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Abstract

Fault detection and classification are considered as one of the most mandatory

techniques in nowadays industrial monitoring. The necessity of fault monitor-

ing is due to the fact that early detection can restrain high-cost maintenance.

Due to the complexity of the wind turbines and the considerable amount of

data available via SCADA systems, machine learning methods and specifically

deep learning approaches seem to be powerful means to solve the problem of

fault detection in wind turbines. In this article, a novel deep learning fault de-

tection and classification method is presented based on the time-series analysis

technique and convolutional neural networks (CNN) in order to deal with some

classes of faults in wind turbine machines. To validate this approach, challeng-

ing scenarios, which consists of less than 5% performance reduction (which is

hard to identify) in the two actuators or four sensors of the wind turbine along

with sensors noise are investigated, and the appropriate structures of CNN are

suggested. Finally, these algorithms are evaluated in simulation based on the

data of a 4.8 MW wind turbine benchmark and their accuracy approves the

convincing performance of the proposed methods. The proposed algorithm are

applicable to both on-shore and off-shore wind turbine machines.
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1. Introduction

As environmental pollution and the concerns on global warming are increas-

ing year by year, the importance of using renewable and green energy becomes

more vital. As a result, as one of the cleanest energy resources, wind turbine

industries, receive considerable attention and budgets. Gradually, wind energy5

has become an integrated component in the grid in the world. In the UK, wind

turbines are reliably responsible for over 20% of the consumed electricity in 2020

[1]. Precisely speaking, by August 2020, there are 10911 installed wind turbines

with the capacity of 24000 Mega Watts, from which 13600 Mega Watts onshore

and the rest offshore. This production puts the United Kingdom at the sixth-10

largest producer of wind power in the world [1]. The plan for expanding this

potential is to increase the capacity of wind power up to 50000 Mega Watts by

2030[1]. Therefore, regarding this plan, careful consideration should be made

to have a reliable energy resource in the grid.

However, wind turbines just like any other electro-mechanical system, may15

encounter several faults. Faults in wind turbines can be both in electrical parts

and mechanical ones. The nature of the faults can be based on environmental

factors, such as high fluctuations of the wind, or based on physical aspects of

the components, e.g aging, saturation, or thermal problems. The most occurred

faults and their ratios is illustrated in Figure 1 [2].20

Apart from the faults with the basis of high wind fluctuations, many of the

faults can be prevented or effectively decreased by a suitable monitoring system.

If a typical and low-risk fault occurs and it is not detected and resolved in proper

time, it may lead to a severe failure and probable breakdown. Breakdown and

maintenance can be even more oppressive and expensive in an offshore wind25

turbine and it needs a more accurate fault diagnosis system to prevent extra

costs. In addition, substandard reliability directly decreases the availability of
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Figure 1: The ratio of occurred faults in wind turbines [2].

wind power in the grid. Based on the mentioned issues, fault detection plays an

important role in increasing the reliability of wind turbines.

There are three major categories of fault detection in the literature: model-

based, signal-based, and knowledge-based [3]. Based on the accurate phys-

ical model of the system, model-based monitoring approaches are proposed [4].

It is worth to mention that the accuracy of the proposed approach is dependent

on the accuracy of the used model [5]. Two cascade steps are usually applied in

a typical model-based fault diagnosis: Residual Generation, and Residual Eval-

uation. In the step of residual generation, the output of the designed model is

compered to the output of the real system based on the Equ. 1 [6].

r(t) = y − ŷ (1)

in which, y is the output of the real system and ŷ is the output of the model.30

After this step, the step of residual evaluation should be designed. In this step,

based on the expert decision, some thresholds are set to reflect the conditions

of the system, which can be healthy or faulty. This step may also include some

mathematical or statistical approaches to design a model-based fault observer.

The problem of accuracy and sensitivity of the fault diagnosis method was inves-35
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tigated based on scalar quantisation hidden Markov model in [7]. [8] addressed

the problem of performance degradation using regression model and classifier

adapting. In [9], an interval-based observer with analytical redundancy rela-

tions was studied to design a fault diagnosis method. A method consists of a

model-based fault detection technique, and the proportional-integral observer40

was presented in [10] to confront the problem of noise filtering and to achieve

a suitable convergence. In [11], a fault detection and isolation method was

presented to attenuate the disturbance’s effects based on the LMI approach. In

[12], a model-based fault diagnosis was proposed based on time-varying adaptive

thresholds and an approximation estimator for floating offshore wind turbines.45

The problem of parameter-varying modelling was investigated in [13] in a 4.8

MW wind turbine and was solved by proposing an adaptive observer.

On the contrary to the model-based approaches, in signal-based ones, it is

not essential to have the accurate input-output relation of the model. However,

it is vital to analyse the measured signals and to make the decision based on50

their attributes [14]. Knowing about the featured signals and how an occurred

fault has a reflection on the output signal, needs a technical aspect of view.

In general, the signals that are used for fault diagnosis can be analysed in

time-domain or frequency-domain. In time-domain fault diagnosis, some time-

domain features, such as slope, and root mean square are analysed [15, 16]. In55

frequency-domain fault diagnosis, the frequency-based parameters are studied

to carry out a signal-based fault diagnosis approach. One of the examples of

this category is using wavelet for denoising of the vibration of the machinery

systems [17]. There are also some researches on having Fourier Transform in

signal-based fault diagnosis [18, 19].60

Signal-based fault diagnosis is also vastly studied in the application of wind

turbines. In order to solve the problem speed-varying fault diagnosis in wind

turbine gearboxes, a multiscale filtering construction fault diagnosis approach

was addressed in [20]. Two fault classification methods were proposed in [21, 22]

based on Principle Component Analysis technique, to deal with the problem of65

sinusoidal fault and actuator effectiveness loss in a wind turbine benchmark. In
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[23], a fault diagnosis approach based on time-frequency maps was considered

in order to solve rotor asymmetry faults in the wind turbine generator unit.

In [12], after establishing an adaptive threshold estimator for an offshore wind

turbine, a signal-based algorithm was developed in order to detect mooring lines70

faults.

The third category, knowledge-based fault diagnosis, is the methods using

the former data in complex models. Usually in this category, the accurate

dynamics of the system is hard to achieve and the analysis is developed on a

large amount of historical data.75

Alternatively, knowledge-based methods are particularly suitable for the

cases with a large amount of historical data, and the direct relationships of

the system dynamics are challenging to derive [24, 25]. To serve this purpose,

knowledge-based fault diagnosis is also called data-driven approach [26]. Data-

driven methods can be very rewarding, due to the complexity of nonlinear dy-80

namics and unexpected faults in industrial area [27], such as wind turbines.

To give examples on its advantageous applications, in [28], a data-driven fault

diagnosis method was proposed, to cope with noisy signals and uncertainty in

models for wind turbine systems. In order to monitor nonlinearity, a data-

driven method was suggested in [29], developed on available measurements. For85

the problem of sensor fault diagnosis, [30] studied a method based on extreme

learning machine.

Computational methods, such as Fuzzy [31, 32], Support Vector Machine

(SVM) [33, 34], K-nearest Neighbourhood [35], Long Short-term Memory net-

work (LSTM) [36, 37], Artificial Neural Networks (ANN) [38], and Convolu-90

tional Neural Networks (CNN) [39, 40] have been widely used in the field of

fault diagnosis and detection due to their spectacular power to predict unknown

parameters and identify the nonlinear systems. For instance, in [41], a fault de-

tection method based on LSTM was proposed in a wind turbine benchmark. An

LSTM based fault diagnosis was studied by [42] by analysing frequency data.95

[28] proposed a fault diagnosis and isolation approach in order to handle uncer-

tain models and noisy signals, using a fuzzy method in wind turbine systems.
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[43], and [44] addressed a robust method based on Takagi-Sugeno Fuzzy systems

for the problem of unknown fault diagnosis. The problem of fault classification

for vibration signals was studied in [45] and a novel solution based on Fuzzy100

and SVM were proposed. By using the current signal of the generator, a fault

identification method was considered based on SVM in order to classify different

faults occurred in the generator. Neuro-Fuzzy fault diagnosis approach for the

problem of bearing failures in wind turbines was suggested in [46]. [47] devel-

oped a supervised ANN algorithm combined with Kalman filter to detect faults105

in a hydraulic blade pitch system in an offshore wind turbine. In [48], a CNN

based approach was proposed for fault classification in a wind turbine.

Convolutional neural network (CNN) is one of the most potent means in

computational methods. It has been grown rapidly in the area of classification in

recent years [49]. The problem of fault classification in bearings in wind turbines110

were investigated in [50, 51, 52] by developing CNN techniques. Moreover, CNN

was used in the area of time-series data in the literature [53]. For instance, in

[54], a CNN structure was studied in order to develop a fault diagnosis method,

using time-series data conversion.

In this paper, the aim is to propose a data-driven fault detection method115

based on CNN structure to classify even the small anomalies in the wind turbine

benchmark. The novel contribution in this manuscript, is proposing a time series

data-to-image conversion stage and proposing a suitable deep learning structure

to handle this problem. For that, the first challenge would be working with

time-series signals, which is tricky due to the nature of the high volatility of the120

signals. Therefore, a preprocessing stage will be discussed to prepare the raw

data into 2-D greyscale images. The second challenge would be that data from

the benchmark not only contains actuator and sensor faults, it also contains

sensor noises or environmental disturbances. Here in this paper, by proposing

suitable and novel CNN structures along with a pre-processing technique of125

converting time-series signals into 2-D images, both challenges are addressed

and solved efficiently.

Moreover, it is worth mentioning that due to the fact that the proposed
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algorithms in this article are completely data-driven and are trained based on

historical data from the SCADA system, they can be extended to both onshore130

and offshore wind turbine machines as well as other dynamics and applications.

It is also necessary to point out that the designing of the fault classification

approach in this paper is not based on dynamics of the system. The wind

turbine dynamics is discussed in section 2, just to give the idea of the nature of

the wind turbines and the challenges and is used in the simulations.135

The rest of this paper is organised as follows: In section II, the model of the

wind turbine is discussed. In section III, the CNN method is explained along

with the required mathematical fundamentals. The proposed method and the

required pre-processing stages are defined in section IV. The novel methods and

CNN structured are simulated and trained with the data from the wind turbine140

benchmark and the results are illustrated in section V.

2. The model of Wind Turbine Benchmark

Over the past few years, wind energy has received significant attention ow-

ing to the concerns on global warming, environmental issues, and fossil fuels

reduction. During the past decade, numerous investments have been aimed to145

wind energy industries and the wind turbine installed capacity had a constant

increase. Designing the structure and caging of the wind turbines have been

improved due to the more accurate engineering and more robust composites.

However, the designing of the generators, drive and control systems roughly

remain the same.150

Wind turbines have been built horizontally or vertically. As it can be seen in

Figure 2.a, in vertical wind turbines, the blades are installed vertically [55]. One

of the advantages of this kind of wind turbines is that the conversion systems

and the gearboxes are located on the ground, while, the disadvantage of this type

is that the maintenance is somehow complicated as it normally requires rotor155

removal [56]. Besides, the efficiency of converting wind energy to electrical one

is not high in compared to horizontal turbines. For these reasons, nowadays, the
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modern wind turbines usually have been built horizontally, as shown in Figure

2.b [57].

Figure 2: (a) Vertical-axis Structure. (b) Horizontal-axis Structure. [57]

In this paper, only the three-blade horizontal wind turbine is discussed.160

However, the approaches can be extended for any other structure by some little

adjustments.

The schematic structure and different components of a typical wind turbine

are presented in Figure 3 [58]. Wind energy rotates the blades and produces

mechanical power, transmitted to the system via a shaft, which is connected to165

these blades. A generator converts mechanical energy to electrical one based on

the rotation of the blades. The blades angles can vary to handle the wind speed

variations. Meanwhile, the yaw structure is designed to align the whole wind

turbine based on the direction of the anemometer.

In [59], a benchmark was investigated, in regard to a three-blade horizontal170

wind turbine driven by variable speed. The rated power is 4.8 MW. The subsys-

tems of this benchmark can be listed as, Blade and Pitch Systems, Drive Train,

Generator and Converter, and the Controller. The relation between them can
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Figure 3: A typical schematic of a wind turbine [58].

be seen in Figure 4 [60].

As you can see in Figure 4, each subsystem is being fed by the signals of other175

subsystems and generates a signal, required by the others. As it is illustrated

in the left side of this figure, wind velocity, vw, is the input of the Blade and

Pitch subsystem. The output of this subsystem is rotor torque, τr and is fed

to the Drive Train subsystem. It can produce two states of the system, ωr and

ωg, rotor speed and generator speed, respectively, by receiving generator torque180

feedback, τg. By applying the desired generator torque, τg,r and ωg, the output

of Generator and Converter subsystem can be τg and Pg, which is the generator

power. The Controller in this model is responsible for producing the desired

pitch angle βr and the desired generator torque, τg,r by getting feedback from

all the subsystems. The dynamics of each subsystem, engaging parameters and185

the physical relations between them are fully discussed in 2.1.

2.1. Wind Model

The wind can be modelled in four parts: the mean wind (slow wind varia-

tions) vm(t), a stochastic part vs(t), the wind shear vws(t) (which is the effect of

9



Figure 4: Wind turbine subsystems [60].

wind energy lost at the surface of the earth, commonly resulting in an increasing

wind speed as the distance to earth surface increases), and the tower shadow

vts(t). The combined wind model is given by:

vw(t) = vm(t) + vs(t) + vws(t) + vts(t). (2)

0 500 1000 1500 2000 2500 3000 3500 4000 4500

Time (s)

0

5

10

15

20

25

30

V
w

 (
m

/s
)

Figure 5: The variation of wind in the model.

The variation of the wind velocity in this benchmark can be seen in Figure

5. As it can be seen in this figure, the velocity of the wind is varied between 4-20
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m/s, with some spike of 25 m/s. As it is discussed in [59], it is an acceptable190

range, in which, the generator can operate normally.

2.2. Blade and Pitch System

This subsystem has two main parts: the aerodynamic model and pitch

model.

2.2.1. Aerodynamic Model195

The equation of aero torque applying to the rotor can be seen in 3:

τr(t) =
1

2
ρπR3Cq(λ(t), β(t))v2w, (3)

in which, ρ is the air density, R is the radius of the rotor, and Cq is the torque

applied to the rotor coefficient which can be modelled based on the pitch angle

β and tip-speed-ratio λ given by:

λ(t) =
Rωr(t)

vw(t)
, (4)

where ωr is the turbine rotor angular speed.

2.2.2. Pitch System Model

The pitch system, here, is modelled based on hydraulic equations. As it

is simplified in [59], closed-loop dynamic of the pitch system is modelled by a

second-order transfer function:

β(s)

βr(s)
=

ω2
n

s2 + 2ζωns+ ω2
n

, (5)

in which, βr is the pitch reference.

2.3. Drive Train Subsystem

The drive train subsystem can be modelled as follows:
ω̇r(t)

ω̇g(t)

θ̇δ(t)

 = ADT


ωr(t)

ωg(t)

θδ(t)

 +BDT

τr(t)
τg(t)

 , (6)
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in which, θδ is the torsion angle of the drive train. The state-space matrices are:

ADT =



−Bdt +Br
Jr

Bdt
NgJr

−Kdt

Jr

ηdtBdt
NgJg

−ηdtBdt
N2
g

−Bg

Jg

ηdtKdt

NgJg

1 − 1

Ng
0


, Bdt =


1

Jr
0

0 − 1

Jg

0 0

 ,

in which, BDT is the torsion damping coefficient, Br and Bg are the rotor and200

generator external damping, Jr and Jg are the rotor and generator moment of

inertia, Ng and ηDT are the gear ratio and efficiency of drive train, and KDT is

the torsion stiffness.

2.4. Generator and Converter Subsystem

The generator and converter dynamics can be modelled as a first-order trans-

fer function in wind turbines:

τg(s)

τg,r(s)
=

αgc
s+ αgc

(7)

in which, αgc is the parameter of generator and converter model . The output

power of the generator is obtained by:

Pg = ηgωg(t)τg(t) (8)

in which, ηg is the generator efficiency.205

2.5. Controller

In a typical wind turbine, the control system usually operates in four zones

[61]:

• Zone 1: The turbine is not operating.

• Zone 2: The turbine is operating partially until it reaches the desired210

power.

• Zone 3: The turbine is producing constant power.
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• Zone 4: The turbine has to be stopped due to high wind speed.

As the goal of this paper is fault classification, zone 1 and 4 are not discussed

any more. In zone 2, the goal of the controller is to reach to the optimal power215

when the pitch angle is zero or near zero and the tip speed ratio is at optimal

constant. Then, the controller is switched to power regulation, which is in zone

3. More details on designing the parameters of this controller can be found in

[59].

2.6. Overall Model220

By integrating the above subsystems, the overall benchmark can be written

in state-space equations [44]:

ẋ = A(x)x+Bu,

y = Cx,
(9)

in which x = [ωr ωg θδ β̇ β τg]
T is the state vector and u = [τg,r βr]

T

is the control input from the pre-designed controller. The system matricescan

be illustrated in (10) and (11):

A =



A11 A12 A13 0 0 0

A21 A22 A23 0 0 − 1

Jg

1 − 1

Ng
0 0 0 0

0 0 0 −2ζωn −ω2
n 0

0 0 0 1 0 0

0 0 0 0 0 −αgc


, (10)

B =

0 0 0 0 0 αgc

0 0 0 ωn 0 0

T ,

C =


1 0 0 0 0 0

0 1 0 0 0 0

0 0 0 0 1 0

0 0 0 0 0 1

 ,
(11)
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in which, A11 = −Bdt +Br

Jr
+

1

2Jrλ2
ρπR5Cq(λ, β)ωr, A12 =

Bdt

NgJr
, A13 = −Kdt

Jr
,

A21 =
ηdtBdt

NgJg
, A22 =

−ηdtBdt

N2
g

−Bg

Jg
, and A23 =

ηdtKdt

NgJg
. The physical meaning

and the numerical quantity of each parameter can be found in Table 1 [59, 44].

Param. Physical Meaning Value

Bdt Torsion Damping Coefficient 775.49
Nm.s

rad

Br Rotor External Damping 7.11
Nm.s

rad

Jr Rotor Moment of Inertia 55× 106Kg.m2

ρ Air Density 1.225
Kg

m3

R Rotor Radius 57.5m

Ng Gear Ratio 95

Kdt Torsion Stiffness 2.7× 109
Nm

rad

Jg Generator Moment of Inertia 390Kg.m2

ηdt Efficiency of Drive Train 0.97

Bg Generator External Damping 45.6
Nm.s

rad

ζ Damping Ratio 0.6

ωn Natural Frequency 11.11
rad

s

αgc Generator and Converter Parameter 50
rad

s

Table 1: Numerical quantity and their physical meaningsof wind turbine parameters.
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3. Introduction to Convolutional Neural Networks

CNN is one of the deep learning methods, which can be classified as a multi-225

layer perceptrons ANN. Although this method has been first developed to model

the behaviour of visual cortex [62], it has been proved to be a very sturdy tool

in both regression and classification problems.

In Figure 6, a very simple structure of a CNN with three layers is illustrated.

Any CNN structure consists of three types of layers: convolutional layer, pooling230

layer, and fully connected layer [54]. In a convolutional layer, just similar to

a neural network, each neuron is connected to a bunch of neurons in previous

layer [54]. The controlling of connecting the neurons is with a parameter, called

kernel. In any convolutional layer, there are numbers of kernels, which act as

filters to extract the features of the input signals. There is also a pooling layer235

in Figure 6, which is responsible to down-sample the input in order to prevent

overfitting and help to reduce the dimension of the space. At the last stage,

there is a fully connected neural network (FCNN), which can be used to classify

or regression in supervised learning [54].

Class 1

Class 2

Class 3

Class n

Convolutional Layer

σ ( zj )

Conv, 20 @5x5 Pool, @3x3

Max Pooling FCNN Softmax

Figure 6: A typical CNN, consists of three main layers.

In the field of designing a CNN structure, some crucial concepts are worth240

to explain in detail.

Kernel: As mentioned earlier, the kernels behave like matrices of the filters

in a convolutional layer. They are applied to the a small portion of the data

matrix and produce a convoloved matrix. They are using in order to sharpen

the features of the input data, e.g. sharpening the edge in an image. If kernels245

have the size of K ×K, and they are applied to an input data of N × N , the

output result will be in size of ((N −K)/S + 1)× ((N −K)/S + 1) [63], where

15



S is the stride of moving of kernel in input matrix. You can see the visual

demonstration of this concept in Figure 7.

N

N

K

K

S

Figure 7: The illustration of how a kernel would work regarding to an input matrix of N .

The output result is a matrix, T , with the size of N ×N , which its entry of250

i, j can be calculated as follows:

T i,j =

K∑
n=1

K∑
m=1

(MK×K ◦ Zi,jK×K)n,m, (12)

in which, MK×K is the kernel matrix with the size of K×K, ◦ is Hadamard

(element-wise) matrix product, and Zi,jK×K is a sub-matrix of the input data of

16



Z with the size of K ×K, which can be obtained as below:

Zi,jK×K =



Zi−h, j−h ... Zi−h, j+h
... · · ·

...
... Zi,j

...
... · · ·

...

Zi+h, j−h ... Zi+h, j+h


(13)

in which, h =
K − 1

2
. It is noted that in many cases, the size of the kernel, K,255

is assumed to be an odd number, to have a symmetry of the output. However, it

is not obligatory. In this paper, as it is obvious in Equation 13, it is considered

to be odd.

ReLu: This is an activation function for each neuron that can be used in

he output of the convolutional layer. ReLu is defined as (14) [63]:

Ri,j = max(0, T i,j), (14)

in which, Ri,j is the output of ReLu function, and T i,j is the input of it, which

is the output of convolution layer in 12. There are alot of functions that can260

be used as the activation function, from sigmoid to tangent. However, the most

benefit of using ReLu compared to the others is its calculation simplicity.

Max Pooling: As it is mentioned earlier, the aim of using this layer is to

downsample the data from its previous layer. The reseaon for using a down-

sampling layer is the huge size of the space. The more the size of the space is,265

the more complicated and higher computational cost. Therefore, it is wise to

decrease the size of the matrices. One of these methods is omitting the weaker

neurons and keeping the strongest one by using maxpooling layer. In max pool-

ing of P ×P , the maximum cell is selected and conveyed to the next layer. This

operation is simply showed in Figure 8 by having a maxpooling layer of 2× 2.270

Softmax Layer: As the last layer of a typical CNN should be FCNN, an

activation function at the end of this layer is necessary. This function can vary

based on the goal of the CNN structure, which is regression or classification.

17



1 2 3 4

5 6 7 8

9 10 11 12

13 14 15 16

6 8

14 16

Figure 8: The process in a max pooling layer.

Here, in this paper it is calculated as 15. The advantage of using this function is

to help the network, converge to the desired class more smoothly and accurately275

[63].

σ(j) =
exp(zj)

ΣPp=1exp(zp))
(15)

in which, σ(j) is the jth output of this softmax layer, zj is the output of jth

neuron of FCNN, and P is the number of neurons in the last layer of FCNN.

4. Proposed Method for Fault Classification

In this section, the goal is to achieve an approach to diagnose even small280

anomalies in the output of the wind turbine system. As it is discussed earlier,

the challenges, addressed in this paper, are dealing with time-series signals,

which are outputs of the benchmark and existing noises and disturbances in the

raw data. To achieve this goal in presence of aforementioned difficulties, four

CNN structures are proposed in order to classify the data from the benchmark285

which contains sensor noises and actuator faults on generator torque and pitch

angle and sensor faults on the states of the system.

4.1. Preprocess the Input Data

Understanding the nature of the data is the first step in any deep learning

approach. In this case, the outputs of the wind turbine benchmark in section290

2, are all time-series signals. One way to deal with this kind of problems, is

converting the raw signals into 2-D images [54]. This task can be done by filling
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row by row of the image matrix with the queue of the data from the time-series

data, as it is clearly illustrated in Figure 9.

. . .

. . .

. . .

. . .

.

.
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.

.

.

.

.

.

.
      .

            .

1       2                                                                   n

1

2

n

Figure 9: Filling an image matrix of n× n with a time-series signal.

As it is shown in Figure 9, the 2-D image is filled with the time-series signal295

with M samples and the result is a n× n matrix, in which n =
√
M .

In this paper, the converted images are presented in grey-scale, which means

they are 2-D images, rather than 3-D, which is stated for RGB images. There-

fore, they have just one channel. It means that the input images are in n×n×1

dimension, in which 1 is the number of the channel.300

In addition, it is worth to mention that in CNN approaches, the information

is extracted from the image by analysing the relationship between the adjacent

pixels. However, in this paper, the adjacent pixels might not show any meaning.

Despite of this fact, it is crucial that in every image, the correlation between

any two adjacent pixels should be similar, excluding the faulty ones.305
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4.2. CNN Structures

The next step after finishing the preprocessing of the raw data, is design-

ing the CNN structure. Based on the need and the type of the problem, this

structure can be varied from a simple one with small number of layers to a very

complicated one, with hundreds of layers.310

A lot of CNN structures can be found in the literature, which have been

effectively used in image processing deep learning, such as AlexNet [64], and

GoogLeNet [65]. In this subsection, four CNN structures are investigated to

solve the problem of the classification of time-series signals. A comparison will

be given in order to evaluate their performances in section 5.315

4.2.1. CNN1-20 Structure, with One Convolutional Layer

The first structure is consist of one convolutional layer, a max pooling and

an FCNN. The schematic of this structure can be seen in Figure 10. As it is

shown in the left side of this figure,the input images (which are the results of the

preprocessing in subsection 4.1) are applied to a convolutional layer with the 20320

kernels of 5×5. As it is mentioned earlier, the size of the kernels are considered

odd, in all of the structures in this article. The outputs from convolved kernels

are routed through a ReLu activation function. The next layer is a max pooling

with the pools of 3×3. The responsibility of this layer is to extract the strongest

features. The last layer is an FCNN with a softmax function, which is used to325

classify the data.

Class 1

Class 2

Class 3

Class n

Convolutional Layer

σ ( zj )

Conv, 20 @5x5 Pool, @3x3

ReLu Max Pooling FCNN Softmax

Figure 10: The schematic of the first proposed CNN with one convolutional layer.
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4.2.2. CNN2-20 Structure, with Two Convolutional Layers

The second structure is similar to the first one, with the differnce of one extra

convolutional layer. The sequences of this structure can be studied in Figure

11. The main advantage of adding another convolutional layer is increasing330

the nonlinearity of the network, so it can be led to increasing the accuracy of

classification in more complicated systems. It can also help in the problems

with noisy conditions [63].

Class 1

Class 2

Class 3

Class n

Convolutional Layer

σ ( zj )

Conv, 10 @5x5 Pool, @3x3

ReLu Max Pooling FCNN SoftmaxConvolutional Layer

Conv, 20 @5x5

Figure 11: The schematic of CNN2-20 with two convolutional layers.

4.3. CNN3-32 Structure, with Three Convolutional Layers

This structure of CNN3-32 is similar to the previous one, with adding an-335

other convolutional layer and a very important factor of dropout. The reason

for adding another layer is that, by adding a signal, which has high-frequency

variation such as pitch angle in the wind turbine benchmark, it is better to

increase the nonlinearity of the model in order to cope with this problem. The

sequences of this structure can be seen in Figure 12.

Class 1

Class 2

Class 3

Class n

Convolutional Layer

σ ( zj )

Conv, 16 @3x3 Pool, @3x3

ReLu Max Pooling FCNN SoftmaxConvolutional Layer

Conv, 32 @3x3

Convolutional Layer

Conv, 32 @3x3

Dropout 
rate=0.2

Figure 12: The schematic of CNN3-32 with three convolutional layers.

340

As you can see a Dropout layer is added to this structure. In Dropout layer,

some of the neurons are simply droped out, since they are very similar to the
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other ones. This layer is a simple solution to prevent CNN from overfitting [63].

4.4. CNN4-128 Structure, with Four Convolutional Layers

Based on the structure of CNN3-32, CNN4-128 structure is introduced by345

adding a fourth layer of convolution and increasing the number of kernels in the

first layer. As it is mentioned earlier, increasing the nonlinearity of the model,

helps the accuracy of training for a dataset with high-frequency variation. The

sequences of CNN4-128 can be seen in Fig. 13.

Class 1

Class 2

Class 3

Class n

Convolutional Layer

σ ( zj )

Conv, 32 @3x3 Conv, 16, @3x3
Pool, @3x3

ReLu Conv + Max Pooling FCNN SoftmaxConvolutional Layer

Conv, 128 @3x3

Convolutional Layer

Conv, 64 @3x3

Dropout 
rate=0.2

Figure 13: The schematic of CNN4-128 with four convolutional layers.

As you can see in this figure, another convolutional layer is added to the350

structure. Increasing the number of kernels can also help coping with the prob-

lem of high-frequency variation of the dataset.

5. Application to 4.8MW Wind Turbine Benchmark System

In this section, the proposed CNN structures in section 4 are trained with

the dataset from the wind turbine benchmark in section 2. The internal dynam-355

ics of the system is not very essential in this case, as the proposed approach is

fully data-driven. However, knowing the nature of signals can be very helpful

to understand how changing the CNN structure can be beneficial in different

circumstances, such as noise, high-frequency variation, and environmental dis-

turbances. The trained CNN structures are simulated in three different scenarios360

to validate the effectiveness of the proposed algorithm. The first one includes

fault detection based on just one actuator and in the second one, the approach

is developed for two actuators of the wind turbine system. In each scenario,

various CNN structures are compared based on the accuracy criteria. In the
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last scenario, the dataset consists of four different classes of faults, happened365

on each sensor of the benchmark. Besides, some vital actions that are needed

before CNN is also studied in this section.

5.1. Preparing the Dataset

The dataset prepared for this simulation, comes from the simulation bench-

mark, introduced in section 2. The benchmark have been simulated in Matlab,370

several times to gather the data in different conditions and faults. The outputs

of the system encountered with 2 to 5 % effectiveness loss in any of further sce-

narios. In addition, a Gaussian noise with a variance of 0.3% and mean value

of 0 is applied to all the required signals. It is noted that, noisy data would

make the classification harder for complex systems. It is also worth to mention375

that the sampling time is 1 second for all the recordings. One important point

in preparing the dataset, is CNN is among in supervised learning. Therefore,

the desired output vector should also be prepared, based on the class of each

record.

For each scenario, the following step-by-step algorithm is considered:

Gathering Raw 
Data from 

Benchmark

Preprocessing 
Stage – 

Converting to 
Grey-scale 

Images

CNN 
Classification

Labelling the 
Data into 

different Faults 
and Healthy  

Evaluating the 
Results

Figure 14: Step-by-step algorithm to simulate each scenario.

380

5.2. Scenario 1: One Actuator Fault

For the first scenario, the fault situation in [66] is used, in which there are

2 to 5 % faults on generator torque reference. The dataset in [66], consist of

two classes, healthy and faulty records, are expanded to 4000 records of τg. All

of them are recorded in times-series format and each of them contains 4900385

samples. 2000 records belong to the faulty class and the rest, which are 2000,

belong to the healthy one. From each class, 80% of the records are being chosen
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randomly for the training dataset and 20% go to the testing dataset. As it

is essential in any deep learning approach, the records for training and testing

sections are completely separable.390

As it is discussed in 4.1, a very essential step is to preprocess the data. Each

time-series record should be converted to a 2-D image. A random conversion

from each class are shown in Figure 15. As it is obvious, due to the very small

fault, the difference between faulty and healthy records are not distinguishable

by human eye, neither in the time domain nor in 2-D image. Therefore, it is395

necessary to develop a method to classify them.

Normal Record

Faulty Record

Pre-process 
Block

Pre-process 
Block

Figure 15: The conversion of raw data to 2-D gray scale image. [66].

After preparing the dataset, CNN1-20 and CNN2-20 are trained with the

input of the image dataset. In addition, each of the structures of CNN1 and

CNN2 are trained with different number of kernels, 30 and 45, CNN1-30, CNN2-

45, respectively, in order to figure out the effects of increasing the number of400

the kernels in classification.

In Figure 16, the classification results for a test dataset of 800 records (20%

of the records) are presented. To keep the symmetry of the classes and pre-

vent overfitting of the model, from 800 records, 400 of them are healthy and
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400 belong to the faulty class. FD and HD are the desired output for faulty405

and healthy classes and FR and HR are the result from the trained model as

faulty and healthy. For example in CNN2-20, the CNN structure with two con-

volutional layers and 20 kernels can estimate just 392 out of 400 faulty records

accurately. It classifies the other 8 records, as healthy, which is absolutely in-

correct.

  FR  HR      FR  HR   

FD  236  164 
 

FD  317  83 
 

   

HD  259  141 
 

HD  211  189 
 

   

  CNN1‐20      CNN1‐30   

  FR  HR      FR  HR   

FD  392  8 
 

FD  400  0 
 

   

HD  81  319 
 

HD  13  387 
 

   

  CNN2‐20      CNN2‐45   

 

Figure 16: Classification of Testing Dataset of Scenario 1.

410

The accuracy of different types of CNN structures is compared, in Table 2.

The output results verify that increasing the number of kernels and number of

convolutional layer can lead to a better accuracy. To see deeply, each kernel is

responsible for one feature extractor. Consequently, it is logical to see increasing

the features can result in an improvement in the accuracy of the model.415

5.3. Scenario 2: Two Actuators Fault

In this scenario, the approach of CNN fault detection in previous subsection

is further developed into two actuator faults, the faults on τg, and β. The

healthy form of the two actuators of the wind turbine benchmark are illustrated

in Figure 17. As can be seen in this figure, the natures of the two signals are420
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Table 2: Comparison results between different CNN structures in Scenario 1.

Methods Accuracy (%)

CNN1-20 47.12

CNN1-30 63.25

CNN2-20 88.87

CNN2-45 98.37

completely different. Working with a signal like pitch angle, which has harshly

variation, makes the classification much more difficult.

(a) Healthy Pitch Angle Signal. (b) Healthy Generator Torque Signal.

Figure 17: Healthy form of the two actuators’ signals.

Based on the idea of converting time-series sequences into images in 4.1,

we can convert each pair of actuators’ signals into one image. The process

of converting each pair is illustrated in detail in 18. Consequently, the image425

related to the healthy signals of 17 can be seen in Figure 19.

After preparing the dataset, the proposed structures of CNN2-45 and CNN3-
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Figure 18: The process of converting a pair of signals into one image.

Figure 19: The converted image of a pair of health actuators’ signals.

32 are trained and simulated with a dataset consists of 4000 records of two

actuator signals, τg and β. The reason for choosing just CNN2-45 from previous

scenario is that this structure had the best accuracy with one class of faults.430

Now, we want to see its performance confronting two classes of faults.

To make this scenario more challenging, it is considered to have both faults

occurring simultaneously. Therefore, the number of classes are four. The first

one is when both of the signals are healthy (H). The second one is when the

generator torque is faulty (F1). The third class is when the pitch angle contains435

a faulty interval (F3). The last class is when both of the signals are faulty

(F3). It is noted that, in this scenario, in some of the records, generator torque

fault and pitch angle fault happen at the same intervals, and in some others

not. Each of the classes contains 500 records. From each category, 80% is being
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separated randomly for the training dataset and 20% goes to the testing dataset.440

Again, similar to the previous scenario, the records for training and testing are

completely different.

After converting each record to an image, as depicted in 19, two CNN struc-

tures of CNN2-45 and CNN3-32 are trained by the prepared dataset. The results

of 800 records (20% of the records), which belong to the testing part is brought445

in 20. The accuracy of each structure is also compared in Table 3

 F1R F2R F2R HR   F1R F2R F3R HR  

F1D 191 2 5 2  F1D 200 0 0 0  

F2D 7 167 21 5  F2D 0 198 2 0  

F3D 4 8 185 3 
 

F3D 1 1 198 0 
 

  

HD 4 25 8 163 
 

HD 0 2 3 195 
 

  

 CNN2-45   CNN3-32  

 

Figure 20: Classification of Testing Dataset of Scenario 2.

Table 3: Comparison results between different CNN structures in Scenario 2.

Methods Accuracy (%)

CNN2-45 88.25

CNN3-32 98.87

As it is obvious in Table 3, the accuracy of the CNN3-32 is much better

than the previous structure. It is noted that although CNN2-45 has a great

performance in scenario 1, its performance decreases when having a signal with
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a high-frequency variation. It is also worth to mention that a more complicated450

structure and using the Dropout layer can increase the accuracy.

5.4. Scenario 3: Four Sensors Faults

Following the previous subsections, in this subsection, CNN fault detection

method is further developed into four sensor faults. The procedure for achieving

this goal, is similar to the other two scenarios just by little adjustments. In455

addition to CNN2-45 and CNN3-32, a new and more complicated structure,

CNN4-128, is also trained for this dataset.

The healthy signals of the four sensors of the wind turbine benchmark can

be seen in Figure 21.

(a) Healthy Rotor Speed Sig-

nal.

(b) Healthy Generator Speed

Signal.

(c) Healthy Pitch Angle Sig-

nal.

(d) Healthy Generator

Torque Signal.

Figure 21: Healthy form of the four sensors’ signals.

As introduced in 4.1, we converted all of the output data into greyscale460

images. The format of converting can be seen in Fig. 22. The greyscale result

for a sample healthy record is presented in 23.
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Figure 22: The process of converting four signals into one image.

Figure 23: The converted image of four healthy sensors’ signals.

The CNN structures are trained and simulated with a dataset consists of

5000 records of four sensor signals, ωr, ωg, β, and τg. For this scenario, it is

considered to have five classes. The first one is when all four signals are healthy465

(H). The second one is when the rotor speed (ωr) is faulty (F1). The third class

is when the generator speed (ωg) is faulty (F2). The fourth class contains the

fault on pitch angle (β) (F3). And, the last class is when there is a fault on

generator torque (τg) (F4). It is noted that, in this scenario, it is assumed that

there is not simultaneous faults on two or more sensors. Each of the classes470

contains 1000 records. From each category, 80% is being separated randomly

for the training dataset and 20% goes to the testing dataset. Again, similar

to the previous scenarios, the records for training and testing are completely

different.

After converting each record to an image, as depicted in 23, three CNN475

structures of CNN2-45, CNN3-32, and CNN4-128 are trained by the prepared

dataset. The results of 1000 records (20% of the records), which belong to the

testing part is brought in 24. The accuracy of each structure is also compared
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in Table 4

  F1 R  F2R  F3 R  F4 R  HR      F1 R  F2 R  F3 R  F4 R  H R   

F1D  105  41  18  23  13    F1D  187  5  0  5  3   

F2D  12  162  9  8  9    F2D  8  183  2  7  0   

F3D  7  15  119  36  31    F3D  2  1  179  2  16   

F4D  25  12  2  154  7    F4D  10  10  0  173  7   

HD  10  5  8  3  174    HD  7  1  1  2  189   

  CNN2‐45      CNN3‐32   

 

             
  F1 R  F2 R  F3 R  F4 R  H R   

F1D  191  2  1  3  3   

F2 D  0  193  1  0  6   

F3 D  3  0  188  3  6   

F4 D  3  0  0  195  2   

H D  1  1  3  0  195   

  CNN4‐128   

 

 

 

 

 

Figure 24: Classification of testing dataset of Scenario 3.

As it is well-illustrated in Table 4, the accuracy of the CNN4-128 is much480

better than the previous structures. It is noted that by complicating the input

images, the necessity of complex structures is increasing. More convolutional
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Table 4: Comparison results between differentCNN structures in Scenario 3.

Methods Accuracy (%)

CNN2-45 71.4

CNN3-32 91.1

CNN4-128 96.2

layers, more kernels, and also Dropout layers, are all helpful to reach the higher

accuracy in fault detection in complex system with high-variation signals.

6. Conclusion485

In this article, four CNN-based structures have been proposed to solve the

problem of deep learning fault detection in wind turbines. The first challenge

in this field is that working with a time-series signal is so difficult. Therefore, a

data preprocessing stage is considered to convert the raw data into 2-D greyscale

images. It is a novel approach and very helpful in the case of CNN methods.490

Then, three different scenarios are investigated. In the first scenario, the dataset

consists of the faulty and healthy signals with Gaussian noises. It is vivid

that classification would become more difficult, existing noises. However, the

simulations showed that adding a convolutional layer to the model can increase

the accuracy of the training and validation. It is also concluded, by increasing495

the number of kernels in each structure, the accuracy increased and reached to

98.37% with 45 kernels.

In the second scenario, the proposed approach is developed to cope with two

faulty signals, which may have faults in the same intervals. The simulation vali-

dates the effectiveness of adding another convolutional layer and also a Dropout500

layer by having 98.87% accuracy in a dataset of 4000 records.
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In the last scenario, a CNN structure was studied to have a fault detection

method for four sensor signals. As the simulation accurately showed, adding

a layer of convolution had effects on increasing the accuracy to 96.2% in 5000

records.505

As it was discussed in the first section, the main goal in this paper is to

classify even the smallest anomalies and faults in presences of noises. Based on

the simulation and the mathematical structures, it is obvious that proposed al-

gorithm can effectively addressed the challenges such as volatile time-series data

in the presence of noises and validate the effectiveness of the novel approach.510

As it was stated before, the proposed algorithm in this paper is based on

the historical data; therefore it can be used to all kind of wind turbines in-

cluding onshore and offshore as well as other applications. As a matter of fact,

since the offshore wind turbines are dealing with more unmodelled fluctuations

and disturbances, it is recommended to benefit from the capabilities of data-515

driven methods and especially CNN, as one of the most powerful techniques in

computational methods.

For the future work, a fault estimation scheme can be proposed based on

deep learning techniques to have a regression for future output of each sensor

in the occurrence of sensor losses. This idea helps to assure the control system520

works properly even though the sensors are faulty for a short period of time.
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