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Abstract: In the last few years, as energy demand has grown at the same rate as global
environmental concerns, there has been rapid growth in both the quantity and size of wind
turbines. However, ensuring reliable performance and safety remains a challenge, especially in
the blades, where failure can be both catastrophic and difficult to detect through traditional
inspection methods. Therefore, this paper proposes a Structural Health Monitoring (SHM)
method to detect anomalies based on health data deviations from the LSTM autoencoder,
which includes two LSTM layers, data reconstruction, and accelerometer data, resulting in
97.4% balanced accuracy.

Resumo: Nos tultimos anos, & medida que a demanda por energia cresceu no mesmo ritmo
que as preocupagoes ambientais globais, houve um crescimento rapido tanto na quantidade
quanto no tamanho das turbinas edlicas. No entanto, garantir desempenho e seguranga confiaveis
continua sendo um desafio, especialmente nas pés, onde falhas podem ser catastréficas e dificeis
de detectar por meio de métodos tradicionais de inspec¢ao. Portanto, este artigo propoe um
método de Monitoramento de Integridade Estrutural (SHM) para detectar anomalias com base
em desvios de dados de satide utilizando um autoencoder LSTM, que inclui duas camadas LSTM,

reconstrucao de dados e dados de acelerometro, resultando em uma precisao de 97,4%.
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1. INTRODUCTION

Climate change poses one of the greatest threats to hu-
manity, as highlighted by numerous world conferences
culminating in the signing of agreements aiming for net-
zero emissions by 2050 (Nations, 2023). Also, the global
energy crisis of 2022 further emphasized the importance of
investing in new energy sources to ensure energy security
and reduce dependency on fossil fuels, particularly Russian
gas.

Regarding the energy market, wind energy is of high
interest due to the world’s wind resources, both onshore
and offshore, and the technological advancements. In 2021,
wind electricity generation increased by 55% compared to
2020 (Bojek, 2022), which is key in the energy transition.

* This study was financed in part by the Coordenacio de Aperfei-
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However, a wind turbine is a combination of structural,
electrical, and mechanical rotational components (Badu-
rek, 2022), making it a challenge for Operation & Mainte-
nance (O&M) teams to guarantee safe, reliable, and effi-
cient energy generation. Moreover, a failure in its compo-
nents can be catastrophic, not only because of its potential
to harm the environment, people, and property on the
premises, but also because of the high cost.

Corrective maintenance costs are composed by energy
loss from unavailability, spare parts, specialized workman-
hours, crane, and other auxiliary components necessary
due to the height of the towers. Hence, there is an effort
from both manufacturers and teams to invest in Structural
Health Monitoring (SHM) to detect damages before they
evolve into failures and cut maintenance costs (Kaewniam
et al., 2022).

Structural Health Monitoring is a technique that consists
of collecting and analyzing data, often from sensors ins-
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talled on the equipment, that represents the structural
response to operating and ambient conditions. The use of
data-driven techniques is important to gain insights and
assess the condition of the equipment and detect damage
before it evolves into failures. That way, companies are able
to replace the traditional time-based approach with a more
effective and condition-based strategy. Once O&M teams
detect damage prematurely, they can plan the intervention
in advance, minimizing energy loss, overall maintenance
costs, and unavailability time. Besides that, depending on
the equipment, damage can affect its performance, leading
to energy loss that, over time, sums up to impacting
values. In other words, a good structural health monitoring
approach improves equipment reliability and performance,
detecting failures prematurely. Since there is more time to
plan an intervention, it improves safety. And as a conse-
quence of all previous factors, there is a decrease in costs,
as shown in Figure 1.

®

Figura 1. Structural Health Monitoring (Katam et al.,
2023)

Blades are one of the most critical parts of a wind turbine
since they are a crucial component in the conversion of
wind to rotational force in the main axis. Not only are the
blades crucial for generation, but they also accounted for
about 19.4% of wind turbine incidents in 2012 (Liu et al.,
2015), (Chou et al., 2013) and 15% to 20% of the total
cost of on-shore turbines (Liu et al., 2015).

In literature, there are many proposed instruments and
methodologies to monitor wind turbine blades, such as
vibration (Li et al., 2015) and acoustic-based (Jaramillo
et al., 2022) methods. However, most of the proposed
prognostic machine learning approaches require a complete
and labeled dataset, including a variety of data from dama-
ged equipment from different failure modes. Unfortunately,
obtaining all this labeled data is expensive and, usually,
not economically feasible (Sun et al., 2022).

As an alternative to acquiring real damage data, the ap-
proach proposed by Khazaee et al. (2022) involves using si-
mulations to produce fault signals that affect the dynamic
behavior of the wind turbine blade. These signals would
then be used as input on a Convolutional Neural Network
(CNN), which would utilize accelerometers located on the
tower for fatigue detection. The approach described in Cal-
derano et al. (2022) suggests using accelerometers mounted
on the blade to detect cracks and ice through a K-Nearest
neighbors (KNN) algorithm. While this shallow learning
approach is computationally efficient and performs well, it
also requires labeled fault data. In contrast to the other
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two articles, Reddy et al. (2019) employ CNN that are fed
with drone images of wind turbine blades. The network
is trained using annotated data, including both cracked
and uncracked samples. In Regan et al. (2017), the author
proposes an application of data augmentation to generate
pseudo-unhealthy data to train a self-supervised model
and detect damage. Finally, the approach outlined in Liu
et al. (2019) suggests using an ensemble model that utilizes
a deep autoencoder for feature extraction to detect ice,
with training performed on labeled “normal” and “icing”
SCADA data.

The contribution of this work is to propose an LSTM
autoencoder method for detecting failures using a deep
learning model trained solely on healthy data, as suggested
by Hu et al. (2023) to be employed in digital twins. The
proposed model utilizes healthy accelerometer signals from
a benchmark dataset to train the architecture, aiming
to reconstruct the input in the output. The model is
subsequently tested using failure data from the same
dataset, and anomalous conditions are identified based on
the reconstruction error threshold.

The rest of this paper is organized as follows: Section 2
describes the data acquisition method and the methodo-
logy. Section 3 establishes the proposed model. The model
results are presented in section 4, and the conclusions are
presented in section 5.

2. MATERIALS AND METHODS

This section of this study outlines the experimental dataset
and methodology employed for anomaly detection.

The dataset utilized in this study is derived from the
blade of a Windspot 3.5kW WT manufactured by Sonkyo
Energy. It underwent dynamic testing in a laboratory set-
ting, utilizing a fixed-free setup within a climate chamber
for temperature regulation.

The proposed anomaly detection methodology entails uti-
lizing an autoencoder neural network with LSTM layers.
The encoded feature vector is utilized to reconstruct the
input, and the model is exclusively trained using healthy
data. Anomalies are identified based on the reconstruc-
tion error threshold, which is expected to be higher when
tested with damaged data, as the model was trained to
reconstruct only normal behavior.

The following sections will provide a comprehensive des-
cription of the experimental dataset and methodology em-
ployed for anomaly detection.

2.1 Dataset

The experimental benchmark dataset (Ou et al., 2021)
used in this work is based on the 1.5hm-long blade of
a Sonkyo Energy Windspot 3.5kW wind turbine with a
total mass of 5kg. The properties of the wind turbine are
described in Table 1.

The blade underwent dynamic testing in a laboratory on a
fixed-free setup inside a climate chamber for temperature
control purposes. The instrumentation setup consisted of
8 accelerometers and 22 strain gauges arranged in two
different settings. However, this study only uses signals
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Tabela 1. Desciption of Windspot 3.5kW Wind
Turbine - Sonkyo Energy

Rating: 3.5kW
Type: Upwind horizontal axis
Rotor Diameter: 4.05m
Hub height: 12, 14 and 18m
Cut-in wind speed: 3m/s
Rated wind speed: 12m/s
Cut-out wind speed: 30m/s
Rated rotor speed: 250rpm
Rotor mass: 185kg

from the accelerometers since they are less expensive, less
sensitive to the installation location, and are already used
to monitor other equipment on the wind turbine.

The blade underwent testing in various temperature set-
tings, encompassing both healthy and damaged scenarios,
as detailed in Table 2. In this study, cases “R”, “A”, “B”,
and “C” represent non-faulty data. Cases “R”, “A”, and “B”
were utilized for training and validation purposes, while
case “C”, along with the damage scenarios “D” and “L”,
were employed to assess the model’s accuracy in distin-
guishing normal operating conditions from instances of
damage.

Tabela 2. Cases Tested in the Experiment for
Temperatures from —5°C to 40°C

Case La- | Description Number of Experi-

bel ments

R Healthy State 21 per tempera-

ture

A Mass1 = 44g 6 per temperature

B Massy = 44g and Massa = 44g 6 per temperature

C Mass1 = 44g, Massa = 44g and | 6 per temperature
Massz = 44g

D Crack; = 5em 6 per temperature

E Cracky = 5em and Cracke = | 6 per temperature
bem

F Cracky = bem, Cracka = 5ecm | 6 per temperature
and Cracks = 5cm

G Crackiy = 10cm, Cracka = 5cm | 6 per temperature
and Cracks = 5em

H Cracky = 10cm, Cracka = 10cm | 6 per temperature
and Cracks = 5cm

I Cracky = 10cm, Cracka = 10cm | 6 per temperature
and Cracks = 10cm

J Cracky = 15em, Cracks = 10cm | 6 per temperature
and Cracks = 10cm

K Crack, = 15¢m, Cracks = 15¢m | 6 per temperature
and Cracks = 10cm

L Cracky = 15cm, Cracka = 15¢m | 6 per temperature
and Cracks = 15em

2.2 FExploratory Data Analysis

Figure 2.2 illustrates the accelerometer measurements ex-
cited by a sine sweep in both the time and frequency
domains. Analyzing the data in the time domain reveals
that the presence of cracks (case “L”) causes a shift in
the natural frequencies of the blade, resulting in stronger
vibrations at those frequencies.
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Figura 2. Time history of acceleration and power spectral
density for accelerometer 1 in case “L” (Ou et al.,
2021)

Flapwise and torsional modes are two critical vibration
modes observed in wind turbine blades that impact their
structural behavior and performance. The flapwise mode
involves the bending motion of the blade perpendicular
to its rotation plane, primarily driven by wind loads.
This mode is significant as it determines how the blade
responds to aerodynamic forces, affecting its efficiency
and lifespan. In contrast, the torsional mode refers to
the twisting motion around the blade’s longitudinal axis,
which is crucial for maintaining aerodynamic efficiency and
controlling the blade’s angle of attack (Hansen, 2008).

The frequency domain analysis demonstrates the effect of
cracks on both bending and torsional modes, as indicated
by Ou et al. (2021). Considering both the frequency and
amplitude of the signal, it is possible to conclude that the
influence of the cracks is more pronounced in the torsional
mode.

3. LONG SHORT-TERM MEMORY

A Recurrent Neural Network (RNN) is a type of artificial
neural network designed to process sequential data, such
as time series, in a way that allows previous time steps
to be fed back into the network, enabling it to maintain a
memory of previous inputs.

Long Short-Term Memory (LSTM) is a type of recurrent
neural network (RNN) designed to address the vanishing
gradient problem in RNNs. This problem occurs when
the gradients used to update the weights of the network
during training become too small, causing the network to
learn slowly or not at all. In their article, Hochreiter and
Schmidhuber (1997) introduce the LSTM architecture and
demonstrate that it outperforms other RNN architectures.
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The LSTM architecture is effective in various applications,
including speech recognition, language translation, and
image captioning.

LSTMs use a special structure called a memory cell,
allowing the network to selectively remember or forget
information from previous time steps. The memory cell is
controlled by three gates: the input gate, the forget gate,
and the output gate. The input gate controls how much
new information is added to the memory cell, the forget
gate controls how much old information is forgotten, and
the output gate controls how much of the memory cell is
used to make predictions at each time step (Hochreiter and
Schmidhuber, 1997).

In their article, Greff et al. (2017) utilize LSTMs for ano-
maly detection in time series data. They demonstrate that
LSTMs can effectively capture the underlying patterns in
the data and outperform traditional anomaly detection
methods. Particularly, the authors employ an autoencoder
with an LSTM encoder to reduce nonlinear dimensionality,
aiding in the separation of normal and anomalous data in
the latent space.

3.1 Methodology for Anomaly Detection

The initial segment of the model employs an LSTM
autoencoder to learn essential features and reproduce
the input in the output. The subsequent part performs
classification, determining whether the input represents a
“healthy” or “damaged” signal based on the error in the
reconstructed signal.

The primary goal of an autoencoder is to replicate the
input in the output. This first section of the network
consists of a series of LSTM layers, referred to as the
encoder, responsible for extracting crucial features. Each
LSTM layer comprises as many cells as timesteps, with
each cell connected to the corresponding cell from the
previous timestep in the subsequent layer.

Decoder
Hidden Layer 1
16 Neurons

Decoder
Hidden Layer 2
4 Neurons

Reconstruct
Layer
8 Neurons

Encoder Encoder
Hidden Layer 1 Hidden Layer 2
16 Neurons 4 Neurons

Input
Layer
8 Neurons

Latent
2 dimension

Figura 3. Graphical overview of the proposed anomaly
detection model (LSTM Autoencoder)

The encoded feature vector (depicted as latent in Figure 3)
serves as input to the second section of the network, the
decoder. The decoder’s architecture mirrors that of the
encoder but in reverse order, enabling the reconstruction
of the input.
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In the context of anomaly detection, the model is trained
solely on healthy data, resulting in a small expected
reconstruction error. However, when tested with damage
data, which it hasn’t been trained to predict, the error
tends to increase. Therefore, during the model validation
phase with healthy data, a threshold for the error between
the input and reconstructed output is established to detect
anomalies, as illustrated in Figure 4.

LSTM Reconstruction lllustration

Value / Error

Time Steps

Figura 4. LSTM Reconstruction Illustration

4. RESULTS

4.1 Proposed Model

The training dataset includes data from cases “R”, “A”
and “B” (see Table 2), covering all temperature settings,
identified as healthy data. Specifically, measurements from
the eight accelerometers are utilized, excluding tempera-
ture and strain data, with a 20% split for validation.

The test dataset includes data from cases “C”, designated
as healthy for this study, and cracked data from both
less damaging and worst-case scenarios (cases “D” and “L”
listed in Table 2).

The measured signals were downsampled from 1666 Hz to
166 Hz and then standardized using a Gaussian distribu-
tion with a mean of 0 and a variance of 1. As a result, the
training dataset comprised 14, 332, 131 samples, while the
test dataset comprised 6,142,341 samples.

The model structure was initialized with 4 LSTM layers:
2 for encoding and 2 for decoding. The input consisted
of 8 features, one for each accelerometer time series, and
ten timesteps. The first LSTM layer produced 16 features
for each timestep, which were then reduced to 4 in the
second layer. The model was instantiated and compiled
using Adam as the neural network optimizer and mean
absolute error to calculate the loss function.

The number of parameters required to train the model
described in Table 3 constitutes only 0.02% of the total
number available in the training dataset.
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Tabela 3. Summary of the LSTM Autoencoder
Model Architecture

Layer Output Shape Parameters #
(type)
Input [(None, 10, 8)] 0
Layer
LSTM 1 (None, 10, 16) 1600
LSTM 2 (None, 4) 336
Repeat (None, 10, 4) 0
Vector
LSTM 3 (None, 10, 4) 144
LSTM 4 (None, 10, 16) 1344
Time Dis- (None, 10, 8) 136
tributed
Total Params: 3,560
Trainable Params: 3,560
Non-Trainable Params:0

The LSTM Autoencoder model was trained for ten epochs
with a batch size of 100 and L2 regularization. The
training was conducted on a GPU cluster running Python,
taking approximately 25 hours to complete. The cluster
specifications included:

e CPU: Intel Xeon E5-2630 v4

e RAM: 128GB

e GPU: 4 x NVIDIA GTX 1080 Ti (11 GB GDDR5X
memory each)

e Operating System: Ubuntu 20.04.2 LTS

Since the model was trained using healthy data, a small
error is expected when comparing the autoencoder output
with the actual measured accelerometer values for cases
where the blade is operating in a normal state. However,
the autoencoder should not accurately reconstruct the
measurements for a blade with cracks, resulting in higher
error values. Thus, for the classification portion of the
model, a threshold is set.

The threshold is chosen based on the distribution of the
mean squared error of the validation set, as shown in
Figure 5.

Loss Distribution (mse)
Training Data

1.5M
M

0.5M

0 0.02 0.04 0.06 0.08 0.1
Threshold

Figura 5. Loss distribution of the validation data

Due to the much higher cost of blade repair and repla-
cement compared to the cost of an inspection to detect
the cracks, this model prioritizes false positives over false
negatives, therefore chosen threshold value is 0.005. Thus,
the threshold is set slightly below the “noise level”, and it
is expected to trigger some false positives.
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After classifying the samples based on the reconstruction
error, the model achieved a balanced accuracy of 97.4%.
Given the choice to prioritize false crack classifications over
false normal classifications, the number of false positives
was 5 times higher than false negatives. However, this
proportion is still small (2.21%), indicating that the vast
majority of the data was correctly classified, as described
in Figure 6. This demonstrates the model’s ability to
accurately identify healthy (uncracked) blades in various
conditions.

Confusion matrix
Balanced Accuracy: 97.38%
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Figura 6. Confusion Matrix

5. CONCLUSION

This paper proposes a methodology that uses an LSTM
autoencoder architecture for damage detection on wind
turbine blades based solely on healthy accelerometer data,
which can be acquired from SCADA (Supervisory Control
and Data Acquisition) systems once the instrumentation is
installed. The LSTM Autoencoder results are comparable
to the 99% accuracy achieved by Calderano et al. (2022),
which used a fully labeled dataset.

The proposed model is suitable for anomaly detection,
achieving an balanced accuracy of 97.4%, and it does
not require a high upfront cost in data acquisition, as it
uses signals that are usually measured during equipment
manufacturing and commissioning.

The results show not only the great potential of the propo-
sed model but also for blade structural health monitoring
with accelerometers, which are still being developed and
tested by manufacturers (Tcherniak and Mglgaard, 2016).

Future work should focus on testing other models for
anomaly detection, using both deep and shallow learning
techniques, as cited in Ruff et al. (2021) and Perera et al.
(2021).
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