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SUMMARY & CONCLUSIONS

Based on the modeling of the deterioration of a bladedue
to the intrinsic randomness, random shock, random load and
dynamic environment, this paper proposes a predictive
maintenance policy considering the leading time caused by
preparing the maintenance action. The evaluation of the
proposed maintenance policy is realized by Monte-Carlo
simulation and the minimal average long-run maintenance cost
per unit time is obtained. The numerical simulations prove that
the proposed policy can reduce the downtime caused by
failure or leading time.

1 INTRODUCTION

The wind energy industry has experienced an extensive
and worldwide growth during the past few decadesowing to
the availability of resources and the maturity of the
technology. However, due to the lack of space on land and the
better quality of the wind resource in the sea, the installation
of wind turbines is shifting from onshore to offshore locations
[1]. As offshore wind turbines are located at remote sites
withlimited accessibility, the demand for high reliability much
greater than for onshore turbines whistle minimizing costs[2].
Operation and maintenance (O&M) costs of off-shore wind
turbines contribute about 25-30% to the total energy
generation costs, which can be estimated to be 50% higher
than that of the onshore farm. A considerable fraction of that
increased percentage is caused by unexpected failures leading
to the necessity of corrective maintenance[l], [3].Since the
operation and maintenance costs represent a substantial
portion of the total life cycle costs ofwind power generation
systems [4], the reliability and maintenancemanagement of
wind turbines have drawn increasing interests with the aim of
reducing thesecosts.

According to [4] and [5], the rotor blade is the most costly
part of a wind turbine and also fails more frequently than other
components. The failure of a blade could be hazardous and
even destroy the whole tower.To maintain a blade, certain
conditions should be satisfied, these factors includesuitability
fortheweather and availability ofequipment. In this paper we
focus on the maintenance of the blades of offshore wind
turbines. From the review in [6], structural health monitoring
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plays an increasingly important role. Further, as investigated
by G. Marsh[7],the techniques and price of rotor blade remote
surveillance equipment are becoming well proven and
affordable respectively.Several monitoring techniques are
available, such as the use of accelerometers, acoustic emission
detectors and fibre-optical strain gauges.

Components, such as the gear box,high-speed shaft and
the yaw drive,areall connected by the bearings and gears,
periodic lubricationof these components istherefore necessary.
As a result, a routine maintenance as used in [8] isneeded.
However, the ever changing weather conditions have
considerable disparities in different seasons and harsh weather
conditions could constrain and delay the reparations [4], [9].
Hence the general assumption of immediate and instant
maintenance is no longer suitable and for simplicity we
consider an additional leading time containing all the
downtime caused by maintenance.

Bladedamage is clearly caused by a mechanism of fatigue
in the dynamic environment and affected by random factors,
such as temperature, humidity, wave motion and lightning.In
this paper we model the crack of a blade via the Paris-Erdogan
law considering the intrinsic randomness of the fatigue crack
propagation, random load and dynamic environment. Also a
random shock is taken into account to model the extreme
events, such as gale and huge waves. The dynamic
environment and external factors are referred to as covariate
and modeled by continuous-time and discrete-state Markov
chain.As a supplement to the routine maintenance, areactive
maintenance is proposed which takes advantage of the
information available through monitoring. In addition,in order
to save the downtime caused by the leading time after a failure,
thepredictive maintenance action can be scheduled in advance.

The remainder of this paper is as follows: in section 2 the
extended crack propagation model is employed to model the
deterioration of a blade, using the outcome of this,
maintenance policies are proposed in section 3. In section 4
the performance of the policies are studied and compared.

2 DETERIORATION MODEL
2.1 Basic Fatigue Crack Propagation Model

The rotor blade is a fatigue critical component and several
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factors expose it to fatigue phenomena, such as, its long and
flexible structure, vibration in its resonant mode, randomness
of the load spectra and continuous operation under different
conditions [10]. In general, the fatigue damage variable,D, is a
function of time or the number of cycles ¢, the parameters C
and m depending on the property of material and the stress
intensity range AK:

dD/dt =C(AK)" (1)
where AK is dependent on D through the relation AK(D) =
B+/D and f is a constant in stable environment.

2.2 Crack Propagation Model Considering Random Factors

Based on the basic deterministic model, we consider the
random factors such as the intrinsic randomness of the fatigue
crack propagation, random load and dynamic environment.
Assuming that the initiation time of a crack ¢t,is subject to a
Weibull distribution with the scale parameter a and shape
parameter b. The minimal length of a crack that can be
detected by inspection is Dy = 0.5. Once a crack occurs, it
will propagate according to a stochastic Paris-Erdogan law.
Let X(t) account for the statistical variability of the crack
growth rate and it is subject to a log normal distribution
log(N(0,52))as is demonstrated by many literatures, such as
[11].

Dynamic environmental conditions, such as temperature,
humidity, and salt concentration in the air, always lead to a
deterioration process that is much more random than those
predicted in a laboratory environment. These environmental
conditions are referred to as covariate and will be considered
in our model. Let Z(t) denote the covariate state at time ¢t and
{Z(t),t = 0}is a time-homogeneous Markov chain with a
finite state space E, = {1,2,---,7}. The transition matrix will
therefore be P, = (pi ]-)rxr , where the state transition
probability p; 5 is defined as follows:

pij = P(Z(t +5s) =jlZ(s) =i),t,s > 0,i,j EE, (2)
Z;=1pij =1, for Vi€EE, 3)

The stationary law of each state can be calculated by solving

linear equations that are constrained by (2) and (3). The same

load level can bringdifferent damage levels of the blade under

a dynamic environment. The covariate affects the random load

via Cox’s proportional model by a non-negative exponential
functiong(Z(1)) = exp(yzw=1y), Vi € Ear¥ = ¥, -, Vo).

The load stress S(t) depends on the geometric structure
of the blade and also on the wind speed. For simplicity, most
current models consider the stress as constant.However this
assumption is not suitable for wind turbine blades due to their
highly variable and quick changing environment.Asthe rotor
blade runs with different modes depending on the windspeed,it
is reasonable to assumethat the load stress can be
classifiedinto [ levels. The switch between the different levels
of load is modelled by a time-homogeneous Markov chain,
denoted by {S(t),t = 0}with the state space Eg = {1,--,1}.
The transition matrix Pg = (pif)zxz with the element p;; as

follows:

pij =PZ(t+5s) =j|Z(s) =i),t,s >0,i,j EEp O]

Yioipij =1, for Vi€ Eg (5
Shocks, such as huge waves, hurricanes and lighting
strikes, although infrequent, have the potential to cause serious
damages to the wind turbine. Compared with the lifetime of a
blade, the duration of the shock can be negligible. Assuming
the inter-arrival of the shock is subject to a temporally
homogeneous Poisson process with the occurrence rate 1 / i .
Denote by N, the number of shocks occurring during time
interval t and {N,t >0} the corresponding counting
process.Naturally, the damage of the shock depends on the
deterioration state before the shock occurs; when the system is
more deteriorated, it is more vulnerable to the shocks. Denote
by Y (t) the damage caused by the shock at time t and Y (¢t) is
defined as
Y () = h(D(t7))1ia, (6)
where h(+) is a non-negative real function of the deterioration
state D, t~ is the time instant just before time t (respectively,
tt is the time instant just after time t ) and
Ay = {Ashock occurs at t}; 1, is the indicator function
with value 1 if A4; is true, or its value is 0.
The crack propagation equation considering the above
assumptions is inspired by [12] and [13] as follows:
dD/dt = CX(D[SOe(ZO)WD]" + ¥ (t) 7
When the time step 7 is small enough, Equation (7) can be
discretized as:

m
Dy =Dy + CX(1)) [S(x))e (2(%)) D] T+ () (®)
where time 7; = jT andD; is the deterioration state at time ;.

According to [13], without considering the shock, the
increment rate follows a log normal distribution:

8D, /t~logN (InC[s(x)e (2(5))yDa| .02)  ©
It can be seen that the random deterioration growth rate at time
7;jis conditional based on the deterioration state and covariate
at time 7;_,. The analytical life time distribution is a function
of complicated convolutions whose precise form is difficult to
obtain. Hence the following work will rely on simulations.

3 MAINTENANCE POLICY
3.1 Assumption

The study of fatigue damage in wind turbine blades shows
that superficial cracks are the most common form of damage.
It is possible that more than one cracks can propagate at the
same time, however the crack with the largest length is the one
that ultimately finally causes the blade failure. Our
measurement of deterioration in this paper is therefore based
on the length of the largest crack. When the deterioration
exceeds a given threshold L., the blade deterioration
accelerates in short time and finally damages the components
which are connected toand the components embedded in it.
Once this situation happens, the turbine can be seen as failed
and a corrective replacement will be necessary. In order to
avoid this kind of failure, a preventive maintenance will be
considered when the deterioration already arrives at a serious
degree and implies a pending failure. The threshold that
controls the preventive maintenance is L, and it is one of the
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parameters that need to be optimized. The blade is repairable
and the crack can be repaired through spot repair, such as
filling with resin; and through structural repair, such as fibre
reinforcement in [14]. As the cracks tend to propagate, the
repairs get more complicated and expensive with time.
However, the repair simply remedies the cracks that have
emerged but it can’t solve the underlying deterioration
mechanism. The assumption is realistic that the repair in our
study is imperfect and the reduction of the deterioration after
an imperfect repair is dependent on the state just before the
repair.

Inspection will reveal the failure and deterioration state. It
will be realized through some equipment and a shutdown is
necessary. Thus each inspection causes an amount of
expenditure. The continuous monitoring of the random load of
the blade is considered with the initial installation cost. The
covariate state and the occurrence of a shock can also be
monitored.The remainder context is based on the following
assumptions:

o The failure and deterioration state D(t) can only be
revealed perfectly by the inspection.

e  The repair is imperfect and the time for executing a repair
is negligible. After a repair the deterioration follows the
same law as before, unlike the assumption in [15].

e The replacement is as good as new and the
additionalleading time L is constant for all replacements.

3.2 Routine Policy

A periodic routine maintenance is scheduled at fixed time
interval T, .This maintenance usually maintains a block of
wind turbines and thus the expenditure of the transport can be
shared between wind turbines. The availability of the staff
and the equipment can be guaranteed in advance. Besides the
regular upkeep to the other components, a routine maintenance
will inspect the deterioration state of the blade and schedule
the maintenance in response to the inspection. Itconsists of the
following steps, atthe jth routine maintenance at timej7;.:

(Al) if D(T,) > L., a corrective replacement will be
scheduled; after the leading time L the replacement is
executed and the blade works as new;

(A2) if L, < D( jT,,)< L., a preventive replacement will be

scheduled and the system will be shut down immediately;
afterL the replacement is executed and the blade works as
new;

(A3) if D( JT. ) <L,, an imperfect repair will be executed

immediately and reduce the deterioration as D(jT,;¥) =
g(D(jT,)), where g(-) > 0 is a real function.

3.3 Reactive Policy

If we take advantage of the information available through
monitoring, a reactive maintenance policy including both the
routine maintenance and reactive intervention will be
proposed. The monitoring stress load and covariate state at
time t can be denoted by S(t) and Z(t) respectively. An
online controller D(t)consists of the simulated deterioration

state by using the real-time monitoring information. X (t)is
subject to the lognormal distribution and it is approximated by
the mean in the controller. The online controller is simulated
as follows:

B, =B, +Cu(x( 5 Wz W5, e+7) (0

where the occurrence of a shock is monitored and the damage

it causes to the blade,Y(t;), depends on D;_;. Between two

periodic inspections, the threshold L,,, corresponding to the
controller D(t), decides the reactive maintenance action by
scheduling an inspection immediately:

(B1) if D(t) > L,,, and D(t) > L., a corrective replacement is
scheduled without waiting for the next routine
maintenance; after the leading time L the blade is replaced
by a new one;

B2) if D(t)>L, and L, <D(t)<L, a preventive
replacement is performed after the leading time L;

(B3) if D(t) > L,and D(t)<Lp, an imperfect repair is

executed immediately; after the repair D(f ) = g(D(z))

and 5(1*) adapts as D(t*).

L,, controls the frequency of the reactive maintenance.
When L,, is large enough, the reactive policy degenerates to
the routine policy. In this paper it is considered thatL,, = kLp,
k > 0 and k is the parameter to be optimized. The reactive
policy can trace the real-time information but it is not enough
to grasp the incoming tendency. A predictive policy can make
1t up.

3.4 PredictivePolicy

According to the assumption, the leading time L is a part
of the downtime and is determined. If the residual life of the
blade can be predicted, the replacement can hence be
scheduled in advance of the leading time and the downtime
lost caused by the preparation work of replacement can be
avoided. There are already many literatures concerning the
prediction issue, such as [13] and [16]. Due to the complexity
of the deterioration model, in our study the residual lifeT.;(t)
at time tis simulated. The covariate and the stress load are
modelled by the Markov chain and the stationary law can be
employed as an approximation of their limitingbehavior. The
shocks in future are simulated by its occurrence rate. The
simulation is realized by the accumulation of a series of
incremental steps. The time for scheduling a predictable
replacement is denoted by T;. The simulation will be run N
times and the mean value for Tywill be chosen.

At an inspection, whether routine or reactive, if no
replacement is needed and after the imperfect repair, the
residual life of the blade will be simulated by the following
algorithm:

Algorithm

1. Attimet; = jt, if mod(tj,Tr) = 0, a routine inspection is
executed; if no replacement is needed, whether preventive
or corrective, simulate the residual life Trf(t;') and
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update D(t ) as D(t}").

2. Compare Trf(t;’)and T,. If Trf(tj")>Tr, then j =j + 1;
else if Trf(t;’) < T,, then schedule a predictable
maintenance at time Ty = t; + T.(t;") — L.

3. If mod(tj,Tr) # 0, then compare ﬁ(tj) and L, . If
D (tj)>Lm, a reactive maintenance is scheduled and the
detailed procedure is the similar as (B1)-(B3). If no
replacement is needed, then simulate T,.f (t;') and repeat
the procedure of step 2.

3.5 Evaluation of Maintenance Policy

The cost of the installation of monitoring equipment is
Cpi- The inspection, repair, preventive replacement, corrective
replacement and the unit downtime cost are C;, Gy, Cp, Cq,
and C, respectively. The transport to the offshore wind farm
also needs to be considered. For the periodic routine
maintenance, the transport cost is C;; the reactive maintenance
will be more expensive than C;, denote by C,,. The total cost
for a turbine in [0, t] is therefore:

Cct) = (Ci + Ct)Ni(t) + (Cu + Ci)Nu(t) + CreNre(t) +

CpN,(t) + CcN(t) + Cad(t) + Cpyy (11)

where N;(t), Ny, (t), Ny (t), Ny(t), N.(t) are the number of

inspections, reactive transports, repairs, preventive and

corrective replacements until time t respectively. d(t)is the

accumulated downtime until time t. The expected long run
average cost can be calculated by:

C, (¢)=lim c)

t—x© t

(12)

3.6 Cost Optimization
In the framework of the periodic routine policy, the
optimization problem aims to find the optimal threshold L;,

and the routine interval T, according to the cost criterion:
(T, L, ) = arlzc?f mm(Coo (TV,LP ))

L,

(13)

For the reactive policy and predictable policy, the
optimization problem contains the optimal threshold L3,, the
interval T," and also Ly, the threshold that controls the
frequency of reactive maintain:

(E*,L;,L;):argmin(Cw(T L,L ))

ro=p>stm (14)
T..L,.L,

C. is the minimum average long-run maintenance cost
associated with (TH Lp)or(T 'L )

ropotim

4 NUMERICAL SIMULATION
4.1 Parameters Setting

For the deterioration model, let m = 0.35, C = 0.045;
X(t)~logN(0,1.5) ; (a,b) =(2,0.25), S(t) ={0.5,1,1.5} ;
E ={1,2,3} and lety = {0.05,0.1,0.2} represent the influence
of the covariate. The state transition of the stress load and
covariate satisfy Pg and P, which take values as the form:

I-x x 0
P=/x/2 1-x x/2
0 x l-x

Deterioration PDF of the predictive residual life

— Actual deterioration

Predicted deterioration

Le

Lp *
, * A predictive replacement
/ ® Animperfect repair

Schedule a predictive
¥ replacement in advance of

L ) L / the leading time L
> //
i
0 (0T Ts 0

Figure 1. An illustration of the predictable reactive
maintenance policy

Substitute x by f=0.5 and a =0.2 respectively.
1 = 60is the mean time interval of the shock. h(x) = 0.3x
represents the damage caused by the shock; g(x) = wx
represents the deterioration after the repair, where 0 < w < 1
controls the level of the repair, for example, w = 0 means the
repair is as good as new and w = 1 means the minimal repair.
Let L. =50, C. =100, C, =60, C; =2,C, = 4,C, = 10,
Cq € {20,60} per time unit; C,,,; € {20,40,60}; C,q = 10.

4.2 Numerical Examples

The disparity between routine policy with prediction and
reactive policy with prediction lies in the latter employing the
monitoring information and making timely response. When
the inspection is cheap, the way to minimize the total cost is to
inspect frequently. Hence the advantage of the reactive policy
has been offset by frequent inspections as shown in Fig 2.
However the shutdown inspection cost may be expensive, in
this case the inspection should be scheduled carefully in order
to counterbalance the inspection cost as well as the failure
loss. The reactive policy makes the constraints favorable and
the superiority becomes more evident withincreasing the
inspection cost.It also can be noticed from Fig 2 that when the
preventive cost and downtime cost are more expensive, the
reactive policy with prediction is more cost efficient even
when the inspection cost is cheap as C; = 5. The optimal k of
the two subfigures of Fig 2 are 0.95 and 0.85 respectively. In
the case of the second subfigure, more reactive maintenances
are scheduled to avoid the failure loss.

In Figure 3 and 4, with the increase of the proportion of
the leading time L compared with the mean life time of the
blade, the average long run costs increase for both cases:
routine and reactive. However the growth rate shrinks with
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increasing leading time. The predictive maintenance mainly
reduces the down time caused by the leading time. As the
proportion of the leading time out of the whole down time is
asymptotically stable, the performances of the maintenance
policies with prediction willalso become stable.

The cost for installing the monitoring equipmentalmost
has no effect on the long-term running cost in all the cases
studied.

(Cp Cy=iE0.20)

149 : ;
—=— Routine policy with prediction
1.8 | —— Reactive policy with prediction
oY 7t
w
164
1'50 5 10 15 20
Ci
(C, C=B0ED)
24 T T T
—=— Routine policy with prediction
221 ——Reactive policy with prediction 7

Figure 2.Comparison of the two policies with varying
inspection cost for fixed leading time L (1%)

(Ci,Cp,Cd):(Q,BO,QO)
2 T T T T

|| —&—Routine policy with prediction
——Reactive policy with prediction

EC_

17+ 1

2 3 4 5 ]
Leading time / Mean life (%)
(Ci,Cp,Cd)=(2,90,60)

g
16
1

|| —&—Routine policy with prediction
——Reactive policy with prediction

7 3 4 5 6
Leading time / Mean life {%)

g
—
s

Figure 3.Comparison of the two policies with varying leading
time for fixed C; = 2

(€€, C (108020

—&—Routing policy with prediction
|| —— Reactive policy with prediction

| | | |
”1 2 3 4 5 b
Leading time / Mean life (%)
(Ci,Cp,Cd):HO‘QO,SO)
26 T T T
—&—Routing policy with prediction
241 | ——Reactive policy with prediction y

ohat
w
18 | 1 1 |
1 2 3 4 5 f

Leading time / kean life (%)

Figure 4. Comparison of the two policies with varying leading
time for fixed C; = 10

5 CONCLUSION

In this paper the predictable reactive maintenance policies
are studied based on a fatigue crack propagation model of the
wind turbine blade considering random shocks and dynamic
covariates. The effect of leading time has been considered
instead of the ideal assumption that replacement
isinstantaneous.  The numerical examples show that the
inspection cost influences the choice of the maintenance
policy. The proportion of the leading time out of the mean life
affects the average long run cost and this effect will tend to
stability as the leading time increases.

In the future, in order to reduce the failure in series caused
by other components, the interaction between the blade and
the other components of the turbine will also be considered.
As a result, the routine maintenance will be scheduled in
multi-steps, such as two kinds of routine maintenance with
two different time intervals according to the different failure
rates.
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