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Abstract

This paper proposes a novel scheme for extending lifetime of a wind en-
ergy conversion system (WECS) by integrating an online damage evaluation
model into a control strategy for structural load reduction. Wind turbines
are often subjected to continuously changing mechanical stress levels due to
intermittent variability of wind speed and the effects of induced loads during
power production, leading to premature failure before the desired lifetime
is reached. A structural load reduction control strategy with variable gain
is applied to define the compromise between power production and the ex-
tension of wind turbine service lifetime. In this paper, an online damage
calculation model is used to determine damage levels in rotor blades then a
variable gain control scheme is employed to offer a trade-off between power
production and lifetime extension. Depending on damage accumulation level,
power production is slightly sacrificed to extend the service lifetime of wind
turbine or to reach given goals with respect to the desired useful lifetime. The
results indicate that the proposed method can effectively extend the lifetime
of wind turbine without significant reduction in power production. The pro-
posed prognostic-based control approach serves as an example for a new type
of service-oriented control algorithms, taking into account diagnostic results
from monitoring and supervision algorithms.

Keywords: Remaining useful lifetime, Structural load reduction,
Prognostic-based control strategy, Wind power conversion system

1. Introduction

The wind power production has steadily grown for the last few decades
because its generation is environmentally friendly. It is projected that if the
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current growth rate is sustained, nearly 20% of the global energy could be
produced from wind by the year 2030 [1]. To meet the growing demand
of wind energy, the trend in wind turbine manufacturing is to upscale the
turbine’s size as well as power rating. This in turn has lead to challenges
related to increased structural loads and reduced wind turbine components
reliability. Large wind turbines are inherently flexible, especially due to rotor
blades and tower. Consequently, this leads to induction of structural loads
during wind power production. In the recent years, a number of advanced
control schemes for structural loads mitigation in wind turbines have been
proposed, especially in large utility-scale wind turbines. Nevertheless, most
of the work that have been reported on structural loads mitigation in large
wind turbines focused on the minimization of once per revolution (1p) loads
using individual pitch controller [2, 3]. The minimization of higher harmonic
loads [4, 5] was not within the focus of the majority of reported works. Beside
considering structural loads mitigation it is also important to examine other
operation objectives such as extension of service life-time of wind turbine. In
the realm of large wind turbines, offshore wind farms have a promising eco-
nomic potential due to high wind speeds in offshore and little environmental
interferences. Unlike the land-based wind turbine, the effects resulting from
structural loads in offshore application are more complex, where multiple
load cases such as unidirectional wind, waves, and current are required to be
considered simultaneously [6].
Although the cost of wind power has steadily declined over the last decade,
the related production costs are still higher compared to other alternative
technologies [7]. This is due to high initial investment cost as well as high
operation and maintenance (O&M) costs among other factors. To make wind
energy more competitive compared to other alternative sources, its overall
production costs need to be reduced. This can partly be achieved by op-
timizing power production and embracing new technologies that enhance
reliability and sustainability. Operation and maintenance costs contribute
to a sizeable share of the overall cost of wind power; hence, reducing it
would increase cost-competitiveness of wind power. Reduction of O&M costs
is realized by adoption of suitable operational and maintenance strategies.
One of the operational schemes that can be adopted to reduce the O&M is
the employment of appropriate Structural Health Monitoring and Prognosis
(SHMP) techniques [8]. After the installation of wind turbine, annual oper-
ating expenses (AOE), which include O&M costs and replacement/overhaul
costs, are the only adjustable charges that can be minimized to reduce the
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cost of energy (COE) [9]. In this paper, the COE is considered to be lowered
by operating the wind turbine based on the health status so as to extend
the remaining useful life (RUL). Accordingly, the assessment of the wind
turbine health status and prediction of the RUL can lead to the adoption
of condition-based maintenance (CBM) or predictive maintenance such that
the planning and scheduling of maintenance tasks are based on the health
condition of the components rather than time-based.
Related condition-based operation (CBO), which is the main contribution
of this paper, can be successively used to extend the service lifetime by us-
ing load mitigation control strategies in conjunction with lifetime prediction
models or by downscaling the operation capacity of wind turbine. Accord-
ing to [10], the main causes of downtime in wind energy conversion systems
(WECS) are: power module, drivetrain model, and rotor module. Drivetrain
and rotor modules are more expensive to repair compared to other modules
since they are not easily accessible during maintenance. It is further stated
in [11] that maintenance of drivetrain systems and rotor blades accounts for
the highest downtime in wind turbine applications. To demonstrate the ap-
plication of CBO in wind turbines, structural load reduction of rotor blades
is considered in this paper as an example of CBO.
Recently, the interest to develop robust and reliable SHMP systems has
sharply increased, especially in offshore application due to harsh environ-
mental conditions and related high maintenance cost. According to [12],
condition monitoring system should be able to detect the presence of a fault,
determine its location, establish the extent of damage, and monitor the prop-
agation behavior of the defect. The prediction of failure behavior in wind
turbine is important because it allows optimized decision making with re-
spect to operation and maintenance [13]. The focus of this contribution is on
prognostic-based lifetime extension of WECS. Further information on other
condition monitoring and fault detection can be found in [14, 15, 16]. In [17],
condition monitoring and prognostic challenges are discussed with a view of
presenting the requirements that adequately cope with multiple, complex
faults, and different failure mode types.
The concept of integrating SPHM into O&M process of offshore wind tur-
bines using rotor blades as application example is discussed in [18]. The
key issues discussed in this paper with regard to development of multi-scale
modeling and simulation tools are to evaluate the effects of damage on the
components’ health status and to identify and evaluate turbine structural
loads through appropriate control strategy to mitigate exacerbation of dam-
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age growth. An optimal prognostic-based maintenance scheme for multiple
wind turbines in an offshore wind farm managed via output-based contract
such as power purchase agreement (PPA) is presented in [19]. These kind of
control schemes are employed to avoid the related penalties that are associ-
ated with such contracts.
An automated online fault prognosis scheme is presented in [20, 21, 22]. Here,
operation data from a supervisory control and data acquisition (SCADA) sys-
tem are analyzed to determine the health status as well as extracting prog-
nostic indicators used to realize predictive maintenance. A robust approach
is used to classify SCADA data to allows the establishment and detection of
fault development.
Although a number of control strategies to mitigate fatigue loads have been
proposed [23, 24, 25], the scientific question on how aging model can be used
to extend fatigue life of wind turbine system without much sacrifice on other
important objectives such as maximization of power production and speed
regulation is not extensively discussed in the literature.
In this paper, the idea presented in [23] is detailed and significantly extended
with the goal of mitigating the structural loads depending on the level of
damage accumulation, hence extending the useful lifetime of wind turbine.
Depending on the health status of the rotor blade, a tactical control strat-
egy is employed to mitigate structural loads, albeit at slight compromised on
speed/power regulation objectives.
The paper is structured as follows: a description of the algorithm developed
to evaluate fatigue loads is outlined in section two. In section three, the con-
trol strategy used to optimize the trade-off between power/speed regulation
and extension of lifetime is given. In section four condition-based operation
strategy used to extend lifetime of wind turbine is discussed. Finally, in
section five a method of extending lifetime by operating turbine generator
slightly below its rated capacity is introduced.

2. Fatigue Load Evaluation

During the operation of wind turbine, most of its components are sub-
jected to varying mechanical stresses due to variability of wind speed. In
turn this leads to gradual degradation of individual components until a fail-
ure occurs. This process starts in micro-scale due to irreversible changes in
microstructure and propagates with time until its manifests itself as a defect
leading to loss of functionality of a given component [20]. The knowledge on
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how a component degrade with time is very important since it can give an
estimate of remaining useful life (RUL) before it looses its functionality. To
extend the service lifetime of wind turbine, the knowledge of the consumed
lifetime (or accumulated damage) is required. On the other hand, damage
accumulation is directly related to the fatigue load experienced by the wind
turbine. In the literature, a number of models have been proposed to eval-
uate fatigue life of machine components [26, 27]. For general applications,
load cycle counting-based (rainflow counting and Palmgren miner) algorithm
is popular due to its simplicity. The Palmgren miner damage rule assumes a
linear damage accumulation. Other complex nonlinear fatigue damage mod-
els exist [28, 29]. In this paper a linear load cycle counting model is assumed.

2.1. Evaluation of Consumed Lifetime

As depicted in Fig. 1, load counting algorithms use time series input data
and calculate the remaining useful life of the turbine through extrapolation.
Additionally, a constant magnitude equivalent fatigue load (EFL) that give
rise to an equivalent fatigue damage as a varying amplitude load over the
same number of cycles can be determined using the similar scheme. Damage
degradation in machine components can be described by a Wöhler equation
as

smN = K, (1)

where N is the number of cycles to failure for a given stress range s. The
constants m and K are material specific parameters. In wind turbine appli-
cations, m is referred to as Wöhler coefficient and is taken to be equal to 3
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Figure 1: General procedure for determining the remaining useful lifetime
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for components made of steel and 10 for rotor blades made of fiber compos-
ite material [26]. Using rainflow counting and Palmgren-Miner rule, damage
accumulation is calculated as

Dk =

k
∑

i=1

di =

k
∑

i=1

ni

Ni

=

k
∑

i=1

nis
m
i

K
, (2)

where si denotes stress range corresponding to the ith stress cycle, di is the
damage corresponding to a given stress cycle, ni represents the number of
applied load cycles, Ni is the number of cycles the material endures until it
fails, and k is the total number of cycles. The component under investigation
is considered to have reached the end of life if Dk is equal to one. The end
of lifetime is evaluated as

Tf = TkD
−1

k , (3)

where Tf is the time to failure and Tk denotes principal load units required
to accumulate damage Dk. Accordingly, the remaining useful lifetime (RUL)
can be calculated if the turbine service lifetime is given per design and there-
fore known by the manufacturer. To calculate EFL, Eqn. (2), is modified
as

EFL =

(

k
∑

i=1

smi
Ni

)

1

m

. (4)

The linear damage accumulation method for fatigue load evaluation assumes
that the operation conditions do not change during the entire service lifetime,
which is rarely the case in real life operation. Moreover, this method does not
consider downtime due to maintenance; it assumes 100% availability for the
entire lifetime. Furthermore, this algorithm cannot predict component life at
stress ratios different from those used to develop its stress-cycle curve (S-N
curve) [30]. To address some of these shortcomings, National Renewable En-
ergy Laboratory (NREL) modified this algorithm to include load cycles over
a wider spectrum of stress ratios as well as adding other enhanced features
to come up with a fatigue analysis tool called MLife [31]. Like Mcruch tool,
the MLife tool is typically used as a post processing program and cannot be
used for online fatigue load evaluation since it requires the load history for
the entire load spectrum.

2.2. Online Rainflow Counting

To evaluate fatigue load online, rainflow counting (RFC) algorithm devel-
oped by Musallam et al. [32] is adopted in this paper. Unlike the traditional
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Figure 2: Implementation of online rianflow counting algorithm

rainflow algorithm in which the load history for the entire spectrum is re-
quired, this method processes the extremum points (minima or maximua
value) as they occur in time series load data with the help or two flexible
buffers to evaluate the corresponding half and full loading cycles. The min-
ima or maxima data point is identified by applying a 3-point counting rule
which is applied recursively as depicted in Fig. 2. Here, different colors are
used to distinguish the crossing of extremum values defined by t1, t2, t3, and
t4. In this paper, root blade flapwise bending moments are considered for
evaluation of fatigue load damage. The RFC algorithm is used in conjunction
with Palmgren-Miner damage accumulation rule to calculate the consumed
lifetime (or damage accumulation). It is important to note that run-to-failure
data is not used to determine the service life of wind turbine, rather a rep-
resentative time series data is used to extrapolate the time it would take to
fail when it is subjected to similar loading conditions.

3. Control Loop for Load Reduction

In this paper, a multiple-input multiple-output (MIMO) control scheme
described in [23] is extended to include the actuator dynamics and together
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with an aging model, a novel prognostic-based control strategy is applied to
extend the service lifetime of wind turbine. A frame that integrates load
reduction strategy and prognosis model is illustrated in Fig. 3. Here, a
variable gain MIMO control scheme is designed to mitigate the structural
load on wind turbine. This controller is designed to establish a compromise
between structural load reduction and output power/speed regulation. Con-
currently, an online damage evaluation model is used to determine fatigue
damage accumulation during the operation of wind turbine. Depending on
the predefined thresholds, the control strategy is adjusted to the structural
loads, although at a slight compromise of power/speed regulation; hence,
extending the service lifetime of the wind turbine. Here, the threshold eval-
uation model is based on a monotonic damage accumulation such that the
switching between different controllers is triggered by different levels of the
accumulated damage. Therefore, the stability is guaranteed during switching
between different controllers. The proposed prognostic-based control scheme
aims to optimize the trade-off between speed/power regulation and reliability
of wind turbine in the sense of extending its lifetime. The RUL is computed
as Tf (1 − D−1

k ), where Dk is the consumed lifetime and Tf is the end of
lifetime. In this paper, the RUL is controlled indirectly by deploying differ-
ent load reduction controllers depending on the accumulated damage level to
reach the desired end of lifetime which is assumed to be known. Assuming
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Figure 3: Control strategy which integrates online damage evaluation model
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that the presence of a fault can be accurately detected by fault detection
algorithms, the prognostic-based control scheme proposed can be used to
extend the lifetime of a faulty turbine to reach its desired lifetime without
causing collateral damage to other critical components. As illustrated in
Fig. 4, a fault appears at ti. A prognostic-based control scheme is employed
to ensure that the turbine reaches end of lifetime at t

end
by reducing damage

levels per sampling time, although at a slightly compromised power/speed
regulation. If a fault is induced, this will lead to increased damage develop-
ment and therefore reduced remaining useful lifetime. In this illustration, a
faulty system is considered to have reached the end of lifetime at t

f
if nom-

inal controller is still employed after fault has occurred. On the other hand
if structural load mitigation control scheme is employed, lifetime can be ex-
tended by ∆t

f
to reach the initial the desired end of lifetime. Such damage

can result from extreme operation conditions such as gust wind and other
unforeseen occurrences. It is important to note that the proposed scheme
is based on online damage accumulation and it is independent of the wind
profile acting on wind turbine.
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d
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a
g
e
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t
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f

Figure 4: Lifetime extension for a faulty turbine
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Table 1: Wind turbine specifications [33]

Rated rotor speed 20 rpm
Hub height 84.288 m

Configuration 3-blades, upwind
Cut in, Rated, Cut out wind speed 4 m/s, 12 m/s, 25 m/s

Gearbox ratio 87.965
Blade diameter 70 m
Rated power 1.5 MW

Blade pitch range 0∼90o

3.1. Example Model: Task and Description

A fictitious WindPACT 1.5 MW model developed by National Renewable
Energy Laboratory (NREL) is used to generate linear time invariant (LTI)
models at different operation points. The specifications of this model are
outlined in Tab. 1. This model describes an upwind, three-bladed, horizontal
axis variable speed wind turbine. The model has a total of 24 degree of
freedoms (DOF) which describes the flexibility of the wind turbine. For
the purpose of controller design only the relevant DOFs are enabled in this
paper. To mitigate structural loads on rotor blades and tower, five DOFs
are considered: tower first fore-aft mode τf , variable generator speed Ψ , and
individual blades first flapwise mode ζ1, ζ2, and ζ3. Like most of mechanical
systems, wind turbine is represented by a nonlinear model given by

M(q, u, t)q̈ + f(q, q̇, u, ud, t) = 0, (5)

where, M denotes matrix containing mass and inertia, f is a nonlinear func-
tion describing relationship between enabled DOFs, control inputs u, and
exogenous inputs ud, while q = [τf , Ψ, ζ1, ζ2, ζ3] represents the DOFs used
to extract linear models from the nonlinear model described by Eqn (5).
Because the structural loads are more pronounced during high wind speed
region (above the rated wind speed region), five linear models are extracted
from aeroelastic nonlinear model at 14 m/s, 16 m/s, 18 m/s, 20 m/s, and
22 m/s wind speeds. However, the resulting linear model are highly periodic
due to deterministic influences such as tower shadow, vertical wind shear, and
yaw misalignments. It is important to note that the effects of periodicity be-
come more pronounced as the turbine grows in size. To account for periodic
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dynamics of wind turbine during controller design, a multi-blade coordinate
(MBC) transformation discussed in [34] is used to express the dynamics in
the rotating coordinate of reference to a fixed coordinate of reference. After
transformation, linear periodic models are averaged to realize an approxi-
mation of linear time invariant (LTI) model which is weakly periodic about
azimuth position. This model is used as an example in this contribution.
It is worth noting that the variables of linear model are normally perturbed
about the point of linearization.

3.2. Multi-Input Multi-Output Control Design for Load Reduction

In this paper, an approximated LTI model is used to design structural
load reduction scheme. For controller design, wind turbine is described by
following state-space dynamic model

ẋn = Anxn +Bnun +Bnd
und

, (6a)

yn = Cnx+ v, (6b)

where xn ∈ R
n =

[

∆q, ∆q̇
]T

is the state space vector, un ∈ R
m = [∆β1, ∆β2,

∆β3]
T denotes the control input, yn ∈ R

p is the measurement output, A ∈

R
n×m represents system matrix, B ∈ R

n×m is the input matrix, and C ∈ R
p×n

denotes the output measurement matrix. In addition to unknown exogenous
disturbances und

, the measurement yn is assumed to be distorted with v as
additive noise.
The blades in wind turbines are affected by different aerodynamic loads at
different azimuth positions and rotational speeds. Hence, it is important to
equip modern turbines with pitch actuators to manipulate each blade inde-
pendently. In some utility-scale wind turbines, a hybrid actuators are used
to take advantages of both the hydraulic and electromechanical actuators.
As pointed out in [35], FAST model does not integrate pitch actuator dy-
namics; hence, leading to the loss of important dynamics that might affect
the overall performance of the wind turbine. Because the pitch actuator
dynamics are faster than dynamics of other mechanical subsystems, the ac-
tuator dynamics are represented by a first order linear model relating the
commanded pitch angle to manipulated input pitch angle. To account for
pitch actuation dynamics, the actuator is modeled as first order system

β

β
com

=
1

sτ
β
+ 1

, (7)
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as suggested in [36], where β
com

represents the commanded pitch angle, β
denotes the actual pitch angle that manipulates the rotor blade, and τ

β
= 0.2

represents the time constant. As depicted in Fig. 5, the actual pitch angle is
maintained within desired limits with magnitude and the rate constrains. In
individual blade control scheme, each blade pitch actuator can be represented
by first order model (7), written in state space form as
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(8)
Equation (8) can be represented in a generalized state space form as

ẋa = Aaxa +Baua, (9a)

ẏa = Caxa, (9b)

with xa = [∆β
1
∆β

2
∆β

3
]T , ua = [∆βcom1∆βcom2∆βcom3]

T , and ya = xa. As
stated in [37], the nominal wind turbine model (6) can be augmented with
pitch actuator to account for pitching actuator dynamics in the FAST model.
Here, it is assumed that the control input signal does not directly influence
the measured output; hence, the feedthrough matrices D andDd are assumed
to be null matrices. Therefore, the extended model which includes the pitch
actuator dynamic is given by

[

ẋn

ẋa

]

=

[

An BnCa

0 Aa

] [

xn

xa

]

+

[

0
Ba

]

ua +

[

Bnd

0

]

und
(10a)

[

yn
ya

]

=

[

Cn 0
0 Ca

] [

xn

xa

]

+

[

1
0

]

v. (10b)

-

1

τ
β

1

s

ββ̇β
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Figure 5: Block diagram of pitch actuator model
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In this paper, an LTI model represented by Eqn. (10) is used to design an
individual blade pitch control scheme. For convenience, this model can be
presented as

ẋ = Ax+Bu+Bdud (11a)

y = Cx+ v. (11b)

Although the model expressed in Eqn. (11) is LTI, it weakly captures periodic
dynamics of wind turbine due to the application of MBC transformation. To
actuate individual rotor blade, control input signal u is transformed back to
the mixed reference coordinate system by inverse MBC transformation. It
is important to emphasize that although a linear model is used to design
controllers, the simulations are carried out using a nonlinear model which
contains more degrees of freedom than those used to design the controller.
To design a full state feedback controller, all state variables must be avail-

-

˙̂x = (A−KfC)x̂+Bu+KfyK

u

ud

y

Kalman filter

x̂

v

r = 0 Non-linear wind
turbine model

Figure 6: Full state feedback and optimal state estimator

able for feedback. In some practical applications, not all state variables are
available for measurement; hence, it desirable to use a few just a few mea-
surements to estimate all states for feedback. Furthermore, it is cost effective
to use just a few measurements to estimate the states, especially for a com-
plex systems that have many state variables. As depicted in Fig. 6, the
control problem can be divided into two levels, i.e, determination of feed-
back gain K using linear quadratic (LQ) control method and the estimation
of state variables using Kalman filter. To design a linear quadratic regulator
(LQR) controller, the control gain K is evaluated such that the following
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performance index is minimized

J =

∫ t

0

[

xT (t)Qx(t) + uT (t)Ru(t)
]

dt. (12)

The state weighting matrix Q ∈ R
n×n = QT ≥ 0 and control weighting

matrix R ∈ R
m×m = RT > 0 are used to optimize a trade-off between state

regulation and control input usage. The feedback gain K = R−1BTP is
determined by solving the following algebraic Riccati equation

ATP + PA+Q− PBR−1BTP = 0, (13)

where P = P T ≥ 0 is an unknown n × n symmetric matrix assuming that
the system (A,B) is controllable. The matrix Q and R are tuned to get
a series of control gains that correspond to different structural load levels
and different output power. Depending on the predefined damage levels, the
control gains are changed to reduce the structural loads, albeit at a slight
compromise on speed regulation objective.
Since the incoming wind possesses stochastic properties and the fact that the
output measurements are noisy, Kalman estimator can be effectively used to
reconstruct the system states using control input and noisy measurement sig-
nals. The process noise ud and the measurement noise v are assumed to be un-
correlated, zero-mean Gaussian noise, i.e, E[ud] = E[v] = 0, E[udu

T
d ] = Qf ,

E[vvT ] = Rf . Here, Qf and Rf are process and measurement noise covari-
ance matrices, respectively. The continuous Kalman estimator is defined by
the following dynamic model

˙̂x =Ax̂+Bu+ L(y − Cx̂),

ŷ =Cx̂,
(14)

where x̂ is the estimated state, while ŷ is estimated measured output, and
Kf = PfC

TR−1

f denotes the Kalman gain. The matrix Pf = P T
f ≥ 0 is the

solution of the following filter algebraic Riccati equation (FARE)

PfA
T + APf +Qf − PfC

TR−1

f Pf = 0 (15)

Unlike the classical in Luenberger observer, the gain L is designed such that
state estimation error covariance E

[

(x− x̂)(x− x̂)T
]

is minimized in a sense
of a given quadratic performance index related to disturbance and measure-
ment noise covariance matrices. A realized feedback controller is designed
using estimated states as

u = Kx̂, (16)
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where K is optimally designed by minimizing the performance index given by
Eqn. (12). It should be noted that the stability and stability margin in LQR
design are guaranteed assuming that all states are available for the feedback.

4. Extension of Wind Turbine Lifetime: An Illustrative Example

using NREL 1.5 MW Turbine

Modern wind turbines have an approximate lifespan of 20 years or 2.7×108

fatigue stress cycles [38], but most of the cases there is a likelihood to fail be-
fore reaching this time due to fatigue damage. Consequently, a lot of efforts
are being made to develop models that monitor wind turbine deterioration
process or predict its lifetime before it fails. Another approach being em-
ployed to extend the service lifetime of wind turbine is to use control strate-
gies that mitigate structural loads. While this approach is promising, very
little has been reported on the integration of control strategies with damage
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Figure 7: A scheme for extension of the remaining useful lifetime
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evaluation models in order to quantify the extent of lifetime extension. This
paper aims at combining structural load reduction control strategy with life-
time prediction model so as to extend the lifetime of wind turbine. In Fig. 7,
a generalized scheme of using an aging model together with a load reduction
strategy to delay the degradation of wind turbine is shown.
Without structural load reduction consideration, the turbine looses its func-
tionality at time tf1 which is lower than the expected life time tf2 . Assuming
that this loss of lifetime can be quantitatively defined by a suitably designed
diagnosis scheme, the remaining life time will be shortened if control scheme
is not changed. With the proposed prognostic-based control strategy, the
objective is to extend the lifetime of wind turbine by ∆t to compensate
for the lost URL, hence reaching the desired lifespan. Using the introduced
Wöhler/Palmgren Miner calculation which assumes a linear damage accumu-
lation, the nominal and the resulting lifetime of the damaged/faulty systems
can be assumed as known [39, 40]; therefore, the control strategy is used
to make sure that the wind turbine does not cease before its desired lifes-
pan. Likewise, similar control strategies can be used to extend the lifetime of
slightly damage wind turbine to reach it nominal end of lifetime to avoid un-
warranted downtime. In this paper power production is optimum when load
reduction control method is not employed. In other words, the load reduc-
tion control strategy is used to optimize the trade-off between the extension
of wind turbine lifetime and the quality of output generated power. At first
the wind turbine is operated at optimum power without considering load re-
duction strategy, then it is operated until the accumulated damage reaches a
certain predefined threshold. Consequently, the load reduction control strat-
egy is engaged at varying degrees till the turbine reaches the end of lifetime.
In Fig. 8 damage accumulation levels for different wind speeds and different
controllers with varying load reduction capabilities is depicted. The wind
speeds are varied from 12 m/s to 22 m/s at step of 2 m/s. In this paper,
controller 1 represents a case where the objective of speed/power regulation
is perfectly realized, but with a penalty of slightly increased structural loads.
On the other hand, controller 5 has strong structural load mitigation ability
though at at slightly compromised output power/speed regulation. It is ev-
ident from Fig. 8 that structural loads reduce as wind speed reduces. It is
important to mention that a full-field turbulent wind profiles generated by
NREL TurbSim simulation code are used in this paper to determine fatigue
related damages. In this paper, different wind profiles with different wind
speed but same turbulence intensity are used to demonstrate the application
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Figure 8: Damage accumulation for different controllers and wind speeds

of prognostic-based control scheme.
In Fig. 9, the correlation between structural load mitigation and power vari-
ation is shown. In this case, independent blade pitch controllers with varying
degrees of structural load mitigation are designed. It is observed that the
variation of mean output power fluctuation increases as the DEL reduces, al-
though at a small rate: a 21.38% reduction in DEL results to 1.55% increment
in mean output power fluctuation. Though the influence on output power
variation might not be significant, structural load reduction might lead to un-
desirable actions such as increased pitch actuation duty cycle (ADC); hence,
a careful trade-off between various performance characteristic is paramount
in achieving the overall objective of extending lifetime and output power
regulation. For 600 s simulation window, it is evident that the level of accu-
mulated damage reduces as the controllers are switched from 1 to 5.
To demonstrate the concept of integrating prognosis model into control loop,
five multi-variable controllers with different load reduction capacity are de-
signed for wind speed of 18 m/s. These controllers are switched depending
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on the level of damage for the machine part under investigation. For a sim-
ulation period of 600 s, the accumulated damaged reduced by around 40%
when damage evaluation model is integrated in control loop as illustrated in
Fig. 10. At about 70 seconds, controllers are switched from 1 to 5 depending
on accumulated damage level resulting to an overall reduction in damage
accumulation by 40%. As mentioned, the aim of this paper is to strike bal-
ance between lifetime extension and power regulation objective as depicted
by Fig 9.
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5. Lifetime Extension by De-rating Generator

If the occurrence of a fault and its mode of propagation can be predicted,
tactical operation can be employed to extend the service lifetime of the wind
turbine till the next planned/scheduled maintenance, although at a reduced
power production or at a cost of compromising other important objectives
such as regulation of speed/power. One of the tactical operation that can be
employed in wind energy harvesting is to run turbines at a downscaled oper-
ation capacity. The aim of this approach is to optimize the trade-off between
power production maximization and extension of the wind turbine lifetime.
This condition-based operation strategy is very crucial in applications where
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Figure 11: Reduction of load by de-rating of the generator

wind power is supplied under contractual obligations such as PPA or in situ-
ations where lead time before replacement/repair of damaged turbine is long
due to logistics challenges, especially in offshore applications [41]. The adop-
tion of condition-based operation can significantly reduce the occurrence of
unscheduled maintenance which contribute to a substantial portion of the
overall O&M cost. Additionally, the chances of collateral damage to other
wind turbine components can be significantly reduced if the defective com-
ponents are identified and timely appropriate corrective action is taken.
In large composite rotor blades, defect can manifest itself in a form of delami-
nation and if the severity level of damage are not acute the RUL of such blade
can still be utilized with a view of optimizing the production cost of wind
power; albeit at a compromised performance. In model-based approaches
of investigating the performance of defective wind turbine blades, faults can
be induced by altering the local flap-wise and edge-wise stiffnesses along the
blade span length [42, 43]. In Fig. 11 the effect of de-rating wind turbine
generator on the flapwise rotor blade bending moments is illustrated. Here,
the generator is de-rated from 100% to 70% of the rated value. As a result,
the blade flapwise bending moment is reduced by 36.6%. Similar trend is
expected in edgewise bending moments, although flapwise loads are more
pronounced compared to edgewise blade loads.

6. Conclusion

In this paper, a framework integrating an online damage evaluation model
into the main control loop of wind turbine is presented. The aim of this
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scheme is to extend the service lifetime of wind turbine either by optimizing
the trade-off between structural load reduction and speed/power regulation,
or mitigation of structural loads and maximization of power production. The
knowledge of how components in wind turbine system degrade during power
production is an important aspect in planning and scheduling of maintenance
which can lead to increased availability and reduction of overall production
cost of wind power.
An online fatigue damage evaluation model is adopted in this paper to ad-
just structural load control strategy to compromise between reliability and
optimization of power regulation. It is important to note that a damage eval-
uation model based linear damage accumulation is used in this study just for
the purpose of demonstration; otherwise, fault propagation in wind turbine
might be highly nonlinear due to variability of wind speed and other inherent
nonlinearities in turbine itself. It has also been demonstrated that severity
of damage propagation can be abated by operating wind turbine at a scaled
down capacity. Again this strategy can be used to optimize the maintenance
scheduling. The results demonstrate that the proposed prognostic-based op-
eration can lead to optimized wind energy production, especially in offshore
application due to logistic challenges related to maintenance.
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[39] D. Söffker, A novel strategy for probability-based failure avoidance of
operating technical systems, in: 15th ASME Conference on Reliability,
Stress Analysis and Failure Prevention, Pittsburgh PA, USA, 2001, pp.
39–45.
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