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Abstract— This paper presents data-driven approaches to
improving active power output of wind turbines based on
estimating their health condition. The main procedure includes
estimations of fault degree and health condition level, and
optimal power dispatch control. The proposed method can
adjust active power output of individual turbines according to
their health condition and can thus optimize the total energy
output of wind farm. In the paper, extreme learning machine
(ELM) algorithm and bonferroni interval are applied to
estimate fault degree while analytic hierarchy process (AHP) is
used to estimate the health condition level. A scheme for power
dispatch control is formulated based on the estimated health
condition. Models have been identified from supervisory control
and data acquisition (SCADA) data acquired from an
operational wind farm, which contains temperature data of
gearbox bearing and generator winding. The results show that
the proposed method can maximize the operation efficiency of
the wind farm while significantly reduce the fatigue loading on
the faulty wind turbines.
Index Terms— Extreme learning machine (ELM), health
condition estimation, bonferroni interval, analytic hierarchy
process (AHP), condition monitoring, wind turbines.

I.INTRODUCTION
The wind power industry has grown dramatically in China
and worldwide over the past 15 years. In 2015, China has
completed installed capacity of 30.5 GW, which accounts for
48.4% of total installation in the world and total installed
capacity of wind turbine reached 145GW by 2015. With
increasing penetration of wind energy, the reliability of power
grid effected by wind energy is a challenge [1]. Thus, it is
necessary for wind farm to provide stable active and reactive
powers to support the frequency and voltage value in the
power grid. To fulfill these requirements, the operation of a
modern wind farm is required to be much more like a
conventional power plant [2]. In this circumstance, keeping
each wind turbine to operate in a stable condition is very
essential. However, wind turbines are usually installed in
harsh conditions, especially for offshore wind farm, which
poses a challenge for operation and maintenance [3-6]. Wind
turbine is also a complex generation system, as shown in
Fig.1; health condition of each component will affect the
working efficiency of whole system. The wind turbine
usually consists of a number of components and subsystems,
including generator, gearbox, bearing, rotor hub and blade,
main shaft, mechanical brake, power electronic converter [79]. It is worth noting that health condition of each component
or subsystem not only determines the whole turbine
operational efficiency, but also affects the power output and
thus the power control scheme. This can play a critical role in
reliable operation of a large-scale wind power plant when
connected to the power grid.
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Fig.1 A typical doubly-fed induction generator based wind turbine

Many methods have been proposed to achieve optimizing
control of wind farm power output. Minimizing fatigue
loading for wind turbine is one of the main objectives [10, 11],
whereas maximizing energy production of the turbine is
another objective [12]. However, little work has considered
substantially the influence of health condition of wind
turbines on power dispatch control of the wind farm.
Generally, each turbine in the farm was assumed to possess a
same health condition [13, 14]. Hence, the power dispatch
scheme is usually made based on actual wind speed that
indicates power available for the wind turbines to extract;
existing active power control algorithms are developed
usually based on averaging power assignment or the
proportion of actual power output from the turbines in
response to the maximum power demand [15].
This paper proposes an optimizing control scheme for
active power output of the wind farm based on the estimated
health condition. It aims at adjusting power output of the
individual turbines according to their health condition to
optimize the total energy output of wind farm whilst reducing
the fatigue loading on the faulty wind turbine. Consequently,
the proposed method can avoid the faulty wind turbines to
develop themselves into detrimental ones, which greatly
benefit to the operation and maintenance of the wind turbines
and hence lower significantly the cost of wind power
production.
Three main targets will be achieved in this paper. The first
one is associated with fault degree estimation of the turbines
while the second one is to estimate health condition level. The
third one is related specifically to optimizing control of active
power output for the wind farm. A data-driven condition
monitoring (CM) method by using extreme learning machine
(ELM) algorithm incorporating Bonferroni interval is
adopted to achieve fault degree estimation. Then analytic
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hierarchy process (AHP) method is employed to estimate the
health condition of turbine’s constitutions, which considers
multi-criterion factors including fault degree, repair cost and
maintenance time. The power dispatch control is then
implemented based on the heath condition, aiming at
reducing fatigue load of the faulty turbines and maximizing
the operation efficiency of those healthy turbines.
Essentially, the aim of the proposed method is to ensure the
healthy wind turbines generate power as much as possible
while reducing fatigue loads on the sub-healthy turbines.
Compared with the previous methods, the proposed methods
is able to reduce dramatically the fatigue loads on sub-healthy
wind turbines while still satisfying the active power demand
from the network operator. One major contribution of the
paper is to improve active power dispatch of the wind farm
by incorporating the health condition of the individual wind
turbines. It is the first time for the paper to integrate all the
proposed methods to achieve a control scheme for active
power dispatch. Furthermore, AHP is applied for the first time
to estimate health condition level taking into account the
multi-criterion factors of the key components of the turbines.
The remainder of this paper is organized as follows. The
method to estimate fault degree is presented in Section 2. In
Section 3, the health condition is estimated based on the AHP.
Section 4 describes the optimizing control method for power
distribution by means of health condition of the wind turbines.
The SCADA data and results are discussed in Section 5.
Finally, Section 6 contains conclusions and suggestions for
further work.

consisted of (𝑥𝑖 , 𝑦𝑗 ) ∈ 𝑅𝑛 × 𝑅𝑚 are selected, where 𝑥𝑖 and
𝑦𝑗 are an n × 1 input vector and an m × 1 output vector,
respectively. For this example, the number of neurons L in
the hidden layer is 32; the activation function is represented
1
by 𝑔(𝑥) =
. It is assumed that the ELM is able to
1+𝑒 −𝑥
estimate the N training samples with errors that can be too
insignificant to be ignored. The algorithm can be represented
by the following expression:
𝑦𝑖 = 𝑓𝐿 (𝑥𝑖 ) = ∑𝐿𝑖=1 𝛽𝑖 𝑔(𝜔𝑖 , 𝑏𝑖 , 𝑥𝑗 )

j=1, …, N.

(1)

where 𝜔𝑖 is the weight coefficient vector between the ith
hidden node and all n input nodes; 𝛽𝑖 is output weight
coefficient vector connecting the ith hidden node and all m
output nodes; 𝑏𝑖 represents the bias of the ith hidden node.
𝜔𝑖 and 𝑏𝑖 are randomly selected in this paper.
Eq. (1) can be rewritten as below,
𝐻𝛽 = 𝑌

(2)

where H is the output matrix of the hidden layer, which can
be represented as,
𝑔(𝜔1 , 𝑏1 , 𝑥1 )
⋮
𝐻=[
𝑔(𝜔1 , 𝑏1 , 𝑥𝑁 )

⋯ 𝑔(𝜔𝐿 , 𝑏𝐿 , 𝑥1 )
⋯
⋮
]
⋯ 𝑔(𝜔𝐿 , 𝑏𝐿 , 𝑥𝑁 ) 𝑁×𝐿

(3)

𝛽1𝑇
𝑦1𝑇
𝛽=[ ⋮ ]
and 𝑌 = [ ⋮ ]
𝛽𝐿𝑇 𝐿×𝑚
𝑦𝑁𝑇 𝑁×𝑚

II.FAULT DEGREE ESTIMATION
Wind turbines usually operate in a hostile environment,
especially for the offshore wind farm. When there is a fault
in wind turbine, the fault degree is expected to obtain as key
information that could help determine control of the power
output from the turbines. In this section, the fault degree is
estimated by a data driven method by means of extreme
learning machine (ELM) in order to obtain the residual signal
by comparing actual output data with predicted values.
Bonferroni's method is employed in order to improve the
confidence intervals.
A.

Data-driven Method
The data-driven method based on ELM, proposed in [16],
is used for fault detection. Data gathered from measurements
are selected as the inputs for the ELM model to predict the
output signals of a physical process. Actual output signals
gained from the wind turbine are then compared to the
predicted ones for the corresponding input signals. Any
differences between them could be caused by changes to the
system, and may be caused by the occurrence of a fault.
ELM was proposed by Huang for single hidden layer feed
forward neural networks (SLFNs) in 2006 [17]. Compared
with the traditional back propagation (BP) neutral network,
ELM has advantages of faster training speed and better
generalization abilities [18, 19]. In the ELM training process,
a finite number of arbitrary distinct samples N that is

Hence the ith column of 𝐻 is the outputs of the ith hidden
neuron given input variables x1, x2, · · ·, xn. The matrix of
output weights, 𝛽 (L×m dimensions), can then be calculated
by simply finding a matrix 𝛽̂ in order to minimize the error
function as given below,
min‖𝐻𝛽 − 𝑌‖
𝛽

(4)

It is worth noting that the input weights 𝜔 and the hidden
layer biases 𝑏 are not changed during this procedure. The
solution is expressed as the following
𝛽̂ = 𝐻 + 𝑌

(5)

Minimizing this function is equivalent to obtaining the
unique smallest norm least-squares solution of the linear
system in eq. (5). The matrix 𝐻 + is the generalized MoorePenrose inverse of the matrix 𝐻, which can be found using
the singular value decomposition method [20]. The data from
a healthy wind turbine is selected as the training dataset to
obtain the value of 𝛽̂ for the ELM model. The root mean
square error (RMSE) is also used here as a measure of how
well the models explain the actual output data. When the
value of RMSE is below a predefined threshold (0.1 in this
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paper), the accuracy of the ELM model is good enough for
testing.
B.

Bonferroni interval method

Although a method relying on residual signals alone can
detect faults, it is not able to provide accurate degree
evaluation about the failure of components. Thus, it is
necessary to quantify accurately fault degree in a condition
monitoring system, which is also key information for
arranging operation and maintenance.
It is hoped that the information of each component is to be
obtained simultaneously when a fault occurs. Therefore
Bonferroni interval method, which has more accurate
confidence intervals [21, 22], is applied to estimate deviation
level of each component in this study, as expressed below.
𝛼

𝑠𝑘𝑘

2𝑝

𝑁

𝑑𝑘 (𝛼𝑘 ) = 𝑢𝑘 + 𝑡𝑁−1 ( 𝑘) √

(6)

where ̅̅̅
𝜇𝑘 is mean value of the observation 𝜇𝑘 . In this paper,
the observation 𝜇𝑘 can be the residual signal of gearbox
bearing temperature and generator winding temperature,
representing the key components to monitor in the wind
turbines. 𝑡𝑁−1 is t distributions widely used in statistics that
can be found in the distribution table. N is the sample number
for each observation. 𝑠𝑘𝑘 is diagonal value in the covariance
matrix S that is derived from a matrix formed by a set of
observations 𝜇𝑘 ; p is the number of the observations used,
i.e., the two residual signals of gearbox temperature and
generator winding temperature. The parameter 𝛼𝑘 in
equation (6) indicates the confidence level that determines the
sample deviation degree 𝑑𝑘 (𝛼𝑘 ); once 𝛼𝑘 is determined,
the value of 𝑡𝑁−1 can be found from t distribution table [23].
The confidence level 𝛼𝑘 indicates probability of
occurrence of the residual signal within a particular range of
values. A smaller 𝛼𝑘 means higher residual signal values are
considered and thus a higher deviation level is identified. If
𝛼𝑘 <0.01 (i.e., the highest 1% residual values), the monitoring
data is considered to indicate a fault in the component [24],
while, if 𝛼𝑘 is larger than a particular value which can be
application dependent, the component can be in a debilitating
condition. In this case study, 𝛼𝑘 =0.25 (i.e., the highest 25%
residual values) is selected as a threshold value for
debilitating condition. It is found that the temperatures during
last 3 months over a one-year period of operation increase
against active power output. This means about 25%
temperature data deviate from the normal curve, most likely
due to aging of the components.

III.HEALTH CONDITION LEVEL ESTIMATION
The results gained in Section 2 can provide a quantitative
value about fault degree of each component in wind turbines.
As mentioned above, the wind turbine is a complex system
and each component should have different weight of
significance in whole system in terms of different
maintenance time required and cost caused. Hence, health

condition estimation can be regarded as a kind of multicriterion decision-making. In order to optimize power
dispatch, it is necessary to adopt a method to solve multicriterion decision-making problem of wind turbines based on
their health conditions.
As a well-structured technique for organizing and
analyzing complex decisions, analytic hierarchy process
(AHP) has been widely used in the field of business,
government, shipbuilding, healthcare, industry and education
[25, 26], because of its reliability and ease of use.
Furthermore, the AHP can provide a comprehensive and
appropriate model for decision making with different criteria.
Thus, it is suitable for applying the AHP method to estimate
the health condition of a complex system.
The aim of using AHP method is to determine health
condition by accounting for multi-criterion factors. In this
paper, three criterion elements are used and defined, namely
fault degree, repair cost and maintenance time. Fault degree
estimation is described in Section 2, which can provide
information of health condition for different components in a
wind turbine. Health condition may affect power output
performance of the wind turbines and determine whether the
turbine should be stopped for maintenance or continue to
operate with cautions being taken. Maintenance time and
repair cost are also selected as criterion elements, because
they play a significant role in determining the availability
time, productivity and hence economic benefit of the wind
turbines.
Faulty Wind Turbines
Detailed in Section 2
C Criterions

Fault Degree

Alternative 1

Repair Cost

Alternative 2

Maintenance Time

Alternative M

Fig.2 Hierarchical structure for estimating wind turbine health
condition

Suppose there are M different alternatives and C
different decision criteria. The steps to estimate health
condition of the turbines incorporating the AHP are
summarized as follows:
1) Define the evaluation criteria and establish a
hierarchical structure. Fig. 2 illustrates the hierarchical
structure, which contains three major predefined criteria,
namely fault degree C1, repair cost C2 and maintenance time
C3, and M alternatives. In this paper, M alternatives represent
M wind turbines waiting for health estimation.
2) Compose the pairwise criterion elements. Generally,
there is an optional number from 1 to 9, which is usually
assigned to a comparison matrix. In this paper, we choose a
3

typical three-point performance rating scale, i.e., 1, 5, 9, for
significance of criteria. It defines that significance of criteria
C1 (fault degree), C2 (maintenance time), C3 (repair cost) are
C1 high (C1=9), C2 medium (C2=5) and C3 low (C3=1).
3) Establish the comparison matrix 𝐶3×3 and the
alternative pairwise comparison matrixes 𝐴𝑁 (N=1, 2 and 3).
Thus, the comparison matrix for three major predefined
criteria can be constituted in (7).
𝑐11 𝑐12
𝐶3×3 = [𝑐21 𝑐22
𝑐31 𝑐32
1
9⁄5 9
[5⁄9
1
5]
1⁄9 1⁄5 1

𝑐13
𝐶1 ⁄𝐶1
𝑐23 ] = [𝐶2 ⁄𝐶1
𝑐33
𝐶3 ⁄𝐶1

𝐶1 ⁄𝐶2
𝐶2 ⁄𝐶2
𝐶3 ⁄𝐶2

𝐶1 ⁄𝐶3
𝐶2 ⁄𝐶3 ] =
𝐶3 ⁄𝐶3
(7)

The pairwise comparison for M wind turbines is applied
with regards to each criterion. A similar method used in
equation (7) is therefore adopted to establish alternative
pairwise comparison matrixes AN (N=1, 2 and 3) with respect
to the three criteria defined, as described in equation (8).
𝐴𝑁 = [𝑎𝑖𝑗 ]𝑀×𝑀 N=1, 2, 3

(8)

where 𝑎𝑖𝑗 is pairwise comparison elements between wind
turbines regarding each criterion.
The eigenvectors 𝑤𝐴1 , 𝑤𝐴2 , and 𝑤𝐴3 , corresponding to
the maximum eigenvalue of the matrix 𝐴𝑁 , can be calculated
by using equations (9-11). Each column element of the
comparison matrix 𝐴𝑁 is normalized as follows
𝑎𝑖𝑗

(9)

𝑎𝑖𝑗 = ∑𝑀
̅̅̅̅

𝑖=1 𝑎𝑖𝑗

4) Calculate the relative weights for each criterion in order
to estimate health condition of the wind turbines via equation
(12), which represent the final values of the health condition
level.
𝑤1
𝑤𝐴11 𝑤𝐴21 𝑤𝐴31
𝑤𝑐1
𝑤2
𝑤
𝑤𝐴22 𝑤𝐴32
[ ⋮ ] = [ 𝐴12
]
× [𝑤𝑐2 ]
⋮ ⋮ ⋮
𝑤𝑐3 3×1
𝑤𝐴1𝑀 𝑤𝐴2𝑀 𝑤𝐴3𝑀 𝑀×3
𝑤𝑀

(12)

IV.OPTIMAL ACTIVE POWER DISPATCH
Wind farm control scheme is designed to make wind farm
steady operation by using a separate energy storage system or
through de-rated operation of wind turbines [27]. However,
utilization of a separate energy storage system would be
impossible to apply in a large wind farm, due to high capital
investment and high repair cost. Thus, a de-rated operation of
wind farm is a practical solution. Generally, power demand
from the network operator is less than the maximum available
power [10]. Fig. 3 illustrates the schematic diagram of power
control scheme for wind farm based on health condition
estimation. It contains three parts, namely, network operator
(NP), condition monitoring (CM) system and wind farm
control (WFC) system. NP monitors the power grid to
determine the demand of power output P* to the wind farm;
CM system determines information regarding the health
condition C1 C2 , …, CN of each wind turbine in the farm;
WFC allocates the power output to each turbine (P1, P2 … PN)
by considering both P* and health condition. For each wind
turbine, it may work under its own operation mode such as
maximum power point tracing (MPPT) mode, de-rating mode,
percentage mode and delta mode [14].
Firewalls

Then, the line elements of the normalized comparison matrix
𝐴𝑁 is added together by using equation (10).
𝑤𝑖 = ∑𝑀
̅̅̅
𝑎𝑖𝑗
𝑗=1 ̅̅̅̅

i=1,2,…,M

VPN
Communication

(10)

Remote Monitoring
Centre

Wind Turbine 1

The vector ̅̅̅
𝑤𝑖 also needs to be normalized via the equation
(11)

C 1; C 2;C 3

NP

𝑤𝑖
̅̅̅̅

i=1,2,…,M

𝑤𝑖 = ∑𝑀

𝑤𝑗
𝑗=1 ̅̅̅̅

P1

(11)

P*

CN

WFC

P2
Wind Turbine 2
P3

CM
SCADA

Wind Turbine 2

Consequently, the eigenvectors corresponding to the
maximum eigenvalues for matrixes A1, A2, A3 are given as
below
𝑤𝐴1 = [𝑤𝐴11
𝑤𝐴2 = [𝑤𝐴21
𝑤𝐴3 = [𝑤𝐴31

𝑤𝐴12
𝑤𝐴22
𝑤𝐴32

⋯
⋯
⋯

PN
Wind Turbine N
Wind Farm

𝑤𝐴1𝑀 ]
𝑤𝐴2𝑀 ]
𝑤𝐴3𝑀 ]

The vector 𝑤𝑐 ( 𝑤𝑐 = [𝑤𝑐1 𝑤𝑐2 𝑤𝑐3 ] ), an eigenvector
corresponding to the maximum eigenvalue of the
matrix 𝐶3×3 , can also be calculated by using equations (9-11).

Fig.3 Schematic diagram of power control scheme for wind
turbines based on health condition estimation

Generally, a fundamental method has been used to
approximate the power curve of the wind turbines [28]. It is
approximated by Weibull cumulative distribution function
profile that is used in this paper. The wind power curve can
be described in (13).
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𝑃𝑤𝑖𝑛𝑑 =

0

𝑣 ≤ 𝑣𝑖𝑛 , 𝑣𝑜𝑢𝑡 ≤ 𝑣
𝑣𝑖𝑛 < 𝑣 < 𝑣𝑟
𝑣𝑟 ≤ 𝑣 < 𝑣𝑜𝑢𝑡

𝑣 𝑘

𝑃𝑚𝑎𝑥 (1 − 𝑒 −(𝑐) )
{

𝑃𝑚𝑎𝑥

(13)

where k and c are shape and scale parameters, which are used
to fit the shape of Weibull distribution profile to the wind
power curve.
Fig. 4 compares different power reserve schemes for wind
turbines as a function of wind speed. The baseline of power
output is obtained via using equation (13). In this figure, there
are four turbine operation modes, i.e., baseline mode, derated mode, delta mode and percentage mode. In baseline
mode, the wind turbine tries to capture the maximum power
from the wind by means of MPPT until it arrives the rated
power. If the wind speed is above the rated wind speed but
below the cut-out speed, the turbine’s output power is capped
at the rated power. The de-rate mode is almost the same as
baseline mode, but it limits the maximum rated power
production to meet wind farm requirements (80% in this case).
The percentage mode keeps constant percentage power
reserve of the baseline mode (80% in this case) while the
delta mode defines wind power production needs to be lower
than the available power by a given amount of the baseline
mode (500KW in this case).

satisfying power output P* demanded by the NP. Thus, the
procedures of power dispatch scheme is defined as follows:
for the healthy wind turbines, they are set to operate in
baseline mode (as shown in green line in Fig 4), which
produce maximum power output under variable wind speeds;
for the faulty wind turbines, they work in power-reduced
mode based on their health conditions. Therefore, the demand
of power output P* is defined as below.
𝑁2
𝑃 ∗ = ∑𝑁1
𝑖=1 𝑃ℎ𝑖 + ∑𝑗=1 𝐶𝑓𝑗 𝑃𝑓𝑗

where 𝑁1 and 𝑁2 represent the number of the healthy and
faulty wind turbines, respectively; 𝑃ℎ𝑖 is the power output of
the ith healthy turbine operating in baseline mode whereas
𝑃𝑓𝑗 is the power output of the jth faulty turbine working in a
power-reduced mode. 𝐶𝑓𝑗 is the power distribution
coefficient of the jth faulty turbine and Cfj = 1-wfj, j=1,…, 𝑁2 ,
where wfj is the health condition level of the jth turbine as
estimated in Section 3.
When the faulty wind turbines work in a power-reduced
mode, the power dispatch control is to make the power output
of the faulty wind turbines satisfy the power balance between
the network demand and power production of the wind farm.
In this paper, power is assigned to the faulty turbines based
on their power distribution coefficient considering the health
condition level that we discussed in the previous sections.
The flow chart of the overall power output scheme is given in
Fig.5, accounting for health conditions.
CM System based on
ELM
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Fig.4 Comparison of different power production schemes for wind
turbines as a function of wind speed

From previous research results proposed by Paul A [10],
effects of different power generation schemes on wind
turbine structural loads can be different. Compared with the
baseline mode, other models like de-rated, delta and
percentage mode can decrease the fatigue loads on subhealthy wind turbines by limiting maximum power output.
Percentage mode has a better performance on reducing the
torque loads on drivetrain system than the other modes at a
same active power output level. However, percentage mode
also suffers higher fatigue loads on blade system than the
other modes due to increasing rotating speed of the rotor. The
proposed optimal active power control for wind farm based
on heath condition of the individual turbines is to reduce
mechanical loads acting on the faulty wind turbines while

Power dispatch
based on eq. (14)

Fig.5 Flow chart of the proposed method

When the wind turbine is in power-reduced mode, the
torque of wind turbine can be calculated as follows.
𝐾𝜔2
τ = {𝑃𝑟𝑎𝑡𝑒𝑑
𝜔

𝜔 < 𝜔𝑟𝑎𝑡𝑒𝑑
𝜔 = 𝜔𝑟𝑎𝑡𝑒𝑑

(15)

where K is a constant depending on the turbine properties;
𝜔𝑟𝑎𝑡𝑒𝑑 and 𝑃𝑟𝑎𝑡𝑒𝑑 are turbine’s rated rotation speed and
power respectively.
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SCADA data for fault degree estimation

The SCADA data used in this paper consist of 128 parameters
that contain various temperatures, pressures, vibrations,
power outputs, wind speed and digital control signals. In order
to reduce the amount of data gathered from the operating wind
turbines, SCADA data are usually averaged at 10 minutes’
interval, although sampled in the order of seconds. Inactive
SCADA data exist due to occasions when a wind turbine is
stopped during periods of low and high wind speeds, and due
to the occurrence of maintenance periods. Prior to model
identification, it is necessary to remove these data when no
power is generated. Monitoring techniques based on
temperature signals have been developed for fault diagnosis
of gearboxes, generators, and power converters. Furthermore,
temperature signals can also provide key information on the
health condition of mechanical transmission system in wind
turbines. The condition monitoring of temperature signal is a
proven method to diagnose the faults and predict the residual
life of the drivetrain system. Furthermore, the SCADA data
acquired from the operational wind farm contain various
types of temperature data of the gearbox and generator, which
accounts for more than 30% of the total variables. Thus, the
temperature-based condition monitoring method is an
effective way to demonstrate the algorithms described in this
paper.
In order to validate the proposed fault degree estimation
method, gearbox bearing (main-speed shaft bearing
connected to the rotor, as shown in Fig.1) and generator
winding temperature are selected from SCADA to monitor
the condition of gearbox and generator. These signals can be
used for feature extraction to show the condition of the
gearbox and generator. Therefore, in order to achieve an
appropriate model identification, wind speed, ambient
temperature and power output are selected as the inputs,
while the respective temperature is considered as the output.
This multiple-input and single-output (MISO) approach
allows a more sensitive detection.
The model predictions for gearbox bearing and generator
winding temperatures using the ELM model and Bonferroni
interval method are given as follows. Fig. 6 shows the
residual signal between the actual temperature and predicted
temperature of the gearbox bearing for the faulty turbine
during a time duration of 300 hours. The values of 𝑑𝑘 (0.01)
and 𝑑𝑘 (0.25) for Bonferroni intervals are 9.84 °C and
6.4 °C respectively. The residual signal is considered as an
anomaly if it is over 𝑑𝑘 (0.01), while the residual signal is
over 𝑑𝑘 (0.25) but below 𝑑𝑘 (0.01) is considered as the
sub-health condition. It can be seen that the gearbox bearing
temperature deviate from the prediction at 120 hours,
indicating the onset of a fault. Although the residual signal
value between 120 and 280 hours becomes fluctuant but it
still lies in the zone of tolerance. However, the residual signal
is over 𝑑𝑘 (0.01) at 295 hours.
Fig. 7 illustrates the residual signal between the actual
temperature and predicted temperature of generator winding.
The values of 𝑑𝑘 (0.01) and 𝑑𝑘 (0.25) for Bonferroni
intervals are 41.3 °C and 25.8 °C respectively. The
temperature of generator winding has some fluctuation

15
 =0.01
 =0.25
10
Error (deg C)

A.

around 150 hours; however it is still in the safe area, and at
the end of 270 hours the temperature exceeds the value of
𝑑𝑘 (0.25), indicating a minor fault occurring in the generator.
It is worth mentioning that the data from a healthy wind
turbine is selected to train the ELM model and 12.5 days’ data
(equivalent to 300 hours) when the turbine is in the faulty
condition were used to test the model. It is considered that the
residual values obtained during training are healthy values
and hence are used as a reference for fault detection when
tested using the faulty data. The faults occurring in the
gearbox and generator winding can be found from an
investigation of the SCADA data and from the alarm logs that
record fault information, including fault type, fault time and
subsequent solutions.
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Fig.6 Residual signal of the gearbox bearing temperature between
SCADA data and model prediction
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Fig.7 Residual signal of the generator winding temperature
between SCADA data and model prediction

After fault degree estimation, AHP is then adopted to
estimate health condition considering multiple decision
criterions. In this case study, three criterion elements are
selected, namely fault degree, repair cost and maintenance
time. Table I and Table Ⅱ provide detailed information about
typical repair costs required to repair different subsystems
and downtime caused by different subsystems respectively.
Here, a lower cost (£5000) is used for the gearbox repair as
the gearbox in the faulty turbine experienced only a gear tooth
damage.
As mentioned above, it defines that significance of criteria
C1, C2, C3 are high (C1=9), medium (C2=5) and low (C3=1).
We define fault degree has high significance of criterion
(C1=9), maintenance time and repair cost are assumed as
medium (C2=5) and low (C3=1) significance of criterion,
respectively. From reference [29], it illustrates that the lost
production, while primarily depending on the maintenance
6

TABLE I
TYPICAL REPAIR COST FOR DIFFERENT REPAIR TYPES [29]
Components
Repair type
Cost (£)
Gearbox
Repair
5000
Generator
Repair
50000
Converter
Repair
12000
Pitch actuator
Repair
8000
Bearing
Repair
5000
Blade
Repair
4000
TABLE II
DOWNTIME CAUSED BY DIFFERENT SUBSYSTEMS [7]
Components
Downtime (days)

Gearbox
Generator
Converter
Pitch actuator
Bearing
Blade
B.

14
3
6
4
11
4

are shown in Fig. 9, where the red line and blue line describe
the power output of wind turbines operating in the baseline
mode and 80% power reserve mode, respectively.
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Fig.8 Wind speed for a wind turbine within one day
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time, contributes more than the repair cost in terms of the
O&M costs. Therefore, maintenance time is a more important
factor to consider than the repair cost. Both maintenance time
and repair cost are determined by fault degree of the
component, thus fault degree has the highest significance of
criterion.
Meanwhile, we also define that the residual signal over
𝑑𝑘 (0.01) from ELM model is high (A13=9); the value
between 𝑑𝑘 (0.01) and 𝑑𝑘 (0.25) is medium (A12=5); and
below 𝑑𝑘 (0.25) is low (A11=1). The downtime of
subsystems over 10 days is high (A23=9); the downtime of
subsystems between 10 days and 5 days is medium (A22=5),
and below 5 days is low (A21=1). The repair cost of
subsystems over £30000 is high (A33=9); the repair cost of
subsystems between £30000 and £10000 is medium (A32=5),
and below £10000 is low (A31=1). Six 2.1 MW wind turbines
are selected including four healthy wind turbines and two
faulty wind turbines. The fault characteristics of the two
faulty wind turbines (one with bearing fault while another
with winding fault) are given in Fig.6 and Fig.7. Thus,
through the proposed AHP method, it can be obtained that the
weight of the wind turbine with a gearbox fault is 0.6924 via
using equations (9-13); meanwhile, the weight of the wind
turbine with a generator fault is 0.3076. This means that the
wind turbine with a gearbox fault is more significant than the
wind turbine with a winding fault.
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Fig.9 Comparison of the percentage power control (80%) and the
baseline power control under the given wind condition

Fig. 10 provides power output of the six wind turbines
(wind turbine 5 with a gearbox fault and wind turbine 6 with
a generator fault) following 80% percentage mode power
control. It is worth noting that the power output for the wind
turbines has some minute differences under the given wind
speed condition, due to the wake effect in wind farm that have
been included in the data due to different geometrical
locations where wind turbines are installed [30]. The torque
of generator for each wind turbine can be calculated by using
equation (15) from [7] and is shown in Fig. 11, in response to
power demand to the farm. It can be seen that the generator
torque for each turbine is almost same; thus this control
scheme does not benefit to reduce mechanical load acting on
these faulty turbines.

Optimizing active power dispatch scheme

The proposed method is now compared to the current
practice, i.e., the power dispatch for healthy and sub-healthy
wind turbines are treated equally. Fig. 8 illustrates the wind
speed for a turbine in the wind farm within one day as an
example. According to the wind speed, the power output
based on different power control schemes as shown in Fig. 4
are then calculated. In this paper, we assume that the network
operator adopts 80% percentage mode and thus we just
compare the percentage power control and the baseline power
control scheme under the given wind conditions. The results

Fig.10 Power output from the turbines using the conventional
proportional allocation method
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Fig. 12 illustrates the proposed power output control of the
wind farm based on the estimated health condition. In this
case, four healthy turbines operate in the baseline mode, and
two faulty turbines are in the reducing mode. The power
generation for faulty turbines adopts power-reduced mode
(wind turbine 5 allocates less power due to a more detrimental
gearbox fault) following principle of the equation (14). The
wind turbine with a gearbox fault reduces 56% power
generation while the wind turbine with a generator fault
decreases 24% power generation. It can be seen that four
healthy turbines operating in the baseline mode produce
power at their maximum possible capacities in order to meet
demand specified by the network operator. Meanwhile, the
two faulty turbines work in the power-reduced mode in order
to reduce mechanical load while still balancing network
demand and power output from the farm. Fig. 13 describes
corresponding torque of the generators based on the proposed
method. Clearly, it can be seen that generator torque of the
faulty turbines significantly decrease, due to the reduced
power output.

Fig.11 Corresponding torque outputs from the turbines using the
conventional proportional allocation method

Fig.13 Corresponding torque outputs from turbines using the
proposed optimizing power output control

VI.CONCLUSION
This paper proposes a control scheme for power output of
the wind farm based on the health condition of wind turbines.
In order to demonstrate effectiveness of the proposed method,
two faulty turbines and four healthy turbines are selected in
the case study. Compared with the conventional wind farm
control scheme, the proposed method estimates health
condition of the individual wind turbines by using data-driven
condition monitoring approaches and AHP to determine the
health condition levels. Power dispatch control is then made
to ensure the healthy wind turbines generate power at their
maximum possible capacities and, in the meantime, reduce
fatigue loads on the sub-healthy and faulty wind turbines.
Through the case study, it shows that the proposed method
can significantly reduce torque acting on the faulty wind
turbines whilst still satisfying total power output demanded
to the wind farm. More specifically, the torque acting on the
gearbox can be reduced by average to 55% of the traditional
method for the faulty turbines. The value of 55% is obtained
by comparing the average gearbox torque of the traditional
method with the average gearbox torque of the proposed
method. This would considerably be beneficial to prolong
life-span and economic benefit of the wind turbines. Future
work includes identification of health condition of the wind
turbines in a timely manner and report back to the controller
with appropriate control objectives to achieve an online realtime power dispatch control of the wind farm.
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