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ABSTRACT 
 
Machine learning approaches have recently gained increasing interests in the fault diagnosis and health 
condition monitoring. To effectively monitor the health condition of wind turbine blade, the blade stress 
and strain signals measured by FBG strain gauges is investigated in this paper. An unsupervised learning 
method, namely Deep Convolutional Autoencoder (DCAE) is proposed for wind turbine blade fault 
detection. In the method, DCAE is trained with healthy data measured from Fiber Bragg Grating (FBG) 
strain gauges through which the nature of wind turbine blade stress and strain signal is captured together 
with consideration of operational conditions. Then, the reconstruction error of the DCAE for the newly 
input signals is used for identifying abnormal conditions of wind blade. By analysing the field data with 
healthy and faulty conditions, it is observed that the proposed DCAE method is effective for fault 
detection and monitoring of wind turbine blade.  
 

1. Introduction 
 
Wind turbines (WTs) have become an essential equipment in the wind power industry. Generally, a 
wind turbine consists of hundreds of parts, such as, tower, rotor hub, blades, driven systems, etc. In 
recent years, many literatures, such as  [1] and [2],  mentioned that a significant increase occurred in 
operations and maintenance (O&M) costs for WTs and high reliability become a big concern for wind 
power industry. The rotor blades for WTs are the key component of the system, whose failures may 
easily lead to the entire system shutdown with the aging of wind farms. Blades health condition 
monitoring, therefore, becomes a valid solution to avoid catastrophic failure consequences including the 
significant assets loss, unscheduled downtime, and environmental hazards. As such, these challenges 
have become more popular among O&M engineers to increase system reliability and availability while 
reducing the costs associate with maintenance and unnecessary shutdowns.  
 
Researches on health condition monitoring of WTs have been done for many years, such as literatures 
[3–8]. For different methodologies for condition monitoring of WTs, it can be divided into two kinds of 
categories, namely model-based methods and data-driven based methods. For model-based methods, it 
mainly relies on an accurate mathematical model of the WTs and its subsystems, including pitch system, 
drivetrain, and generator, etc., and typical model-based methods include observer-based techniques[9], 
Kalman filter and estimators [10,11] and parity equations [12]. However, in practice, model-based 
approaches often fail to work due to the difficulty in modelling multiple coupling in system parameters 

                                                                 
*  keshengwang@uestc.edu.cn  

Creative Commons CC-BY-NC licence https://creativecommons.org/licenses/by/4.0/

M
or

e 
in

fo
 a

bo
ut

 th
is

 a
rt

ic
le

: 
ht

tp
://

w
w

w
.n

dt
.n

et
/?

id
=

24
07

2

mailto:keshengwang@uestc.edu.cn
mailto:keshengwang@uestc.edu.cn


 

 
 

and unexpected disturbances, which are especially common in large scale and complicated WTs. In 
addition, in model-based methods, it requires expert knowledge or careful physical-based modelling of 
the WTs system. These necessities can be costly and time-consuming to implement.  For this reason, 
the data-driven approaches have gained increasing popularity over recent years. Obviously, data-driven 
methods do not require physical or accurate mathematical models but directly utilize the measured data 
to infer the health conditions of WTs. The data-driven models enable fault classification and prediction 
directly via the extracted features from the measured data without mapping them to the specific faulty 
modes. In other words, the traditional costly and time-consuming analysis, such as signal processing 
and mathematical modelling, may be largely minimized and automatically implementation can be 
realized through data-driven algorithms.  
 
In renewable energy industry, a standard supervisory control and data acquisition (SCADA) systems are 
installed to measure the operational data. Furthermore, in order to investigate the health conditions of 
wind turbine blades, FBG strain gauges are installed. Large amounts of historical data are also available 
which may facilitate the development and deployment of data-driven approaches. In recent years, many 
methods based on SCADA systems for performance monitoring and early fault diagnosis of WTs have 
been reported in the literature [13,14]. These methods generally involve machine learning and data 
mining algorithms. Among them, the autoencoder (AE) neural network [15] and newly developed deep 
autoencoder model [16] have been utilized which demonstrate very well performance to WTs health 
monitoring and fault detection. Standard AE models and deep or denoising autoencoder (DAE) models 
learn a latent and meaningful representation of the available healthy data in an unsupervised manner, 
which is similar to Principle Component Analysis (PCA) [17] and it can explain the characteristics of 
the raw input data. Its hidden layer information can further serve as the raw input data to the decode 
network and trained to reconstruct the raw input. Hence, these models can be utilized for health condition 
monitoring for WTs via learning and reconstruct a given raw input time series data. And then, the 
reconstrued data can be subsequently compared to the original raw input. The consequent reconstruction 
error can be used to evaluate the fidelity of the reconstructed data to the input raw data.  Motivated by 
this spirit, Jiang et al. [18] utilized a denoising autoencoder to build a robust multivariate reconstruction 
model on the original time series data from the multiple sensors. Then, the reconstruction error of DAE 
trained with normal data is analysed for fault detection.  In [19], a deep autoencoder algorithm is 
introduced to train the anomaly detection model and the reconstruction error is used to evaluate the 
impending blade breakages.  
 
However, it notes that the values of reconstruction error of the well-trained AE or DAE models will be 
comparatively low and keep constant for healthy condition data since the AE or DAE models has learned 
the distribution of healthy condition data. Yet, for unhealthy condition data, the values of reconstruction 
error will increase or decrease with the system degradation gradually or aggregately. Standard AE 
models or DAE models could not learn the distribution of the nonlinear and nonstationary information 
in WTs. Therefore, the reconstruction will be very noisy[20]. 
 
To effectively monitor the health conditions of wind turbine blades and overcome these limitations, the 
blade stress and strain signals measured from FBG strain gauges are investigated in this paper. An 
unsupervised learning method, namely Deep Convolutional Autoencoder (DCAE) is proposed for wind 
turbine blades fault detection. The main advantages of the proposed DCAE can be listed as below. 
(a) DCAE model can be utilized for online health condition monitoring to wind turbine blades. 
(b) As far as authors’ literature survey, the measured FBG strain gauges data is the first time being used 

for unsupervised deep learning model and new insights with this kind of measurement for condition 
monitoring are obtained.   

(c) DCAE model shows a robust and reliable capability to learn the latent and nonlinear feature 
information.  

(d) DCAE can accommodate the complicated nonstationary operational conditions for wind turbine 
condition monitoring.   

In the proposed method, DCAE is trained with healthy data measured from FBG strain gauges through 
which the nature of wind turbine blade stress and strain signal is captured and notice that the learning 



 

 
 

process automatically includes the wind turbine operational conditions. Once the model is trained, the 
reconstruction error of the DCAE for the newly input data can be used for identifying anomaly of wind 
blade. By analysing the field data with healthy and faulty conditions, it is observed that the proposed 
DCAE method is effective for fault detection and monitoring of wind turbine blade.  

 
Following this introduction, the paper will first explain the DCAE model for wind turbine blade health 
condition monitoring. Then discussions on the DCAE framework and DCAE architecture are made. 
Case studies of wind turbine data are presented in section 3. Finally, in section 4, the conclusion 
concludes this proposed new method and gives a summary of results. 
 

2. DCAE model for wind turbine blade health condition monitoring  

 
A DCAE model-based framework for wind turbine blade health condition monitoring is 
described in this section. A visual representation of the mechanism of DCAE utilized in this 
study is comprised of four parts (see in Figure 1), namely, raw data acquisition in I, data pre-
processing in II, DCAE model and output of reconstruction error results in III and IV. The part 
III in Figure 1 shows the mechanism of developing the DCAE model including encoding and 
decoding processes. In encoder network, it consists of 𝒌 convolution kernels. The 
corresponding weights and basis are 𝒘𝒌 and 𝒃𝒌  in each kernel. Hence, for the input 𝒙 the 
latent representation of the k-th feature map can be determined by equation (1).  
 

 ( )k k k
h x w b=  +   (1) 

where the bias is broadcasted to the whole map, σ  is an activation function (the scaled 
hyperbolic tangent), and * represents the 1D convolution.  
Then, the encoding network transport 𝒉𝒌 through the network of decoding and generating a 
reconstructed signal of raw signal, which is shown in equation (2). 
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Where again there is one bias 𝒄 per input channel. 𝑯 identifies the group of latent feature 
maps.  
The cost function to minimize is the mean squared error (MSE), 
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Figure 1. The mechanism of DCAE model  

 
Table 1. Encoded convolutional neural network 

Layer Encoded convolutional neural network 



 

 
 

1st Conv1*4 || Kernel size = [22], stride = [2], padding = [10] (Leaky Relu (0.2)) 

2nd Conv4*8 || Kernel size = [22], stride = [2], padding = [10] (Leaky Relu (0.2)) 

3rd Conv8*16 || Kernel size = [22], stride = [2], padding = [10] (Leaky Relu (0.2)) 

4th Conv16*32 || Kernel size = [22], stride = [2], padding = [10] (Leaky Relu (0.2)) 

 
 

Table 2. Decoded deconvolutional neural network 

Layer Decoded deconvolutional neural network 

1st Deconv32*16 || Kernel size = [22], stride = [2], padding = [10] (Leaky Relu (0.2)) 

2nd Deconv16*8 || Kernel size = [22], stride = [2], padding = [10] (Leaky Relu (0.2)) 

3rd Deconv8*4 || Kernel size = [22], stride = [2], padding = [10] (Leaky Relu (0.2)) 

4th Deconv4*1 || Kernel size = [22], stride = [2], padding = [10] (Sigmoid) 

 
The encoded convolutional neural network (shown in Table 1) consists of 4 convolutional layers 
with increasing number of filters on each layer. The stride is kept low and the value is 2 on 
these four layers. Leaky Relu activation is utilized on all layers except the output. The 
architecture of decoded convolutional neural network (shown in Table 2) is almost the same 
with encoded convolutional neural network expect stride and the activation function in 4th layer. 
In the 4th layer, a sigmoid activation function is used. The training dataset is normalized between 
[0,1]. The detailed architectures and parameters are listed in Table 1 and Table 2.  
   

3. Case study 

 
In this section, the goal of this case study is to investigate the abnormal detection with ice 
coating under natural wind disturbance. To demonstrate the effectiveness of the proposed 
DCAE model, the wind turbine healthy and loading dataset (shown in Table 3) measured from 
FBG strain gauges through which the nature of wind turbine blade stress and strain data is 
captured together with consideration of fluctuating wind speed.  The corresponding wind 
turbine blade testing setup is displayed in Figure 2. It is specially designed for wind turbine 
blade testing and installed in the laboratory of Chengdu Forward Technology Corporation 
Limited (CFTCL). This scaled wind turbine model is a 1500 KW three-bladed axis WT build 
upon a fatigue, aerodynamics, structures, and turbulence (FAST) aeroelastic simulator. 
Additionally,  this scaled WT model is a standard  wing-shaped reservoir [21], and it consists 
of reinforcing material like glass fiber, carbon fiber or polyester resin. The FBG sensor is 
mounted at the root of the wind turbine blade, which is used to measure the strain signal with 
bending moment of wind turbine blade. In order to explore the effect of ice coating, a patch 
made of iron with 50g is attached to the top of the blade. This patch is utilized to simulate the 
real ice coating. External dynamic wind is motivated by an electric fan which is featured in 
fluctuating. In this case, the frequency of the collected strain signal is 20Hz, then the sliding 
window technique is utilized to process the raw strain signal. The size of the window and the 
stride are 512 and 256, respectively. The samples are obtained as follows,  

Table 3. Experimental dataset  

Dataset Samples 

(I) Healthy training data 150 



 

 
 

(II) Healthy test data 250 

(III) Loading test data 220 

 
The dataset is comprised of three sections such as section (I), (II) and (III) (shown in Figure 3). 
In section (I), it represents AE model are trained by healthy strain data. The healthy and loading 
test data are used to test this AE model and the results are displayed in section (II) and (III), 
respectively.  Especially, in training and test procedures, data is collected with no load in 
section (I) and (II). Still, the load is considered in section (III), which is used to simulate ice 
coating effect.  

 
Figure 2． An experimental wind turbine model which is built in CFTCL 
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Figure 3. Reconstruction error distribution by standard AE 
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Figure 4.  Reconstruction error distribution by DAE 
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Figure 5. Reconstruction error distribution by DCAE 
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Figure 6. Reconstructed healthy data by DCAE 
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Figure 7. Reconstructed fault data by DCAE 

 
 
 
 
 
 
 
 

Table 4. The architecture of AE and DAE 

 Deep Autoencoder Autoencoder 

encoder 

512 

512 
256 

128 
64 

coder 32 32 

decoder 

64 

512 
128 

256 

512 
 

In order to explore the effectiveness of the proposed DCAE model, the standard AE and DAE 
models are also used for comparisons. For standard AE or DAE model, the full connected layers 
are applied in encoder and decoder network. The networks architectures of standard AE and 
DAE are presented in Table 4Table 4. The architecture of AE and DAE. Specifically, in the 
coder network, the models of AE, DAE and CAE have the same dimensions. Simultaneously, 
the architecture of DAE and CAE behave the same layers. In these networks, the same dataset 
is used to train and test these models. In this model, the input data is given by x, the encoder 
typically transforms its input data 𝑥′ instead of raw input data x to a hidden representations y 
utilizing a nonlinear mapping. Therefore, a reconstruction error can be calculated by equation 
(4).  

 
2'

RE x x= −   (4) 

 

Reconstruction error of AE and DAE models are presented in Figure 3 and Figure 4, respectively.  
In section (II) and (III) shown in these two figures, the reconstruction error distributions are 
overlapped together, i.e., the reconstruction error maximum in section (II) is over the minimum 



 

 
 

value of reconstruction error in section (III). It means that it is not easy to obtain a threshold 
function to distinguish this reconstruction error distribution. Further, the standard AE and DAE 
model are fail to identify the healthy or loading conditions of wind turbine blade. Full connected 
layer of standard AE and DAE are fully considered in aforementioned methods. Due to the 
wind turbine always running under the fluctuating wind speed, this make these the vibrational 
representations characteristic of WTs is nonlinear and nonstationary [7]. These two models are 
not provide a satisfactory detection results for blade conditions, that could be attributed to the 
limited capability to learn a latent representations information [6,15].  
 
To learn the underlaying representations and easily evaluate the different conditions of wind 
turbine lade, DCAE model is developed. The result is illustrated in in Figure 5. Unlikely 
aforementioned models, it could observe that the reconstruction error distribution in Figure 5 
can easily identify the healthy and loading conditions of wind turbine blade. That because the 
reconstruction error maximum in section (II) is lower than the minimum value of reconstruction 
error in section (III) (highlighted in red dotted line between in section II  and III). Therefore, 
in DCAE model, there is no need to use a threshold scored function to distinguish these different 
conditions. The results of DCAE model (shown in Figure 5) demonstrate its advantages to 
health condition monitoring of wind turbine blade comparing with traditional AE and DAE 
models. Furthermore, the reconstructed healthy data (see in Figure 6) can fully fit the original 
data. From Figure 7, it can have noted that DCAE model cannot fully learn the latent feature of 
fault data. This further demonstrated that DCAE model have some great improvements for 
identified ability of abnormal recognised, especially for the WTs case. So, it can be concluded 
that DCAE model has achieved significant performance improvement than standard AE and 
DAE approaches, which attribute to its learning ability of deep convolutional layers in dealing 
with the complicated data in WTs.  
 

4. Conclusions 
 
This paper develops an unsupervised learning method which utilizes DCAE model to perform 
wind turbine blade fault detection. The issue of learning the latent nonlinear representation 
features under nonstationary condition is fully solved by the power learning ability of two 
encoder and decoder convolutional network. Once the manifold feature is learnt, this model has 
utilized to perform identify on unclassified samples. Furthermore, it is shown that DCAE model 
automatically clusters samples that contain similar characteristic on its learnt manifold. This 
make identifying the healthy and fault conditions of WTs is work well.  By analysing the field 
data with healthy and faulty conditions, it is proved that the proposed DCAE method is effective 
for fault detection and monitoring of wind turbine blade.  
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