For each
turbine, the corresponding SCADA dataset includes a full
year of data for model training, as well as an additional 4
to 98 days of data for forecasting.

Our analysis focused on the data from the turbine
"asset_id" = 0. These data include 86 features and cover
the period from August 3, 2021, to August 23, 2022,
totaling 54,986 records. Each record is identified by a
row ID and an accurate timestamp. In addition to the
characteristics of the sensor data, each time series
includes a unique asset identifier identifying the turbine,
a "train-test" column indicating whether the record
belongs to the training or test data, and a status identifier
specifying the state of the turbine.

In order to categorize the different states of the turbine,
we have defined two main statuses: "anomaly" and
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"normal.” The "anomaly" status includes "status-type-id"
3 and 5, corresponding respectively to a maintenance
(service) state and other unusual operational events. The
"normal” status (“status-type-id" = 0) indicates optimal
turbine operation, meaning energy production without
incident. These status labels allow determining whether
a specific data point corresponds to normal or abnormal
behavior of the turbine. Table 1 provides a detailed
summary of all the "status-type-ids,” including their
description and classification (normal or abnormal).

Table 1. Status descriptions (Giick, Roelofs, &
Faulstich, 2024)

Status ID Description Approved as Normal
Normal operation without
0 Iir?]itations True
Asset is in service
3 mode/service team is at the False
site
5 Other operational states False

The raw data underwent a multi-step reprocessing
procedure. First, the outliers were identified and
removed. Next, min-max normalization was applied to
ensure that all features have a comparable scale. Feature
selection was performed using Pearson correlation to
identify the most relevant features. We calculated the
correlation between each numerical feature and the
"status-type-id". The 18 features with an absolute
correlation greater than 0.5 were selected. Figure 2
illustrates the results of this selection, presenting a heat
map that highlights the strong correlations between the
input features and the target variable. To address the class
imbalance, SMOTE was applied to generate synthetic
samples for the minority class (“anomaly™). Finally, the
data was split into training and test sets to evaluate the
performance of the hybrid model

BUSYRRNY 1 0.850.94.0.82 0.8-0.77-0.76:0.820.77 0.8:
PYSORRIM 065 1 0.7-0.69-0.6-0.78-0.78:0.690.76 0.68

sensor_S, 0.9: 0.84-0.88.0,75-0.68-0.840.71 0.85 0159-0.65:0.
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Figure 2. Correlation Matrix
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3.2.Proposed Model

In this study, we propose an innovative hybrid model to
predict wind turbine failures, combining the strengths of
recurrent neural networks (LSTM), artificial neural
networks (ANN), and genetic algorithms (GA). LSTMs
excel at capturing the temporal dependencies inherent in
wind data, while ANNs model the complex relationships
between variables. GA optimize the model architecture,
ensuring maximum performance.

Our hybrid model (Figure 3) is structured in four layers:
an input layer, followed by a first LSTM hidden layer for
temporal feature extraction. The extracted features are
then transmitted to a second hidden layer of the artificial
neural network (ANN) where they are combined and
transformed to reveal more complex and nonlinear
relationships. Finally, an output layer of the ANN
generates the final prediction. Genetic algorithms
optimize the entire model by selecting the most relevant
features and adjusting the hyperparameters for optimal
accuracy.

The GA-LSTM-ANN model is trained using the fit ()
method. The SCADA data from the wind turbine,
previously selected based on a correlation analysis, is
provided as input. The LSTM layer, designed to handle
temporal sequences, exploits the sequential nature of the
SCADA data. Each LSTM cell captures long-term
temporal dependencies by sequentially updating its
internal state based on the current input and its previous
state. This mechanism allows the LSTM to memorize
relevant information and forget those that have become
obsolete. At the output of the LSTM layer, a feature
vector is obtained. This vector represents a compact
representation of the input sequence, encapsulating the
learned temporal information. This wvector is then
transmitted to a fully connected artificial neural network
(ANN). The artificial neural network (ANN) learns
higher-level representations by combining the temporal
features extracted by the LSTM with other potentially
present information in the data. Finally, an output layer
of the artificial neural network (ANN) performs a binary
classification  task,  associating the  learned
representations with the two predefined classes: "normal"
and "anomaly."

Inspired by nature, John Holland opened new
perspectives in the field of optimization with genetic
algorithms, an approach inspired by the mechanisms of
natural evolution. These algorithms aim to find optimal
or near-optimal solutions to complex problems by
simulating biological processes such as crossover,
mutation, and selection to identify the most effective
combinations. A population of individuals, each
representing a potential solution, evolves over
generations thanks to these operations. The quality of an
individual is evaluated using an objective function, which
measures its ability to solve the problem. This evaluation
allows for the selection of the best individuals to generate

the population of the next generation, thereby fostering
the emergence of increasingly effective solutions.

In our study, a genetic algorithm (GA) is used to
adaptively determine the optimal size of the window, the
number of neurons in the LSTM and ANN layers, as well
as the batch size. Inspired by evolutionary mechanisms,
this approach optimizes the model's ability to capture the
complexities of temporal data and maximize prediction
accuracy. The LSTM layer, onthe other hand, is designed
to leverage past information through its long-term
memory cells. The choice of the sliding window size is
crucial for capturing long-term temporal dependencies
without introducing excessive noise. The GA optimally
determines this size, finding a balance between the
amount of past information to consider and the model's
complexity. LSTM cells are responsible for managing the
information in this window, determining which
information should be remembered or forgotten, thus
allowing the model to adapt to the different dynamics of
the data. This approach enables the implementation of
effective predictive maintenance for wind turbines

Select the best parameters of the hybrid model
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sensor_5_min
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. | cosoe |
>

es

Figure 3. The organization of the proposed model
GA-LSTM-ANN

3.3. Evaluation Metrics

To evaluate the performance of our models, we will use
the classic classification metrics: precision, recall, F1
score, and accuracy. The equations for all the evaluation
metrics were obtained from (Grandini et al., (2020)) and
are briefly presented below:

e Precision: Proportion of correct positive
predictions relative to all positive predictions.

Precision = i 1
recision = TP T FP (D

e Accuracy: Proportion of correct predictions

(positive and negative) relative to the total
predictions.
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A ~ TP + TN
WY =T ¥ TN + FP + FN

()

e Recall: Proportion of true positives correctly
identified compared to all actual positives.

Recall = i 3)
A =TP + FN

e Fl-score: Harmonic mean of precision and
recall, providing a balance between these two

Measures.

F1 5 (Precision * Recall) 4
= *
score Precision + Recall )

4. RESULT AND DISCUSSION

In this section, we present the results obtained with our
hybrid GA-LSTM-ANN model, designed for fault
detection in wind turbines for predictive maintenance. This
innovative model combines long and short-term recurrent
neural networks (LSTM), artificial neural networks
(ANN), and genetic algorithms (GA). Genetic algorithms
(GA) are particularly well-suited for optimizing complex
models with numerous parameters, as they allow for the
efficient exploration of large search spaces and the
discovery of optimal combinations.

Using a genetic optimization algorithm, we have
determined the optimal configuration of our hybrid model.
This includes a time window of 50 minutes (5), 154
neurons in the first LSTM hidden layer, and 68 neurons in
the second ANN layer, as well as a batch size of 78
samples. These parameters were selected with the aim of
maximizing the model's performance while minimizing its
computational complexity. The detailed parameters of the
genetic algorithm and the neural network are presented in
Table 2.

Although an increase in the population size and the number
of generations could potentially improve the convergence
of the genetic algorithm, it also results in a significant
increase in computation time. Therefore, we opted for a
compromise between the accuracy of the results and
computational complexity. The use of the genetic
algorithm in this context allowed us to achieve optimal
performance for our model.

The choice of these specific parameters is crucial to avoid
both under fitting and overfitting. A number of neurons
that is too low can prevent the model from capturing the
complexity of the data, while a number that is too high can
Lead to overfitting, where the model memorizes the noise
present in the training data rather than learning the general
characteristics. The size of the time window influences the
amount of historical information used to make predictions.
A window that is too short may not contain enough
relevant information, while a window that is too long can
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make the model too sensitive to short-term variations. The
batch size, on the other hand, affects the convergence
speed of the optimization algorithm and the stability of the
training.

Table 2. Main parameters to adjust in a GA-LSTM-
ANN model

Parameter Component Value
Population size GA 10
Generation GA 5
Crossover rate GA 0.4
Mutation rate GA 0.1
Number of neurons LSTM 154
Number of neurons ANN 68
Window size LSTM-ANN 5
batch size LSTM-ANN 78

The results, presented in Table 3, demonstrate that our
hybrid model significantly outperforms the classical
LSTM and ANN models for fault detection in wind
turbines. It achieves an accuracy of 95.91%, a recall of
96.41%, an F1 score of 96.45%, and a precision of
96.32%. These results are significantly superior to those
obtained by the LSTM model (accuracy: 92.98%,
precision: 93.45%, recall 92.91%, F1 score: 93.51%) and
the ANN model (accuracy: 89.25%, precision: 92.04%,
recall: 85.91%, F1 score: 88.88%). Figure 4 clearly
illustrates this superiority by presenting the classification
performance of each algorithm in a comparative bar
chart. These strong performance indicators demonstrate
the ability of the GA-LSTM-ANN model to accurately
detect failure events while minimizing false positives and
false negatives

Table 3. Comparison of performance metrics for the
GA-LSTM-ANN, ANN, and LSTM models

Metrics ANN LSTM GA-LSTM-ANN
Accuracy | 89.25% 92.98% 95.91%
Precision | 92.04% 93.45% 96.32%

Recall 85.91% 92.91% 96.41%

F1-score 88.8% 93.51% 96.45%

[ Accuracy [_] Precision ] Recall[__|F1-score

100% -

80% -

60%

40%

20%

0%

ANN LSTM GA-LSTM-ANN
Figure 4. The total classification metrics of each
model
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The improvement in the performance of the GA-LSTM-
ANN model is due to the optimization of hyperparameters
by the genetic algorithm, which allows for better capture
of data complexities and an improvement in the model's
generalization. The use of shorter time windows, also
optimized by the genetic algorithm, has contributed to
increasing the accuracy of predictions, highlighting the
crucial importance of data quality in this context.

The results of our study demonstrate that the GA-LSTM-
ANN hybrid model constitutes a very effective solution for
the predictive maintenance of wind turbines. This model
has surpassed several state-of-the-art traditional methods
in deep learning on a complex and nonlinear dataset. It thus
reveals its ability to capture the temporal dependencies
present in the multivariate sensor data. This increased
accuracy allows for early detection of failures, which

promotes proactive and optimized maintenance.

Although this study focused on the wind energy sector,
the flexible architecture of the GA-LSTM-ANN model
and its training methodology can be adapted to other
industrial sectors. For example, the model could be
applied to predictive maintenance of machine tools or
transportation systems. Future work could explore new
optimization strategies to further improve the model's
performance, as well as assess its applicability to other
complex systems.
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