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Abstract— This paper proposes an ageing evaluation method
for wind turbine system by using a data driven method. This
method directly uses the input and output data of the wind
turbine system, and the autoregressive with exogenous (ARX)
model to identify the wind turbine system. The input and
output data include wind speed, generated power, and pitch
angle, and they are generated by a wind turbine simulation
model with four ageing cases: mechanical power, magnetizing
inductance, pitch angle controller gain and pitch angle change
rate. By using the generated power and pitch angle data of
wind turbine under different ageing levels, the data-driven
models can be obtained. By comparing the model parameters
in different states identified by the ARX model, results show
that the degree of ageing can be reflected by the parameter
changes. This demonstrates that the method can detect the
ageing of wind turbines.

I. INTRODUCTION

Wind power as a mature component of the new energy
system, has been widely installed and deployed worldwide
[1]. The design service life of ordinary wind turbines is
about 20 years. More than 28% of in-service wind turbines
in Europe have been used for more than 15 years by the
end of 2020 [2]. Therefore, it is very important to evaluate
the ageing of wind turbine, find out its existing faults, and
ensure that the wind turbine can run to the design year.

The ageing degree of the wind turbine affect the per-
formance of wind turbines and cause the power generation
decreased [3]. There will be nearly 5% of the total wind
turbine power and energy reduction, after 13 years of op-
eration [4]. In addition, accidents such as lightning damage,
falling of the machine room and bolt failure will speed up the
ageing of wind turbine [2]. Even if the excessively ageing
parts are replaced and the service life of wind turbine is
prolonged, it is likely only part of the lost energy can be
recovered [4]. Therefore, early detection of wind turbine
failures and evaluate of wind turbine ageing, which can save
the maintenance cost of wind farm and improve the economic
efficiency [5].

Wind turbine ageing evaluation and fault diagnosis method
can be divided into three categories: signal processing meth-
ods, model-based methods and data-based methods. Fourier
transform is a traditional method of signal processing, which
can realize signal conversion between frequency domain and
time domain. However, the Fourier transform cannot describe
the local characteristics of the signal in the time domain,
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and perform time-frequency analysis [6]. Wavelet transform
can decompose the signal into different wavelengths, which
can solve this problem [7]. But this method based on the
assumption of linear and stationary signals. However, for
actual systems, the data is most likely to be non-linear
and non-stationary. Hilbert−Huang Transform (HHT) is an
empirical data analysis method, and its extension is adaptive,
so it can describe nonlinear and non-stationary process [8].

Fig. 1. DFIG wind turbine schematic [9]

The model-based approach is to use mathematical models
to build a wind turbine model, and monitor the wind turbine
by comparing the output difference between the model and
measurements from real wind turbine. Since wind turbines
are complex in structure and there will be unclear parame-
ters, it is very challenging to simplified and determine the
dynamics of overall system [10].

Data-driven methods can build the system dynamic model
using input and output information, which is also referred as
system identification. Diagnosis can be performed through
analysing the model variations or differences. Various data
analysis and processing methods are used to find the useful
information and obtain the characteristic patterns of normal
conditions and faults, thereby realizing fault diagnosis. A
multi-objective optimized wind turbine performance model
is proposed, using a neural network to capture the per-
formance dynamic equation [11]. Its purpose is to study
the effect of turbine control on its vibration and power
output, and to show the optimized results of wind turbine
performance. The studies have shown that the data collected
at the industry-recognized frequency (0.1Hz) is not sufficient
to completely reduce turbine vibration. [12] proposes an
autonomous diagnostic tool that can track and diagnose struc-
tural conditions throughout the wind turbine life cycle. The



framework relies on the symbiotic treatment of the operating
environment/operating variables and the monitoring vibration
response of structure. After one-year complete tracking of
the obtained diagnostic index shows that the proposed tool
has the potential to be incorporated into the overall structural
health monitoring (SHM) damage detection framework. It is
further expanded through statistical pattern recognition meth-
ods and will be explored in the next step. In order to analyse
the improvement effect of yaw control optimization after
several months of operation [13] used a robust multivariate
linear model to quantify performance improvement. This is
achieved by formulating an appropriate model for the wind
turbine and analysing the residuals between model estimates
and measured values before and after the upgrade.

Most existing work on data-driven based methods are for
fault diagnosis. The study on wind turbine ageing is limited.
There are several challenges related to ageing detection. First,
ageing is a long and slow process, so it may be difficult
to collect data under all ageing levels. Further, although
the ageing occur on all the wind turbine components, their
conditions may be different. This requires analysing multiple
component conditions in order to evaluate the performance
of wind turbine. Third, different components may have dif-
ferent dynamics and often requires sufficient sampling rates.
The existing data sets, such as SCADA, often use limited
sampling rate with 10 minutes averages data with a fixed
sampling rate of 1 second, which may not be sufficiency.

The contributions of this paper are mainly the following
aspects. Through the establishment of healthy wind turbine
models with different degrees of ageing, data with differ-
ent sampling rates and time lengths can be obtained. By
changing the parameters of model, the ageing data of specific
component can also be obtained. Because data of different
sampling frequencies can be extracted, the influence of
sampling rates on the experimental results can be observed.
And multiple components can be detected at the same time.

II. DOUBLY-FED INDUCTION GENERATOR (DFIG) WIND
TURBINES

DFIG wind turbine system is a widely used system, both
rotor and stator can feed power into the grid. This turbine
system can get maximum energy from the wind by changing
speed [14]. The blade pitch is usually used to regulate power.
Although this will result in a more complex system and
higher cost, more energy extraction can offset this negative
effect [9]. The following describes wind turbine structure that
this paper involved.

A. Rotor model

There are many aerodynamic models of turbine rotors,
some of which involve aerodynamic factors of wind wheel
shape [15]. Such model has many parameters, complicated
equations, and mass calculation. Therefore, generally only
the model of torque coefficient CQ or the wind energy
conversion coefficient CP is considered. Because these two

parameters can express aerodynamic characteristics to a
certain extent.

Tr = 0.5ρπR3 V 2
W CQ. (1)

or,

Pr = 0.5ρπR2 V 3
W CP. (2)

Use ρ to represent air density and R to represent wind wheel
radius, VW is wind speed. CP and CQ can be determined by
the equation of tip speed ratio λ in the stall type turbine,
while in the active stall and variable speed turbines are
determined by the equation of λ and pitch angle θ .

B. Pitch control system

The pitch control system can adjust the blade angle to
maximize the wind energy utilization rate of wind turbine
and control the balance of power and speed under different
wind conditions [16]. When the wind speed is high, the
attack angle of blades will be reduced to reduce the impact
of wind on blades, while controlling the absorption of wind
energy. When the wind speed is slow, the attack angle of the
blades will be increased to ensure that the maximum wind
energy is obtained. In addition, the pitch control system can
also make the blades reach a safe position when the wind
turbine fails or the wind speed exceeds the operating range
to ensure the safety of wind turbine.

The model of pitch system , pitch angle β and its reference
βr, can be expressed as the second-order transfer function:

β (s)
βr(s)

=
ω2

n

s2 +2ξ ωns+ω2
n
. (3)

Where ξ is the damping ratio, and ωn is the natural fre-
quency.

C. Drivetrain model

Compared with the inertia moment of the generator and
wind wheel, the inertia moment of the gearbox is very small
and can be ignored. The advantage is that the number of
equations is greatly reduced (only one equation), which will
greatly speed up the calculation. The simplified model can
be expressed as:

Tgen−T ′wtr = Jech
dΩgen

dt
. (4)

Where Tgen = Tgen +
Jwtr

K2
gear

;T ′wtr =
Twtr

K2
gear

. Twtr is torque of
wind wheel, Jwtr is the inertia moment of wind wheel, Ωgen
is the mechanical velocity of generator and Kgear is the gear
ratio of the gearbox.



Fig. 2. Turbine Power Characteristic of DFIG

D. The rotor-side converter control system

The rotor-side converter can measure grid segment voltage
and control the turbine output power. An advantage of DFIG
technology is that the converter can absorb or generate
reactive power, so the model can be simplified without the
need to add a capacitor bank. The turbine speed and output
power characteristics shown as Fig. 2. If the turbine speed is
outside the range shown in the image, it will protect system
by changing the angle of pitch.

E. The grid-side converter control system

The control system can be roughly divided into three parts:
measurement system, outer loop and inner loop.

The measurement system mainly measures the controlled
AC positive sequence current component and DC voltage.
The outer regulation loop is composed of a DC regulator,
which is used to output the reference current required by
the current regulator, that is, the same current as the grid
voltage, so as to control the active power flow. Use the
current regulator to form the inner current regulation loop.
The magnitude and phase of generated voltage are controlled
by the current generated by the outer loop and specified
reference.

III. DATA-DRIVEN METHODS

The data-driven method uses data to build tools, and
system identification is a commonly used method in building
systems. Since only the relationship between input signal
and output signal is considered in the system identification,
there are many mathematical models can be used for fitting,
which can be divided into two categories: linear and non-
linear. Although wind turbine system is a typical nonlinear
system, it can be approximated as a number of piecewise
linear models around different operating conditions. The
local linear model can simplify the modelling while enjoying
good accuracy. In this paper, the linear Autoregressive with
exogenous (ARX) model is used.

A. ARX model

The Autoregressive with exogenous (ARX) model has
simple structure and accurate description, so it is used for
system identification. The mathematical expression of ARX
model can be written as follows:

y(t)+a1y(t−1)+a2y(t−2)+ . . .+any(t−n)
= b1u(t)+b2u(t−1)
+ . . .+bmu(t−m+1)+ e(t)

(5)

Where u(t) is input, y(t) is output, and e(t) is the white
noise signal. n and m are the orders of u(t) and y(t) respec-
tively. The model can be transformed into the following form
through z transformation.

A
(
z−1)y(t) = B

(
z−1)u(t)+ e(t). (6)

In the formula, A(z−1)= 1+a1z−1+ . . .+anz−n, B
(
z−1
)
=

b1+b2z−1+ . . .+bmz−m+1, and z−1 is called the lag operator,
d is the input-output delay, n and m are the orders of A

(
z−1
)

and B
(
z−1
)

respectively. In other words, n is the number of
poles and m+1 is the number of zeros.

B. ARX Model Parameter Estimation

ARX model can use least squares (LS) method to estimate
the model parameters. System input u(t) and output y(t)(t =
1,2, ...,N) are selected as sample. Let p = 1+max(an,bm),
and

Y = [y(p),y(p+1), ...,y(N)]T (7)

e = [e(p),e(p+1), ...,e(N)]T (8)

θ = [a1,a2, ...,an,b1,b2, ...,bm]
T (9)

x(t) =


−y(t−1)

...
−y(t−n)
u(t−1)

...
u(t−m)



T

(10)

X =


x(p)

x(p+1)
...

x(N)

 (11)

Thus, the ARX model can be written as

Y = Xθ + e (12)

Where the parameters obtained according to LS method are

θ̂ = (XT X)−1XTY (13)

When performing system identification, the order of
model, delay and noise all have an impact on results. In
order to observe the parameter changes under healthy and
damaged conditions, a number of different ageing levels are
used to simulate the turbine.



IV. EXPERIMENT

The purpose of experiment is to check whether the ageing
condition of wind turbines can be determined via system
identification. And when the ageing situation is gradually se-
rious, whether the identified model can determine condition
deterioration. In order to achieve this goal, the experiment
considers four deteriorating cases with different damage lev-
els: mechanical power, magnetizing inductance, pitch angle
controller gain and pitch angle change rate.

The overall simulation process of the experiment can be
divided into the following steps: First, a health wind turbine
model need to be established. Second, changing specific
model parameter to set up ageing wind turbine. For example,
by reducing the pitch angle change rate of blade to simulate
the damage caused by the blade bearing wear. Design 4 to
5 ageing stages for each damage, then use models to collect
data. After that, using the collected data to build ARX models
in different ageing level. Finally,analysed the ARX model
parameters.

The health wind model used in this experiment is a
modified wind farm model in MATLAB. The chosen wind
speed of 10.5m/s as reference which is rated wind speed of
2MW wind turbine, and the mechanical power of 0.895(pu)
which consistent 2MW turbine power characteristic. In order
to study the impact of sampling rate on the identification
performance, different sampling ratios have been used and it
is found the sampling rate with 1s is sufficient for the purpose
of this paper. Assumed that the ageing degree is aggravated
by 1%, 2%, 5%, and 10%. If the ageing degree of a wind
turbine reaches about 10%, it means that the system will
lose about 200kW of power. Even if the ageing of system is
only about 1%, it will still lose about 20kW of power. The
gradual change of the power is used to simulate the ageing
condition. At the same time, in order to reduce the impact
of noise, each experiment will be repeated 5 times, and the
model parameters obtained afterwards are the average results.

According to the different simulated ageing parts, the
experiment can be divided into the following four parts.

A. Mechanical power changes

Because in the actual ageing process, ageing wind turbine
can often reduce the power yield. The reduction of power
is assumed to be changed gradually. By modifying the me-
chanical power data, it simulates that the rotor-side converter
control system of the wind turbine has a fault. By decreasing
the value of mechanical power by 1%, 2%, 5%, and 10%,
to simulate different damage levels of the system.

Although the overall system is a nonlinear system, the
local linear model can simplify modelling and at the same
time has good accuracy. Thus input wind speed is selected
as a constant, and then the noise signal is added. In the
experiment, the wind speeds of 7m/s and 10.5m/s are selected
respectively, which are the cut-in wind speed and the rated
wind speed of the wind turbine.

B. Pitch angle changes

This experiment simulates the ageing situation of the wind
turbine by changing the rotation rate of the pitch angle. Pick
up the wind speeds of 7m/s and 11m/s as the insertion and
high offset of the input square wave, respectively, and 120s
is a period to leave excess reaction time for the system.
2degree/s is the reference, and then 1.8degree/s, 1.5degree/s
and 1degree/s are selected as the comparison items for
experiment.

C. Pitch controller gain changes

This experiment simulates the ageing of pitch controller
by changing the pitch controller gain. The wind speed used
is the same as the previous experiment, and the Kp 500 is
used as the reference.

D. Magnetizing Inductance changes

By reducing magnetizing inductance, the ageing of gen-
erator side coil with use is simulated. The wind speeds of
10.5m/s is selected, and inductance Lm 2.9(pu) is reference.

V. RESULTS

A. Mechanical power changes

Since the results under the two wind speeds are basically
same, the following will only show the results when wind
speed is 10.5m/s. After experiments and data processing, the
results shown in the Fig. 3 and Fig. 4 can be obtained. In
the case of sampling rates at 1s, A(z) and B(z) are both
10 orders. The mathematical model of mechanical power at
0.895 (pu) is used as a reference for the entire experiment.
Parameters obtained after decreasing the mechanical power
by 1%, 2%, 5%, and 10% are respectively subtracted from
the reference, and the results obtained are shown in Fig. 3
and Fig. 4.

Fig. 3. The variations of parameters in A(z) with the mechanical power
changes

It can be seen that as the mechanical power decreases, the
model parameters also decrease, and the change trend of each
order parameter is consistent with the trend of mechanical
power. In addition, by comparing the unit change rates of the
same parameter of different models, it can be found that the
unit change rates of the same order parameters are basically
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Fig. 4. The variations of parameters in B(z) with the mechanical power
changes

the same. Therefore, there is a linear relationship between
mechanical power and mathematical model parameters. In
other words, if the mechanical power of wind turbine system
changes due to ageing, the parameter change can be observed
from the mathematical model changes of the system. And
ageing degree can be analysed by comparing them with
reference model parameters.

In addition, it can be seen from Fig. 3 and Fig. 4
that although all the 20 parameters in A(z) and B(z) are
decreasing with the severity of ageing, the reduced values
are different. Assuming that the ageing of other components
causes parameters changed. Since different components have
different dynamic characteristics, even with the same degree
of ageing, there may be a certain gap in the impact on
the overall wind turbine system. The numerical variation
of each parameter will be different. Generalization, we will
have the opportunity to determine which components have
deteriorated through the parameters change.

B. Pitch angle changes

Consistent with the experiment A, the data obtained at a
sampling rate of 1s is more in line with expectations. Because
the pitch angle of the wind turbine has changed, this part
uses the Multiple input single output (MISO) ARX model for
system identification. By comparing the experimental results
of order 5, 7 and 10, it is found that the results obtained
in order 10 are better. Use wind speed and pitch angle as
input, generated power as output, and the results are shown
in the Fig. 5. As the change rate of pitch angle decreases, the
changes of parameters are proportional to the change rates of
pitch angles. As the change rate of pitch angle decreases, the
changes of parameters are proportional to the change rates
of pitch angles.

C. Pitch controller gain changes

The MISO ARX model is also used for system identi-
fication in this experiment, and the results are shown in
the Fig. 6. The results are consistent with the previous
experiment. It can be seen that all the parameter changes are
proportional to the gain value changes although the second
delay is the most sensitive.

Fig. 5. The variations of parameters in A(z) with the pitch angle changes

Fig. 6. The variations of parameters in A(z) with the pitch controller gain
changes

D. Magnetizing inductance changes

The results of changes of magnetizing inductance are show
in Fig. 7 and Fig. 8. The variations of model parameters
can reflect the changes of magnetizing inductance changes.
However, unlike previous examples, not all of the parameters
changes are proportional to the ageing severity. This may be
due to that fact the magnetizing inductance can affect both
active and reactive power.

Fig. 7. The variations of parameters in A(z) with magnetizing inductance
changes

VI. CONCLUSION

This paper employed a data-driven ageing evaluation
method, and uses the data obtained from the computer
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Fig. 8. The variations of parameters in B(z) with magnetizing inductance
changes

simulation of the wind turbine to determine the ageing
deteriorating conditions. For the simulation results, the model
parameters obtained by the system identification have shown
that the ageing degree can be reflected on the model param-
eter changes. Therefore, this method can not only detect the
occurrence of wind turbine ageing, but also diagnose the
severity of ageing and issue a warning.

It can be obtained that under certain conditions, the ageing
attributes of wind turbine system can be reflected in its data-
driven model. This work validated them in these operating
conditions. Future work will also consider how to analyse the
ageing of different parts or different combinations of ageing
problems.
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