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Abstract

In this thesis we introduce a new modelling approach for maintenance optimisation under
time-varying costs. We extend the standard age replacement policy (ARP), block replacement
policy (BRP) and modified block replacement policy (MBRP) to be able to include time-
varying costs. We find that, via a discretisation of time, the optimal ARP can be found using
a linear programming (LP) formulation. The optimal BRP and MBRP can be found using
a mixed integer programming (MIP) formulation. For the BRP we introduce a sequential
optimisation algorithm, a genetic algorithm and a memetic algorithm to decrease computation
time for multi-component problems. We compare the performance of the heuristics to the
performance of the MIP formulation. We apply the heuristics to a wind farm with 10 wind
turbines with a turbine capacity of 9.5 MW and show that we can make significant cost
savings using our extended policies.

Keywords: Offshore wind turbine maintenance, age replacement policy, block replace-
ment policy, genetic and memetic algorithm
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1 Introduction

The renewable energy sector is a fast growing sector due to the energy crisis. As a result
of this crisis there is a global tendency to move towards more sustainable ways to generate
electricity. One of the most efficient ways to generate sustainable energy is by the use of wind
turbines. By 2020 the Netherlands wants to be able to generate 6 GW of power in offshore
wind farms, which is approximately 6% of the demand of electricity. As a result large part
of the energy sector will be governed by offshore wind farms. Nowadays the operation and
maintenance costs make up around 25-30% of the total life cycle costs for an offshore wind farm
Ro6ckmann et al. (2017). Since larger wind turbines are developed every year to be able to generate
more electricity, the operations and maintenance costs will also increase. It is therefore impor-
tant that the maintenance operations are optimised to keep the costs of wind energy at a low level.

The challenge in general maintenance optimisation problems is to find a cost-efficient bal-
ance between corrective and preventive maintenance. When components break down due to
deterioration, corrective maintenance is needed, which is typically more expensive. We want
to prevent that this maintenance is needed too often and we thus schedule enough moments of
preventive maintenance. Scheduling preventive maintenance too frequently can also increase the
costs. Finding this optimal policy is a common problem in maintenance optimisation, where
block-based and age-based maintenance are examples of maintenance policies that are considered.
We assume that deterioration is not visible, but that we do know how the failures (or break-down)
are distributed via the lifetime distribution. In the literature it is typically assumed that expected
maintenance costs are constant in time. We abandon this assumption in this thesis and generalise
block-based and age-based maintenance policies for time-varying maintenance costs. The cost
of shutting down wind turbines for maintenance namely depends on the strength of the wind,
which itself depends on the time of the year. When there is a lot of wind during a maintenance
action, the wind turbine misses a lot of potential income and this causes the maintenance to be
more expensive. In summer in the Netherlands, maintenance costs are lower due to lower wind
yields, while in winter there is more wind and maintenance is relatively expensive.

1.1 Goals of the project

The problem that we focus on is finding a long-run cost optimal age-based and block-based
maintenance policy. We wish to generalise these policies for problems where maintenance costs
follow a seasonal pattern, such as with wind turbines. This leaves us with the following main
research questions:

RQ-1 How can we generalise age replacement, block replacement and modified block replacement
policies for time-varying costs in a single component and multi-component setting?

RQ-2 How can we find optimal policies using these generalisations and what is the computation
time?

RQ-3 What heuristic approaches can be used to save computation time and find close to optimal
policies for settings with many components?

RQ-4 What are the cost savings by considering different cost fluctuations compared to assuming
constant costs for different failure distributions and cost parameters?

RQ-5 What are the cost saving if we apply these heuristics to an offshore wind farm setting?



1.2 Thesis outline

We give an overview of research that has been done on this topic and related topics in Section 2.
In Section 3.1 we describe our modelling choices and assumptions that we make. In Section 3.2
we asses the maintenance costs in our model and the lifetime distribution. We use a Weibull
distribution for the lifetime and use different cost functions for the costs of maintenance over
the year. These are related to the wind speed distribution, which is assumed to be season
dependent and historic wind speed data is used to predict this distribution. In Section 3.3 we
elaborate on the generalisations of maintenance policies for single components and answer RQ-1
and RQ-2 for single components. Via a discretisation of time, we show how a Markov decision
process can be used to describe the statistical behaviour of the components. Given this model
we can optimise the costs using a linear programming (LP) formulation. For the block-based
and modified-block based maintenance extra constraints and variables can be added to the LP
formulation to obtain a mixed integer programming (MIP) formulation. In Section 3.4 we use
a similar approach for multi-component systems for which we can also obtain an LP for the
age-based maintenance and MIPs for the (modified) block-based maintenance and answer RQ-1
and RQ-2 for the multi-component setting. Solving the MIP is very time consuming for three or
more components. To accommodate this problem we introduce (meta)heuristics that can find
low cost solutions faster in Section 3.5 and answer RQ-3. We consider sequential optimisation, a
genetic and memetic algorithm. In Sections 4.1 and 4.2 we generate results for different sets of
parameters for the single component and multi-component setting and answer RQ-4. In Section
4.3 we show the results of the heuristics in an offshore wind turbine park example and answer
RQ-5.



2 Literature review

Maintenance models are widely discussed in the literature and applications are found in many
industries. A new advancing industry in which maintenance is very expensive is the wind energy
industry. The operations and maintenance costs make up 30% percent of the total life-cycle costs
for the newest offshore wind parks Blanco (2009). An equal percentage therefore contributes
to the price of electricity and it is thus important to keep these costs at a low level. Finding
a cost effective balance between preventive maintenance and corrective maintenance for wind
turbines is challenging. In the literature small onshore turbines are discussed as well as the
relatively new offshore turbines. The tallest offshore wind turbines are nowadays well over 200
m high and almost reach 10 MW at full power. At this power output they can deliver for over
30000 households in the Netherlands at average demand in 2017, see Centraal Bureau voor de
Statistiek (2019). In the literature that deals with this problem many different assumptions are
made, that lead to different optimisation approaches.

2.1 Challenges in offshore wind park maintenance

It is a big challenge to optimise all operations that are needed to build and maintain a wind park to
be able to keep the electricity price low. Shafiee (2015) give an overview of the logistic challenges
that are encountered in optimising all aspects of a wind park and present research that has been
performed on many different topics. Design, infrastructure, transportation, operations and main-
tenance all need to be optimised to be able to compete with alternative ways to generate electricity.

Lumbreras and Ramos (2013) give an overview on the research that has been performed on
the optimisation of the design of a wind park. They discuss which optimisation models can be
used to decide at which sites it is economical to build a wind park and how large the wind park
should be. Besnard et al. (2013) show how we can decide how many maintenance teams are
available at all times and the number of vessels that should be available for transportation of
the maintenance team. Besnard et al. (2013) and Seyr and Muskulus (2019) give an overview of
the different maintenance strategies that are used for the maintenance of offshore wind park. In
this thesis we extend some of these maintenance strategies to be able to include time-varying costs.

Many research that is performed on maintenance optimisation of wind turbine component
is based on the assumption that sensor data of components is available. In these applications the
deterioration of components can be measured. Wind turbines typically have sensors that measure
the deterioration, see Ciang et al. (2008). They discuss the different types of measurement data.
If this data of the deterioration of the components is available, we are able to predict more
accurately when components will break down. Basing the maintenance decision on deterioration
data is called condition-based maintenance (CBM). Maillart (2006), for example, show how a
Markov process with multiple deterioration states can be used to describe the deterioration of a
single component system. A method to find an optimal solution and a heuristic are presented.
An application in the wind energy industry is given by Besnard and Bertling (2010). They derive
different condition-based maintenance policies for the blades of wind turbines. Again a Markov
process is used to describe the deterioration of the system.

For our problem we wish to use a model that can include multiple components, since we
focus on the maintenance of the wind turbine or a wind park as a whole. CBM can also be
applied in a multi-component setting. Byon and Ding (2010) show how we can account for
failures of multiple components by adding states to the state space of the Markov process. They
show that this Markov process with more states can be used to describe the deterioration of
all parts in the system. Dynamic programming is used to find the minimum cost maintenance
policy. Tian et al. (2011) use an artificial neural network to determine the deterioration of each



component and find the optimal deterioration level at which maintenance should be performed.
They apply their model in a wind park setting of 5 turbines, where four components per turbine
are considered; gearbox, generator, rotor and main bearing. The costs in these maintenance
models are typically computed using the renewal reward theorem, see Tijms (2003).

These methods can be applied to our problem, but all require that we have measurements
on the deterioration of the system. These measurements are however not always available and if
these measurements are, there is still a lot of uncertainty in the deterioration level of the system.
We therefore focus on models that use a deterioration process of which we know the statistical
behaviour, but where failures occur suddenly and we can thus not measure the deterioration
using sensors. Not being able to measure the deterioration of the system significantly changes
the problem. Well-known maintenance strategies associated with this problem are the (modified)
block-based maintenance policies (or (modified) block replacement policies) and the age-based
maintenance policies (or age replacement policies). Both will be explained in the next section.

2.2 Block-based and age-based maintenance

In the literature, block replacement policies (BRP), modified block replacement policies (MBRP)
and age replacement policies (ARP) are commonly used under the assumption that we only
know the lifetime distribution of components and the costs of maintenance/repair/replacement.
In these models the probability of failure only depends on the age of the components, since
we do not have any information on the deterioration. The costs of preventive and corrective
maintenance are known (in expectation) and independent of time. We generalise this assumption
to time-varying costs in this thesis, which is done in Section 3.

Block-based maintenance is a maintenance strategy in which preventive maintenance is planned
beforehand and we know in advance when it is scheduled. The maintenance operations can
therefore be planned in advance and are scheduled periodically, which is convenient for the
maintenance crew. Under the block-based model preventive maintenance is done after every
fixed time-intervals of length T', so at k7" for k € N. Barlow and Proschan (1996) show how this
T can be optimised, using the renewal reward theorem. Block maintenance is convenient because
the maintenance team knows when it needs to perform preventive maintenance beforehand. The
downside is that the maintenance is also performed when the component has just been maintained
correctively. In this scenario it could have been better not to maintain and wait for the next
opportunity. Berg and Epstein (1976) come up with a modified block-based maintenance policy
to account for this problem. Maintenance can still be done at intervals of time T', but if the
components are still younger than ¢ for some 0 < ¢ < T they will not be maintained and costs
will be saved. They also show the improvement of the modified block-based maintenance in a
numerical comparison.

The probability of failure only depends on the age, so it makes sense to let our decision of
doing maintenance depend on the age as well. In an age-based maintenance policy this is done
and units are maintained every time they have reached a certain age ¢. If we know the failure
rate and costs are constant, we can use the renewal-reward theorem to come up with the optimal
maintenance age t, see Barlow and Proschan (1996). Under this policy, every time a failure
occurs we thus have to change the preventive maintenance schedule, which might be inconvenient
for the maintenance crew. The optimal age-based maintenance policy is the global optimal
policy. It is therefore at least as good as the block-based maintenance policy, but we ignore costs
associated to rescheduling the maintenance schedule for the age-based maintenance.

In the literature a lot of research is performed on single-component systems. The aforementioned
strategies are applied in many fields where maintenance is required one of them being offshore



wind turbines. The analysis for single component systems is straightforward, under constant
costs, but difficulties arise when we move towards multi-component systems. We can then do
the maintenance individually, on the whole system, or something in between. Hameed and Vatn
(2012) discuss how certain maintenance activities can be grouped in the offshore maintenance
optimisation problem for wind turbines. Similar activities are grouped together and performed
at the same time, such that an economic advantage is obtained via a reduction of set-up costs.
Shafiee and Finkelstein (2015) investigate age-based group maintenance policies for a system
which consists of multiple components and apply this to wind turbine maintenance. All these
models however assume that costs of maintenance are constant over the year, which is a simplifi-
cation of the problem. Seasonality in wind patterns has a significant influence on the corrective
and preventive maintenance costs, which are thus time-varying. In the next section we describe
the model that we use to solve the problem for time-varying costs first for single component
systems and then for multiple component systems.



3 Methodology and analysis

In this section we describe our modelling approach and introduce methods that are used to find
policies. In Section 3.1 we give a description of the important aspects of our maintenance model. In
Section 3.2 we show how we can determine the lifetime distribution parameters of the components
and the costs of the maintenance actions. We introduce a linear programming formulation in
Section 3.3.1 for the optimal age-based maintenance strategy for a single component setting. This
is extended to a mixed integer programming formulation for block-based and modified block-based
maintenance strategies in Sections 3.3.2 and 3.3.3. These three formulations are new and can be
used to find the optimal age-based, block-based and modified block-based maintenance policies.
In section 3.4 we extend the methods for a single component system to a multi-component
system. Methods to solve these problems are known, but can be computationally very intensive,
especially when there are integer variables that need to be optimised. We therefore introduce
heuristic approaches for the block-based maintenance policies to decrease computation time in
Section 3.5. In this section we show how we can apply sequential optimisation, a genetic and a
mememtic algorithm.

3.1 Maintenance model description

In this section we wish to come up with a policy that depends on the failures in the system.
For a single component system with constant preventive and corrective maintenance costs it
is proven that the age-based maintenance policy is cost-optimal in the long-run, see Ozekici
(1985). This single component system can be used if there is one component that dominates the
maintenance costs. For the wind turbine this is not the case, but the single component model is
a useful building step towards multi-component models.

We will use the four features of Dekker (1996) to describe the model that we will use. In
short this gives the following.

1. The technical system that we will consider is a wind turbine park, which can be seen as a
multi-component system. The turbines operates continuously and components need to be
repaired immediately after a failure, since the turbine stops operating when one component
is broken down and income is missed.

2. The deterioration of each component is assumed to be invisible. The lifetimes of these
components are distributed according to a Weibull distribution with shape parameter
« > 0, and scale parameter § > 1. When components fail the wind turbine stops operating,
inducing a downtime of the wind turbine. The failed components must be maintained
immediately.

3. The costs for corrective and preventive maintenance are time-varying and stochastic, but the
lifetime distribution is known. Corrective maintenance is performed whenever a component
fails. We use an age-based, block-based and modified block-based maintenance policy with
an extension. The age of maintenance can vary over the year, as a result of the costs
varying over the year.

4. We wish to minimise the long-run average costs. The maintenance policies that we consider
can be solved using a linear and mixed integer programming formulation. This is described
in detail in Section 3.3.

Note that the model that we will introduce later is able to include other distributions as long
as failure rate increases over time. The models that we use in Sections 3.3 and 3.4 use Markov
decision processes to describe the state of the components. Puterman (1990) show that for
Markov decision processes we only need to use the expected costs in each state if we wish



to minimise the long-run expected costs. We therefore only use the expected preventive and
corrective maintenance costs in our model.

3.2 Model parameters

Important parameters that influence the policy are the distribution parameters that describe
the lifetimes of the components. When components fail more often on average, preventive
maintenance should be done more frequently. Section 3.2.1 describes the lifetime distribution
and the corresponding parameters. Other important parameters are the costs of preventive and
corrective maintenance over the year. When costs of corrective maintenance is relatively large,
preventive maintenance should be done more frequently. Section 3.2.2 describes how we can
determine the functions that describe the time-varying expected costs.

3.2.1 Lifetime distribution

The lifetime of components are often described by a continuous Weibull distribution. This
distribution is able to capture an increasing failure rate and the random variables only take
positive values. Suppose that wind turbine components fail according to a continuous Weibull
distribution with parameters « in years and 8. Then the failure time 7 is distributed according
to the following distribution function.

FO(T) = P(T° < ) = 1 — exp {— (2)5} . (1)
Since we discretise time in our model, we need to use a discrete version of the Weibull distribution,
which was first described by Nakagawa and Osaki (1975). This discretised version takes values
on {n- AT :-n € N} and the probability mass of the distribution is shifted to the right. Let T'
be distributed according to a discrete Weibull distribution with parameters @ > 0 and g > 0.
Then we write T' ~ Weibull(«, 8) and equations (2a) and (2b) give the probability mass and
distribution function for z € Ny.

f(a:):IP’(T::U):exp{— <x;1>5}—exp{—(z>ﬁ}, (2a)

F(x):IP(Tgx):1—exp{— ()B}, (2b)

where x and « have the same units of time. Using the probability mass function we can compute
the mean failure time p = E(T") as follows.

o0




Similarly we can compute the second moment.

E(T%::§30w4-nexp{—(Z)ﬁ}, (4a)

=0

o 5
~ Z(Zm + 1) exp {— (E) } , for n large enough. (4b)
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The probability of a failure given that the component has age x — 1 can also be computed from
equation (2) and is given as follows:

P(X =x)
Pz = Wa (5a)
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This p, gives the probability of a failure before the component reaches the age of x, which is
a strictly increasing function for g > 1, constant for 8§ = 1 and strictly decreasing for 5 < 1.
The discrete Weibull distribution with a > 0, 5 > 1 will be used as the lifetime distribution
throughout the rest of this thesis. For these distribution we have that

Poo = lim p, =1, (6)
T—00
which is an important result that we will use later.

The theorems and modelling approach can be done for other distribution types as well as
long as the failure rate increases and the distribution is 1-arithmetic, which is defined below in
Definition 1. The proofs that we give will be done for arbitrary l-arithmetic distributions with
increasing failure rate, but in the results we consider the Weibull distribution only.

Definition 1 (Arithmetic). A non-negative random variable X (and its distribution) are called
d-arithmetic for d > 0, if d is the mazimum number for which P(X € d-Z) = 1. If X is not
d-arithmetic for any d > 0, it is called non-arithmetic.

Note that discrete distributions are always d-arithmetic for some d.

3.2.2 Time-varying expected maintenance costs

The costs of the maintenance policies depend on the preventive and corrective maintenance costs
that we allow to be stochastic and time-varying.

For both preventive and corrective maintenance we can split the costs in three parts.
1. Set-up costs, consisting of transportation costs, scaffolding costs, and personnel costs.

2. Costs of the maintenance action itself, consisting of building material costs, costs of
components and personnel costs.

3. Missed income due to the downtime of the wind turbine.



The set-up costs and costs of the maintenance action itself are assumed to be constant over time.
The expected missed income due to maintenance depends on the time of the year. It can be
computed using the expected downtime of the components, the power output curve and historical
wind speed data. For each maintenance action we assume that we know the downtime of the
component, which is assumed to be constant in expectation. The expected missed income equals
the expected power output integrated over the downtime. The expected power output can be
computed using historical data. For each time of the year we can compute the average power
output, using the power output function and the density function of the wind speed. The wind
speed at the rotor is not equal to the wind speed at sea level for which we typically have data
available. We thus also need to upscale the measured wind speeds.

Due to the seasonality in the wind patterns, we abandon the constant cost assumption. We
assume that there is a seasonality in the costs due to the seasonality in the wind. We will come
up with policies in which the maintenance decision depends on the time of the year. Intuitively
one might expect that we wish to maintain more when there is not a lot of wind. The preventive
maintenance is namely cheaper when there is less wind, due to the lower lost revenue, making
preventive maintenance more attractive. On the other hand, the corrective maintenance will
also be cheaper in this part of the year. As a result, a failure is less expensive, which makes
preventive maintenance less attractive.

Wind speeds around the coast of the Netherlands can vary a lot on a daily basis, but also
over the year. The monthly mean wind speeds can differ more than 20% from the yearly mean,
see Koninklijk Nederlands Meteorologisch Instituut (2018). We can find historic daily wind
speeds for different places in the Netherlands at heights of 10 m. In for example IJmuiden, a
coastal town in the Netherlands, in 2017 the average wind speed was 7.4 m/s. The May average
was lowest with 5.9 m/s (20.3% lower) and in December the average wind was highest with 9.2
m/s (24.3% higher). The wind speed at the height of the rotor, 138 m, is larger than the wind
speed at the measured height of 10 m. Tennekes (1973) describes the logarithmic wind profile as
follows.

u(h) = =*(log h — log ho), (7)

where the wind speed u is a function of the height h. x is the Karman constant and wu, is the
so-called friction velocity, which is also constant. hg is the surface roughness length, which is
0.0001 for sea water, see Kubik et al. (2011). If we know the wind velocity at some height hy we
can compute it at hy as follows.

u(hg) _ log hg — log h() (8)
u(hl) log hl — log ho .

Using hg = 0.0001 m, h; = 10 m and hg = 138 m we obtain u(138) = 1.181u(10). This means
that the average wind speed in IJmuiden at the hub of the wind turbine is 8.7 m/s instead of 7.4
m/s, the percentage fluctuations are still the same.

The power output and thus the income is non-linear in the wind speed, see Figure 1. This figure
gives the approximated power output for a V164 9.5 MW turbine, the newest and most powerful
Vestas wind turbine. The data is obtained from Commissie voor de milieueffectrapportage (2016),
which contains the power output data for a V164 8.0 MW turbine. The cut-in wind speed for
the 9.5 MW turbine is at 3.5 m/s instead of at 4 m/s for the 8.0 MW turbine and the maximum
power output is obtained for 14m/s instead of 13 m/s for the 8.0 MW turbine. The power
output for the 9.5 MW turbine is approximated by linearly scaling the given data for the 8.0
MW turbine. That is, we scale the x-values from [4, 13] to [3.5, 14] and the y-values from [0, 8] to
[0,9.5].
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Figure 1: This figure shows the approximated power output of a Vestas V164-9.5 MW wind turbine as a
function of the wind speed.

This turbine will in the future be able to reach a power output of 10 MW, which will be available
by 2021, see Wind Business Intelligence (2018).

For relatively low wind speeds the power output increases faster and at larger wind speeds
(>14 m/s) this power output stagnates. When the wind is larger than 25 m/s, which is Beaufort
10, the wind turbine is shut down for safety purposes.

For 5.9 m/s at 10 m (i.e. 7.0 m/s at 138 m), the average wind speed over the worst month
May, the power output is 2.23 MW. For 9.2 m/s at 10 m (i.e. 10.9 m/s at 138 m), the average
wind speed over December, the power output is 7.37 MW. The expected missed income at these
power outputs is €3205.- and €10614.- per day, under an electricity price of €0.06/kWh. This is
the guaranteed price in a 2018 German project, see Ten Brinck (2018). We thus see that the
constant cost assumption is not valid, especially if these opportunity costs are a large proportion
of the total maintenance costs.

Note that the average power output cannot be computed from the mean wind speed over
the month, since the relation between power output and wind speed is non-linear. We use the
density function of the wind as follows.

25
E(P) = /3 PRV =), (9a)

25

~ [ PO, (9)
3.5

where V is the stochastic wind speed, fy is the density function of the wind speed and P(v)

is the power output at wind speed v. The data from Koninklijk Nederlands Meteorologisch

Instituut (2018) will be used to estimate the power output on. This contains the daily average

wind speeds in [Jmuiden from 1971-2018. For every day we approximate the power output by

10



P(7) in which 7 is the mean wind speed over the day. Taking the average over all years for each
day of the year approximates the average historic power output for each day of the year. This
historic power output will be used as an estimate for the expected future power output.

3.2.3 A note on the cost parameters

In our planning problem we assume that we know the distribution of the wind for each day
far ahead. We can simply use historical wind speeds to estimate the parameters of the wind
distribution on. Subsequently, we can compute the expected downtime costs for maintenance
in each time period of the year. Suppose we do this on a weekly basis. We do then, however,
not take short-term weather forecasts into account and cannot choose the day in the week at
which we maintain. In practise, we could possibly plan maintenance during a certain week
in our long-term planning and specify the exact day later. For the decision of the exact day
we can take short-term weather forecasts into account and choose a day at which low wind
is expected. By choosing the day of the week smartly we can save expected downtime costs.
We do however demand flexibility from the maintenance team, which possibly leads to extra costs.

Suppose it is Sunday evening, just before a week during which maintenance is planned and
suppose the maintenance team is ready to perform the maintenance any day of the week. We
could decide to maintain immediately on Monday, but if there is a lot of wind on Monday it
might be smarter to postpone the maintenance to Tuesday. On Tuesday the same decision can
be made. It could be that we keep postponing the decision until we have arrived at Sunday and
we have to maintain. Given that we have some weather forecasts for each day of the week this
short-term optimisation can be solved by for example dynamic programming.

There are a few underlying assumptions that are tricky. First in this approach it is assumed that
the maintenance team is ready for the whole week and that there are no costs associated to letting
them wait for a few days. We can simply decide to maintain the evening before maintenance.
Obviously letting a maintenance crew wait normally costs money. We also assume that building
materials and components can be stored and that scaffolding and transportation can be arranged
the day before, but this might all lead to extra costs.

Now suppose that a delay of one day cost ¢q extra. Then we can first plan the whole maintenance
action on Monday. If the downtime costs for Tuesday are more than ¢4 lower than for Monday
we should postpone the maintenance. If the difference is less than ¢4, we might want to do the
maintenance, but this depends on the forecasts of Wednesday as well. To be able to model this,
we should make assumptions on how weather forecast evolve in time. We should also take into
account that transportation to the offshore turbine is only allowed if the wind speed is not above
a certain value. This problem becomes even more complex if we take into account that there is
correlation between the missed income over the week. If the wind is larger than expected on
Tuesday, it might be larger than expected on Wednesday as well.

Solving this problem gives an optimal strategy for each week and correspondingly an updated
expected cost for each week of the year. These updated expected costs will be lower than the
expected downtime costs for this week. These updated expected costs can be plugged in our
long-term planning model to find the optimal maintenance schedule.

All in all, this is a rather complex problem itself that might save costs with respect to simply
maintaining the components at Monday. If ¢4 is large with respect to the downtime costs, we
will never postpone the maintenance and this method gives no advantage, but if ¢y is small we
might have large cost savings. Also if the maintenance takes a couple of days to complete the
advantage of this method is smaller, since it is more difficult to predict the weather a couple of
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days ahead. Using this method will give costs of maintenance for each week of the year, that
might be lower than the original costs, but there will still be seasonality in the costs. Therefore
the modelling approach that we will introduce in the next section for the long-term maintenance
planning stays the same. Throughout the rest of the paper we use the original expected costs
as discussed in Section 3.2.2. The policies that we compute give a baseline of costs on which
we might be able to improve if we do take short-term maintenance planning into account. The
optimisation of this short-term planning is an interesting topic for future research.

3.3 Maintenance policies for a single component systems

Wind turbines consist of many components. Still, single component models can be applicable if
there is only one component that fails occasionally or if there is one component that dominates
the maintenance costs. This is generally not the case, but these models can be used as a building
block towards multi-component models. In Section 3.3.1 we introduce an approach by which
we can solve these single component maintenance problems for time-varying costs. We find the
theoretical optimal policies which are age-based maintenance policies. In Section 3.3.2 we make
a slight modification to the approach, such that we can find block-based maintenance policies.
At last in Section 3.3.3 we discuss modified block-based maintenance policies.

3.3.1 Age-based maintenance

In this section we extend the theory for age-based maintenance for time-varying costs. We
propose a maintenance policy in which the maintenance decision is based on the age of the
component and the time of the year. To simplify the problem slightly, we will discretise time
to contain NN decision epochs during a year. If for example N = 52 we make the decisions on a
weekly basis and for N = 12 we make the decision on a monthly basis.

Under constant costs it is optimal to maintain for a constant critical maintenance age (i.e.
the age from which we will perform maintenance). Always maintaining from a certain critical
age gives a constant age-based maintenance policy or age repair/replacement policy (ARP). An
example is given in Example 1.

Example 1 (Standard ARP). Suppose we have a component with a discrete Weibull lifetime
distribution, with o = 12 months and =2 (i.e. T ~ Weibull(12,2) with T the lifetime). Let
the costs of preventive and corrective maintenance be given by c, = 10 and cy = 50. Nakagawa
and Osaki (1977) use the renewal reward theorem to compute the long-run costs as a function of
the critical age t. The yearly costs are:
C(t) — CPF(tt)ij_ Cf(l F(t))’
> s—o(1 = F(s))

t\2
B 10 4+ 40 exp (— (ﬁ) )
1 2
S hew (- (3)
where F(t) = P(T < t) is the distribution function of T. An alternative way to compute the costs
s given in Appendix D.1.

In Figure 2 we plot the yearly costs as a function of the critical maintenance age using the
above formula.
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Figure 2: This figure shows the yearly maintenance costs as function of critical maintenance age where
¢y = 5¢, constant and T' ~ Weibull(12, 2).

We see that the minimum of 40.098 is obtained for t* = 6 months and so preventive mainte-
nance is performed if the component reaches this age in an optimal policy. For maintenance age
t =5 andt =7 we obtain costs 40.938 and 40.260 and these are 2.09% and 0.40% more expensive.

Note that we can also compute the costs from the renewal reward theorem if no maintenance
would be performed. This gives:

cf

C(o0) = m = 53.885.
When the costs are time-varying, the optimal policy is not necessarily a policy with a constant
critical maintenance age over the year. Intuitively, it might make sense to have a lower critical
maintenance age in periods where preventive maintenance is relatively cheap. As a result, the
optimal critical maintenance age is then a function of the time in the year. Since we discretise
time, we have the following for the optimal critical maintenance age t* : {1,2,..., N} — N. In
Definition 2 we give the formal definition of this new ARP.

Definition 2 (ARP). An ARP is a policy in which the preventive maintenance decision depends
on the time of the year and the age of the component only. When preventive maintenance is
performed for age t during a period, so it is for ages s > t.

Throughout the rest of the thesis we use ARP to denote age replacement /repair/maintenance
policies in which the critical age can vary over the year. The ARP in which the critical age is
constant is referred to as the standard ARP, which is common in the literature and used for
problems for which maintenance costs are constant.

The expected costs of preventive and corrective maintenance are a function of the time of
the year only and given by ¢, : {1,2,..., N} = R and ¢; : {1,2,..., N} — R. We are interested
in minimising the long-run maintenance costs and over the long-run the costs converge to the
expectation. Throughout the rest of this report we denote the means, minimum and maximum
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over the year of these costs by
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min{c,} := min {c,(io)
min{c;} := min {cs(io)
max{c,} := max{cy(io)

(i0)

max{cs} := max{cy(io)}.

We describe the state, an ordered pair of the component age and time of the year, by a Markov
decision process. We can decide to maintain or not when the component is not broken, which
influences the state of the wind turbine. We can only make this decision at the beginning of a
time interval for example the beginning of the month or week. The set of decision epochs is then
given by N, every decision epoch we can decide to maintain or not. The state space is given by
I =79 xIy. Iy = {1,2,..., N} represents the set of periods in a year (this can for example
represent months if N = 12 or weeks if N = 52). Z; = N represents the set of possible ages of
the component, where we represent being broken by 0. The actions that we can take is to either
not do maintenance ¢ = 0 or to do maintenance a = 1. We use this a = 1 for both preventive
and corrective maintenance, thus A = {0, 1} is the set of possible actions. When the component
is broken (i.e. iy = 0) at the end of a period we have to maintain correctively (i.e. take action
a = 1) at the beginning of the next period. If the component is not broken the choice is free and
will depend on the state (i.e. time of the year and age of the component). In Figure 3 we show
how each state can be reached from other states, when no preventive maintenance is done.

Figure 3: State Space

This figure shows part of the state space of the Markov process, where no preventive maintenance
is done. N = 52 meaning that time is discretised to weeks.

. . . . .

o . . . . . — failure
= — no failure
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This figure illustrates the two possible directions in which the Markov process evolves at every
week and age. Either the component fails and the process moves to the state with i1 = 0 weeks
or there is no failure and the component age will increase by one week. The week of the year
always simply increases with one, except after week 52 when we move back to week 1.

When we decide to do maintenance for certain nodes, the Markov process can still evolve
in two directions for these nodes, independent of whether this was preventive or corrective
maintenance. After maintenance, which is assumed to take negligible time, the component can
namely fail before the end of the week. In case of a failure after the maintenance action the
process moves to the state with ¢; = 0 weeks and has to be maintained the next week again.
Otherwise, which is more likely to happen, the component moves to the state iy = 1 week.

Note that in a real wind turbine setting maintenance can take several days. If maintenance for
example takes a full week we can set the failure probability to be zero for the first week. In this
way the component always survives the first week after maintenance, since it was maintained the

full week.

Suppose that we do maintenance every week when the component reaches the age of i1 = 3
weeks. Figure 4 shows what the state space would look like in this scenario.

Figure 4: State Space

This figure shows part of the state space of the Markov process, where no preventive maintenance
is done.
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We see that we can never reach ages above i1 = 3 weeks as a result of the maintenance policy.
The resulting state space is thus finite.

Let us denote the set of possible policies by R, then for R € R we have R : 7T — A. For
each R € R we can compute the equilibrium probabilities and associated costs. Derman (1970)
show that an optimal stationary policy exists when the state space and the number of decisions
are both finite. Stationary policies are policies that for each i € Z take the same decision every
time 7 is reached, this decision is independent of the past and deterministic. Let us denote the set
of stationary policies be denoted by Ry C R. Finding this optimal stationary policy can be done
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in several ways. Hordijk and Kallenberg (1979) show that we can rewrite this problem to a linear
programming formulation if the state space is finite. We could then also use policy iteration,
see Howard (1960), or value iteration, see Bertsekas (1976), to come up with the optimal or
e-optimal policy, respectively. The linear programming approach is fast, easy to implement and
guarantees optimality. If we want to find specific types of policies, such as a BRP or MBRP we
can simply add constraints and variables to the linear programming formulation and find these
policies. For convenience we therefore proceed with the LP.

In the general case this state space needs not be finite. If the lifetime distribution has in-
finite support the age of the component can, namely, be arbitrary large. Given a policy, this
can however only happen if we do not maintain at all. We therefore wish to come up with a
sufficient condition for the maintenance time to be finite. In the continuous time problem with
constant costs a sufficient condition for the optimal maintenance time to be finite is that the
failure rate is increasing and cy > ¢, see Ozekici (1985).

For discrete lifetime distributions Nakagawa and Osaki (1977) show that the optimal maintenance
age is finite if and only if ¢; > ¢, and

I N At cy
= lim —

(11)

where p, is the probability of failure between the ages © — 1 and =z.

Applying this condition for a Weibull distribution and using equation (6) gives us the fol-
lowing. For discrete Weibull lifetime distribution the optimal maintenance age is finite if and
only if 3> 1, ¢y > ¢, and

Cp At

cf<1_EEﬁ' (12)

Suppose we have that components fail once a year on average (i.e. E(T) = 1 year) and that the
costs are given by ¢y = 10, ¢, = 9. As long as At < 0.1 year we have a finite optimal maintenance
age. When we discretise to months we have a finite optimal maintenance age, since % < 0.1.
If we, however, discretise to periods of 2 months this assumption is not valid, since % > 0.1.
We must thus choose a fine enough discretisation. If we make our discretisation finer At — 0,

we have that ﬁ — 0. As a result, condition (12) converges to the condition for continuous
lifetime distributions (i.e. ¢f > ¢, and increasing failure rate) for At — oo.

Condition (12) shows us that under constant costs ¢y > ¢, we can bound the dimension
of the state space corresponding to the age of the component if we choose our discretisation fine
enough. We can then set Z = Zy x Z;, where Z; := {0,1,..., M} for some large M. This M is
the maximum age that we allow in our model. If the age of M is reached, we must maintain
preventively. If we choose M larger than the optimal maintenance age, this does not give rise to
any problem. We can simply check if the optimal age is below M after solving. If this is not the
case, we simply increase M until this is the case.

We wish to extend this result to the case where the maintenance costs are time-varying. To be
able to do this we first present Lemma 1, which is used as a building block towards the result for
time-varying maintenance costs.

Lemma 1. Let C(T') denote the long-run maintenance costs for a policy, where we maintain at
age T € Nxq for allig € Iy. Let cy(io) and cs(io) forig € Iy denote the preventive and corrective

maintenance costs. Then we have that C(T) = C(T), where C(T) is the long-run average costs
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for the problem where the maintenance costs are replaced by the means over the year (i.e. ¢, and
Cy )
Proof. The proof can be found in Appendix B. O

Using Lemma 1 we can extend the result of Nakagawa and Osaki (1977) for time-varying costs
and obtain Theorem 1.

Theorem 1. Let p, denote the failure probabilities of a component between the ages x —1 and x

and let poo = limy_yo0 Py > ﬁzf_f@p. Then the optimal ARP has a finite maintenance age for
at least one period.
Proof. The proof can be found in Appendix B. O

We can thus simply obtain the condition for time-varying maintenance costs by replacing the
costs in the condition for constant maintenance costs by the means over the year ¢ and ¢,.

For discrete Weibull distributions the condition can be written as follows

Cp At

a <1- m (13)
If this equation holds we can limit one dimension of the state space, namely to Z = Zy x 17,
where 77 :={0,1,..., M} as long as we choose M large enough and At small enough. When the
age reaches M we will always maintain preventively, but this age is typically not reached if we
choose M large enough. We use the notation Z° = Zy x {0} for the states representing a broken
component at the start of the time period.

If the condition in Theorem 1 is not met, it might be that the zero maintenance policy is
optimal. In this policy no preventive maintenance is performed (i.e. the maintenance age t* = oo
over the whole year). Combining the renewal reward theorem and Lemma 1 gives us that:

Cloo) = — . (14)

We can use the corrective maintenance moments as regeneration epoch. The cycle costs are then
¢y and the expected cycle length is E(T').

Given a certain stationary policy R € Ry we can define z;, the long-run fraction of time
that the system is in state ¢ € Z at the beginning of the period and decision a € A is taken
under policy R. The x;,’s are the decision variables in the linear programming formulation. The
long-run average costs are given below.

Y eplio)zin+ Y crlio)in.
ISVAVA i€Ib

This equation will be the objective function that we wish to minimise in the linear programming
formulation. To make sure that the inflow equals the outflow we introduce the following constraint.

Z wja:Z Z Wij(a)m'w VjEI,

a€A(j) i€T ac A(i)

where 7;;(a) is the transition probability of moving from state i = (ig, 1) to state j = (jo,j1)
under action a € A. These are given below.
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1—pj, forjo=io+1, j1=41+1, j1 #1,

mij(0) = § Pjs for jo =io+1, j1 =0, (15a)
0 else.
l—p1 forjo=io+1, j1=1,

mii(1) =q p for jo =10+ 1, j1 =0, (15b)
0 else.

pj, is the probability of failure between j; — 1 € Z; and j; € Z;. We assume that we know this
probability distribution, which can take any form as long as the condition in Theorem 1 is met
(e.g. Weibull distribution with scale parameter 5 > 1 and fine enough discretisation).

The long-run probability of being in one of the states corresponding to a certain period ig € Zy
is %, since there are N periods in a year. The corresponding constraints are given below.

Z Z xm—% Vio € Zo.

11€71 ac A1)

We must always perform maintenance when the wind turbine fails. Also when the maximum age
M is reached we must perform maintenance. The following constraints make sure that we do not
wait in these scenarios, but immediately maintain.

T =0 V’i:(io,il) el:1n G{O,M}.

Finally, the decision variables must be non-negative, since they represent a long-run fraction
time. This is given in the following constraint.

Tia >0 VieI, ac A

The linear programming problem that we obtain by combining the objective function that we
wish to minimise with the constraints is the following.

(ARP1)  minimise Y cy(io)zii+ Y cplio)zi

ISIAVAL iezb
(16a)
such that:
> mia—> > mij(a)wie =0 VieT (16b)
acA(i) 1€Z acA(i)
T =0 Vi = (io,i1> €el:1 € {O,M} (16C)

Z Z LTig = % Vig € Iy (16(1)

11€21 a€A(1)
Zig > 0 VieZ ac A (16e)

We see that the number of decision variables is linear with M and we thus wish to choose M
as small as possible. We will solve this linear program for different cost functions and failure
distributions using CPLEX 12.8.0 in Java and the results will be given in Section 4.

Note that we do need to be careful in using the LP formulation. A problem arises if the
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states that can be reached according to the linear programming formulations form multiple
recurrent classes, see Tijms (2003). In this scenario the initial state of our Markov chain can
have an influence on the long-run costs. Dependent on the initial state we end up in one of the
recurrent classes with some probability and the long-run costs converge to the long-run costs of
this recurrent class. A sufficient condition for this not to happen is the weak unichain assumption,
given in Definition 3.

Definition 3 (Weak unichain assumption). For each cost optimal stationary policy the Markov
chain contains one recurrent class (and possibly multiple transient states).

Lemma, 2 states that this assumption is satisfied for ARP.

Lemma 2. For 1-arithmetic lifetime distributions any ARP induces a Markov chain that contains
one recurrent class and is therefore unichain.

Proof. The proof can be found in Appendix B. O

If LP formulation (16) finds an ARP, the ARP is optimal and we find that the weak unichain
assumption is satisfied for this ARP. The LP approach then finds the cost optimal ARP.

For general distributions, it could be the case that the LP finds a policy for which we maintain
for age t during a period, but there exists an s > ¢ for which we do not maintain. Then it does
not find an ARP. For example if components can fail on even ages only, we never maintain for
uneven ages, because we would rather wait one period and this does not give an ARP. In the
results in Section 4 for Weibull distributions we only find ARPs.

3.3.2 Block-based maintenance

In the model that we discuss in this section we make the same model assumptions as in the
previous section. The only difference is the maintenance policies that we consider. We now
consider an extension of the standard block-based maintenance policy instead of the age-based
maintenance policy of previous section. In a standard block-based maintenance policy components
are maintained preventively every multiple of time T' (i.e. maintenance at T, 27, 3T,...). Under
constant costs we can compute the optimal block time T™ as illustrated in Example 2.

Example 2 (Standard block-based maintenance). Suppose we have a component with a discrete
Weibull failure distribution, with o = 12 months and = 2. Let the costs of preventive and
corrective maintenance be giwen by ¢, = 10 and ¢y = 50. Note that these parameters are the
same as in Example 1. To be able to compute the costs we need M (t), which denotes the renewal
function, or m(t), the renewal density.

We can use the renewal reward theorem to compute the long-run costs as a function of the
block t. Nakagawa (1984) give an expression for the costs that we will use.

&+ M)
t M
Cp+cf Zi:l m(s)
t )
Cpt+cf Zizl Z;:l FOE)
; .

o) =

where fU) is the density function of the sum of j independent variables with density f. We can
use the recursive formula fU)(s) = Zf;ll (1) fU=V (s — i) to compute this value. An alternative
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way to compute the costs is given in Appendixz D.1.

In Figure 5 we plot the yearly costs as a function of the block time where we use the above
formula.
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Figure 5: This figure shows the yearly maintenance costs as function of the block size, where ¢y = 5¢,
constant and T' ~ Weibull(12, 2).

We see that the minimum of 41.501 is obtained for t = 6 months and so in the optimal BRP we
maintain preventively every 6 months. In this example the optimal maintenance block is the same
as the optimal maintenance age. The costs are 3.50% larger for the BRP than for the ARP.

Since the costs for wind turbine maintenance vary in time we allow the block size to vary in time
as well. Using the varying block sizes we can thus maintain at T7,75,75, ..., where T; € N Vi.
To limit the scope of possible policies we restrict ourselves to policies that repeat themselves
every m years for some m € N. In this way we generalise block maintenance policies.

Definition 4 (BRP). A BRP is a policy in which the preventive maintenance decision depends
on the time of the year and year number only (i.e. we maintain preventively independent of age
at T1, T, T3, - - -, where T; € N Vi ).

Throughout the rest of this thesis we use BRP to denote block replacement/repair/maintenance
policies in which the block sizes vary over the years. The BRP in which the block size is constant
is referred to as the standard BRP, which is common in the literature and used for problems for
which maintenance costs are constant.

The Markov decision process that we discussed in Section 3.3.1 can still be used for these
block-based maintenance policies. We use the same formulation of the Markov decision process
and we will come up with a mixed integer programming (MIP) formulation, which is an LP
formulation (16) with extra binary decision variables and constraints. Before we can proceed, we
need to realise that it might be that no preventive maintenance can be optimal under certain
conditions. When preventive maintenance is for example equally or more expensive than correc-
tive maintenance we will never perform preventive maintenance. For the continuous constant
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cost maintenance problem the condition for the optimal maintenance block time 1" to be finite is
given by Nakagawa (1984).
@ lg_a) (17)
cy 2 7
where cr is the coefficient of variation of T, the lifetime random variable. We wish to come up
with a condition for the discrete problem with varying maintenance costs. First, in Lemma 3 we
give a sufficient condition for the discrete problem with constant maintenance costs. We can
simply replace the coefficient of variation of the continuous lifetime distribution by the coefficient
of variation of the discrete lifetime distribution and use the same condition.

Lemma 3. Let the lifetime distribution of components T be distributed such that g—; < %(1 — c%),

where ¢y and ¢, are the constant corrective and preventive maintenance costs. Then the optimal
block-based maintenance time is finite.

Proof. The proof can be found in Appendix B. O

Lemma 3 shows that a same sufficient condition can be formulated for the discrete time case as
for the continuous time case, under constant costs. In Theorem 2 we generalise this result for
time-varying costs and show that a similar condition is sufficient.

Theorem 2. Let the lifetime distribution of components T be distributed such that %’ < %(1 —c%),

where ¢y and ¢, are the time-varying corrective and preventive maintenance costs with yearly
means ¢p, ¢r. Then the optimal block-based maintenance time is finite.

Proof. The proof can be found in Appendix B. O

Note that the coefficient of variation is 0.523 and 0.363 for Weibull distributions with 8 = 2 and
B = 3. This means that the condition becomes % < x with x = 0.239 for § =2 and = ~ 0.319
for 8 = 3. If for example the corrective maintenance costs are 4 times the preventive maintenance
costs, this condition is not satisfied for 8 = 2, but are satisfied for distributions with 5 = 3. This
makes sense, since the failures are more predictable for larger 5.

The condition in Theorem 2 is independent of the cost fluctuations, since it depends only
on the mean of the costs. However, the stronger the variation in the costs the more we can pick
cheaper moments to do maintenance. One might expect that we maintain preventively when the
preventive maintenance costs are cheap and that we can formulate a condition that depends on
min{c,} := min;,e7,{cy(ip)}, the minimal cost moment for preventive maintenance, instead of
¢,. We can do this, but the condition does not simply change to

min{c,} 1 9
? < 5(1 —c7).

Maintaining at cheap moments, might induce that the failures occur at more expensive moments
on average. If we maintain preventively at the cheapest moment once every k years, we indeed
only pay min{c,} as preventive maintenance costs and ¢, becomes irrelevant. The average
corrective maintenance costs are however not ¢y, since m(t) (i.e. the renewal density) is not
constant if the failure rate increases for increasing ages. We therefore need an adjustment and
we define a new parameter below.

nN )
b = limsup {Z m(t) (Cf(tmm—i_t) - 1> } , (18)

n—00 —1 Cf

where the lim sup is taken over numbers n € N only. The parameter b depends on the distribution
but is finite for Weibull distributions. As long as the renewal density converges to %, with
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the mean of the interarrival times, fast enough, b is finite. The convergence needs to be of the
order O(¢~%) for some a > 1. Using b we give the adjusted condition for which the block-based
maintenance time is finite in Theorem 3.

Theorem 3. Let the lifetime distribution of components T be distributed such that %‘J{[C”} +b<

3(1 —c2), where b is given by equation (18). Then the optimal block-based maintenance time is

finite.
Proof. The proof can be found in Appendix B. O

Note that the parameter b can be either negative or positive. If maintenance costs are constant
over the year, we have b = 0, min{c,} = ¢, and the condition is the same as the condition in
Lemma 3.

Generally, we have no explicit formula for the renewal density m(t) and therefore no explicit
expression for b. When the interarrival are distributed according to an Erlang distribution we do
know the renewal density explicitly and we can determine b. This is illustrated in Example 3.

Example 3. Suppose that the time-varying costs are given as follows

cp(t) =¢, + A -Gy cos (2t),
ct(t) =¢f + A -Cycos (2t),

where t is the time in years and A € [0, 1]. Suppose the interarrival times are distributed according
to an Erlang-2 distribution.

Note that the density of an Erlang-2 distribution is given by

f(t) = Nte ™, (19)

and has mean p = %

The renewal density can be computed analytically and Varsei and Samimi (2009) show that

A A 1
m(t) = 5 — 56_2)\t = ﬁ — ;6 B, <20)
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Theorem 3 is given for discrete distributions. Letting At — 0 in our discretisation gives that

"IN
b = lim sup/ < - 62)‘t) - —A cos(27t)dt,
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which is always non-negative. If mirgf”} + (2+7?2u2) < %(1 — CQT) is satisfied we are sure there

exists a finite optimal T for the BRP.

Assuming the conditions of Theorem 2 or Theorem 3 are met, we can come up with our MIP
formulation. We can use the same formulation as previously, but have to introduce some extra
constraints to make sure that we obtain a block-based maintenance policy. First we introduce
the following variables that help decide in which period we do the preventive maintenance.

1, if we maintain preventively in period ig € Zy,
Yip = (21)

0, else.

For block maintenance we have that the maintenance decision depends on the time of the year
and is independent of the age of the component. If we maintain preventively in period jg € Zy (or
do not maintain preventively), we are not allowed to take action a = 0 (or @ = 1) for any age i; > 0.

Remark: we can force this by the following inequalities.

l‘iaSl—yiO Vi:(io,i1)622i1>0,a:0,
Tia < Yig Vi = (ig,i1) € Z:11 > 0,a = 1.

Proof.
Let ig € Zp be an arbitrary age. We distinguish two cases.

(i) There exists an i; > 0, such that for i = (ig, 1) we have z; ; > 0.

(ii) There exists no 4; > 0, such that for i = (ig,41) we have z; ;1 > 0.
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Assume that (i) holds. Then y;, > x;1 > 0 and thus y;, = 1. As a result for all i’ € {(ip,71) : 0 <
j1 € Z1} we have that z,9 <1 —y;, <0 and thus x;9 = 0. We thus maintain preventively at i
for all ages (ignoring i; = 0 for which we always maintain correctively).

Assume that (ii) holds. Then we never maintain preventively at ig. In conclusion, we ei-
ther maintain preventively for all ages or we do not maintain preventively for any age and the
decision thus only depends on . O

We obtain the following MIP by combining these extra constraints with the linear programming
formulation (16).

(BRP1) minimise Z Cp(i0)$i,1+z cr(io)xin

i€T\Ib iezb

(22a)
such that:
> mia—> Y mia)zje =0 Viel (22b)
acA(i) JET acA(j)
xi0 =0 Vi = (ig,i1) € Z:141 € {0, M} (22¢)
Tia + Yip < 1 Vi = (ig,i1) € Z:91 > 0,a=0 (22d)
Tia — Yip <0 Vi = (ig,i1) € Z:41 > 0,a=1 (22e)
Y>> mia= % Vig € To (22f)
i1€Z1 ac A(i)

Tig > 0 VieZ ac A (22¢)
yi, € {0,1} Vip € Zo (22h)

In this model we restrict ourselves to policies in which we perform maintenance during the same
time periods every year. These policies thus have a periodicity of one year and we need to
perform maintenance at least once a year. Constraint (22c) makes sure that we cannot let the
component be arbitrarily old and thus makes sure that maintenance is done at least once a year.
Depending on the parameters in the model it might however be optimal to maintain only once in
several years, in which case it would be better to consider policies with periodicity of multiple
years. This can be done by increasing the state space of our Markov decision process. That is,
we use the following Zy in the new state space.

To={1,2,---,Nm}, (23)

where m € N is the number of years considered. It can be that it is optimal to plan preventive
maintenance on a yearly basis, then it suffices to consider m = 1 only. This depends on the cost
and distribution parameters of the model. Considering larger m can only improve our solution,
but does increase computation time, since then the amount of decision variables increases. We
therefore wish to choose m large to be close to optimal, but not to large to keep the computation
time short.

Note that these block maintenance policies are a special case of age-based maintenance, where the
critical maintenance age is 1 for the moments that we maintain and infinity for other moments.
The costs induced by any block maintenance policy are thus at least the costs induced by the
optimal age-based maintenance policy.

We will solve this mixed integer program for different parameters and different m using CPLEX
12.8.0 in Java and the results will be given in Section 4.
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3.3.3 Modified block-based maintenance

Modified block-based maintenance policies are policies in which we still plan maintenance in
blocks, but when components have just been maintained correctively they will not be maintained
again. In this way we keep the plannability of the block-based maintenance, but we are closer
to the optimal age-based maintenance in costs. We namely save extra maintenance costs for
relatively new components. In this section we show that we can use a similar approach to
previous sections to come up with the optimal modified block-based maintenance policy.

In the model that we discuss in this section we make the same model assumptions as in
previous sections. The only difference is the maintenance policies that we consider. We now
consider an extension of the modified block-based maintenance policy instead of the age-based or
block-based maintenance policy of previous sections. In a standard modified block-based mainte-
nance policy components are maintained preventively every multiple of time 7" (i.e. maintenance
at T,2T,3T,...). We skip the maintenace if the age of the component is below the minimal age
tfor0<t<T.

Under constant costs we can compute the optimal block time T™* and minimal age t* as il-
lustrated in Example 4.

Example 4 (Standard MBRP). Suppose we have a component with a discrete Weibull failure
distribution, with o = 12 months and 8 = 2. Let the costs of preventive and corrective main-
tenance be given by ¢, = 10 and cy = 50. Note that these parameters are the same as in Example 1.

We can use the renewal reward theorem to compute the long-run costs as a function of the
block T and minimal age t < T, see Appendiz D. In Figure 6 we plot the yearly costs as a function
of the block time T where t is optimised given T .
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Figure 6: This figure shows the yearly maintenance cost as function of the block size, where ¢y = 5¢,
constant and T' ~ Weibull(12, 2).

We see that the minimum of 40.310 is obtained for T* = 6 months with t* = 4 months and so
in the optimal MBRP we maintain preventively every 6 months if the components are at least 4
months old. For T =5 we have t =5 and costs 40.880, which is 1.41% more expensive than the
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optimal MBRP. For T =T we have t = 4 and costs 40.675, which is 0.91% more expensive than
the optimal MBRP.

In this example the optimal maintenance block is the same as the optimal maintenance block for
the BRP. The costs for the optimal ARP are 0.53% lower than for the MBRP and the BRP costs
are 2.95% larger than for the MBRP. The MBRP bridges approximately 85% of the gap between
ARP and BRP for these parameters.

Since the costs for wind turbine maintenance vary in time we allow the block size and this age to
vary in time as well. Using the varying block sizes we can thus maintain at 717,75, 753, ..., where
T; € N Vi. We only maintain if the component reaches ages t1,t2,t3..., where t; < T; — T;_1 (i.e.
the minimal age at an opportunity cannot be larger than the time between this opportunity and
the previous opportunity). The MBRP is formally defined in Definition 5.

Definition 5 (MBRP). An MBRP is a policy in which we have preventive maintenance oppor-
tunities at 11,15, T3, - -+ where T; € N Vi. We skip the maintenance at opportunity i if a minimal
age t; is not reached. Furthermore t; <T; — T;_1 Vi.

Throughout the rest of this thesis we use MBRP to denote modified block replacement /repair/maintenance
policies in which the block time and minimal age can vary over the years. The MBRP in which

the block size is constant is referred to as the standard MBRP, which is common in the literature

and used for problems for which maintenance costs are constant. To limit the scope of possible
policies we restrict ourselves to policies that repeat themselves every m years for some m € N

and we consider different m.

Similar to the ARP and BRP we wish to come up with sufficient conditions for the MBRP to
have a finite optimal ¢ and T'. For constant costs, this condition is given in Theorem 4.

Theorem 4. Let p, denote the failure probabilities of a component between the ages © — 1 and
x and let poo = limg o0 Pz > ﬁcf_fcp. Then the optimal MBRP under has a finite optimal
maintenance age t and block T .

Proof. The proof can be found in Appendix B. O

The condition for the optimal ¢ and 7" to be finite is the same as with the ARP. If the optimal age
T* in the ARP is finite we know that maintenance for age T™* is cheaper than no maintenance.
As a result, maintenance from this ¢ = T onward every T = T™ time periods is also cheaper
than no maintenance at all. A similar condition holds for time-varying maintenance costs.

Theorem 5. Let p, denote the failure probabilities of a component between the ages x — 1 and
x and let poo = limg o0 Py > ﬁ%) . Then the optimal MBRP has finite block times and

Cf—Cp

minimal ages.

Proof. The proof can be found in Appendix B. O

Again the condition is the same as for the ARP. Assuming the optimal maintenance ages and
blocks are finite we can proceed and find the MIP formulation.

Below we introduce extra variables that decide for which period and which age we maintain.

1, if we maintain for age i; € Z; in period iy € Zop,
T Foin = 0, else (24)
, .

First of all, if we maintain for age ¢; in a certain period g then we must maintain for age j; > i1
as well in this period. We thus have that:

Zigin < Zigj1  Vio € Lo and Viq, j1 € 17 1 i1 < J1. (25)
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Clearly, we must also have that:
Zigiy < Wio  Vio € Lo, 11 € 1. (26)

where y;, is defined in (21).

Since there is no constraint that makes sure that ¢; < T; — T;_1, any age-based maintenance
policy is now feasible. Now let ¢;, be the minimum age at which we maintain for period ¢p. Then
the age should satisfy the following constraints for all ig, jo € Zy with ig # jo.

tig <o — joyjo + N(l - yjo)v if jo < 1o, (27)
tio < N + Z>0 - joyjou if jO > ’io. (28)

when y;, = 0, t;, can take any value, since maintenance is never performed in period iy € Zy.

The following constraints should be added to the problem to make sure that indeed t; < T; —T;_1.
oy — Yig» if Z.1 2 tio) (29)
‘ o 0, elsewhere.

Note that this constraint is non-linear, since it contains an if statement. Using the relatively
large number M (the maximum age) we can solve this and add the following linear constraints
for all ig € Zp and i1 € 7.

M(yio - Zi0i1) + (1 + 11 — tio) < M, (30)
Mzigi, + (tiy — 1) < M. (31)

We add the above introduced constraints to linear programming formulation (16) and obtain the
following MIP.

(MPRP1) minimise Z Cp(i0)$i,1+z c(io)win

i€T\IP i€Zb

(32a)
such that:
Yo wmia =Y Y mjla)rie =0 VjeT (32b)
a€A(3) 1€T acA(i)
ip = o Vi=(ip,iy) €T :iy € {0,M}  (32¢)
YD mia=~ Vig € Ty (32d)
11€711 a€ A1)

Zigiy — Yip <0 Vip € Iy, i1 € T4 (32¢)
tio + JoYjo + Nyjo < N + g Yio, jo € Lo : jo < to (32f)
tiy + Joyjo < N + o Vio, jo € Zo : Jo > o (32g)
Myiy — M zigiy —tiyg <M —1—103 Vip €Ly, i1 €Ty (32h)
Mzigi +tig < M + 14y Yig € Ty, i1 € I1 (32i)
Tig 2 0 VieZ, acA (32j)
zi € {0,1} Viel (32k)
yiy € {0,1} Vio € Ty (321)
ti, €N Yig € Iy (32m)

We will solve this mixed integer program using CPLEX 12.8.0 in Java and the results will be
given in Section 4.
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3.4 Maintenance policies for multi-component systems

In this section we extend our single component models to multi-component models. In Section
3.4.1 we show how we can extend the state space of the Markov decision process for more
components. The optimal policy, which is an age-based maintenance policy, is computed via
an LP formulation. The actions for each component depend on the ages of all components in
a complex way. In Section 3.4.2 we show that extra constraints and binary variables can be
added to obtain an MIP formulation for block-based maintenance policies. A similar approach
can be taken to obtain an MIP formulation for the modified block-based maintenance, which is
described in Section 3.4.3.

3.4.1 Age-based maintenance

A wind turbine is made out of multiple components. In our model we must thus add components
to be able to include maintenance costs of all relevant components. For each component that we
add to our model the number of actions doubles, since we can either maintain or not for this extra
component. Also an extra dimension must be added to the state space, that gives the age of the
component. For n components the state space is 7 = Zy x Z; X - - - X Z,, and the number of possible
actions equals |A| = 2", we namely have A = {0,1}" (i.e we can maintain or not maintain for
all n components). We see that the number of decision variables increases exponentially in the
number of components, which makes finding the optimal age-based maintenance policy for larger
n very time consuming.

For the maintenance of offshore wind turbines a large part of the costs is set-up costs. In
the model we split the costs of the maintenance in set-up costs and in addition component specific
maintenance costs. We assume the set-up costs are constant over time and we thus generally
have the following for the set-up, corrective and preventive maintenance costs.

cs:{1,2,...,N} = R, (33a)
cl} :{1,2,..., N} — R for component k, (33b)
c]; :{1,2,..., N} — R for component k. (33¢)

We assume that whenever preventive maintenance actions are combined with each other, that
we have to pay set-up costs once only. Also if one component fails during this period, set-up
cost are paid once. When we maintain the broken wind turbine, all other components that were
planned in this period are also maintained.

Whenever more components fail we do have to pay set-up costs extra for each broken component.
When a component fails, we immediately order a new component and when it arrives, we
immediately carry out the corrective maintenance, because we wish to avoid extra downtime.
In our model we assume that components fail independently and therefore the probability that
multiple newly ordered components arrive at the same time is negligible.

The 2-dimensional problem is still solvable in a time in the order of seconds, minutes or hours
as long as we discretise time coarsely. The possible actions a € A that we can take in the
2-dimensional model are as follows.

{0,0}, if we do not maintain,
{1,0}, if we maintain component 1,
{0,1}, if we maintain component 2,

{1,1}, if we maintain both components.
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Again when for i, = 0 we have that maintenance of component k indicates corrective maintenance
and iy # 0 indicates preventive maintenance. For a general number of components we have that
ar = 1 if we maintain component k£ and a; = 0 if we do not maintain.

To be able to come up with a linear program we take a similar approach to the one dimensional
setting. Before we can write this linear program we need a finite state space. If the conditions in
Theorem 1 are met for all components individually, we know that a finite M exists and we can
proceed.

Assume that we save set-up costs whenever preventive maintenance joins a maintenance action.
Doing 2 preventive maintenance actions for 2 components and 2 corrective maintenance actions
for two other components means that we save set-up costs twice, since the preventive maintenance
actions can join the corrective maintenance actions. The total set-up costs paid are then 2¢;(ip).
The corrective maintenance actions cannot be combined, since we assume that they need to be
performed immediately upon failure. We show the costs for a setting with two components, but
this can easily be extended for more components. For each i = (ig,i1,i2) € Z and a € A we
obtain the following cost coefficients.

0, if a = {0,0}

cs(io) + ¢ (io), if a = {1,0},i; =0,

cs(io) + ¢ (io), if a = {0,1},iy = 0,

¢s(io) + ¢ (i), if a = {1,0},i1 # 0,

Cia = | ¢s(io) + ¢ (io), if a = {0,1},i9 # 0, (35)

2¢5(io) + cf(io) + ¢} (i), if a = {1,1},i1 = 0,42 = 0,

cs(io) + clio) + c3io),  ifa={1,1},i1 = 0,ia # 0,
cs(io)+c;,(z‘o)+c§(z‘0), if a ={1,1},i1 # 0,49 = 0,

¢s(io) + cp(io) + ca(io),  if a={1,1},i1 # 0,ip # 0.

Using this cost function we include that we save set-up costs whenever we perform maintenance
on both components (i.e. action a = {1,1}). Note that we do pay set-up costs twice if both
components fail during one period, since we need to do the corrective maintenance immediately.
If a component fails in the period before the planned preventive maintenance of the other
component, the maintenance actions can be combined and set-up costs are paid once only.

In our model we can maintain components when other components fail and then save set-
up costs. In the literature this is sometimes referred to as opportunistic maintenance, since
we use the opportunity to perform the maintenance. In the literature it is also common to
assume that we cannot maintain a component preventively when another component is broken
and needs corrective maintenance, see for example Ozekici (1988). If we wish, this can also be
incorporated in our cost coefficients by adding cs(ig) for the case a = {1,1}, i1 = 0 and iz # 0
or the case a = {1,1}, i1 # 0 and i2 = 0. We will however use the cost coefficients of equation
(35) throughout the rest of the report. For n components we can now define the following linear
program to find the optimal cost policy.

(ARP) minimise Z Z Ci.aTia (36a)

i€Z ac A
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such that:

7 mia—> Y mia)zje =0 VieZ (36h)

acA(3) JET acA(j)
a?m:() VE<n,i€Z,a€ A:ip€{0,M},a, =0 (36¢)
YD ma=~ Vi€ (36d)
1€T acA(i)
Tig > 0 VieZ ac A (36¢)

All components fail according to a distribution with failure probabilities p¥ for component k,
where x denotes the age. The transition probabilities can be computed from this and we illustrate
this for the two component setting. Then we have i = (ig,i1,42) € Z, j = (Jo, j1,J2) € Z and
a € A we can determine the transition probabilities p;;(a).

(1—pj)(1—p3,) forjo=io+1, ji=ir+1, jo=1ia+1,

(l—pjl-l)pjz2 for jo=id0+1, j1=141+1, jo =0,

7i;({0,0}) = { pj, (1 = p3,) for jo =io+1, j1 =0, jo =iz + 1, (37a)
;P for jo =io+1, j1 =0, j2 =0,
0 else.

(1—ph)(1—p2,) forjo=io+1, ji=1, jo=iz+1,

(1—p)ps, for jo=1do+1, j1=1, j2 =0,

mi;({1,0}) =4 pi(1 - p3,) for jo =io+ 1, j1 =0, jo=1iz+1, (37b)
pips, for jo =ip+1, j1=0, j2 =0,
0 else.

\

(1—=pl)1—=p}) forjo=io+1, j1=i1+1, jo=1,

(1—pj,)pi for jo=1do+1, j1=i1+1, jo=0,
mi;({0,1}) = { pj, (1 — p?) for jo =io+1, j1 =0, jo=1, (37¢)
pj,pi for jo =1io+1, j1 =0, jo =0,
0 else.
(1—phH(1—p2) forjo=io+1, 1 =1, ja=1,
(1 —pi)pi for jo =io+ 1, j1 =1, j2 =0,
mij({1,1}) = { pi(1 — p?) for jo =io+1, j1 =0, j2 =1, (37d)
pip} for jo =1do+1, j1 =0, j2 =0,
0 else.

In the period of maintenance component k can still fail with probability 1 — p¥. Clearly for
more than two components this approach becomes cumbersome and time consuming. For two
components we implement this method using CPLEX 12.8.0 in Java and we show some results in
Section 4. In an optimal policy we can expect the optimal action for a component to depend on
the ages of both components. Example 5 illustrates this and considers three different scenarios.

Example 5. Suppose the cost parameters are independent of the period of the year. We choose
cs = 9, clji =25 fork =1,2 and c]; = 10 for k = 1,2 all in thousands of €. For the Weibull
parameters we choose o = 25 months and S = 2. Then the optimal policy is given in Figure 7.
Let us denote a = 0 by no maintenance and a = 3 indicates maintenance of both components.
Let a =1 and a = 2 denote maintenance of component 1 and 2 only.
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Figure 7: This figure shows the action a that we take for component ages i1 € Z; and is € Zs. The costs
are €29159 per year.

Note that if the age 0 state corresponds to a broken component, meaning that we have to maintain
that component correctively. The shape of this figure is different from the figure that Ozekici
(1988) shows for the continuous case. The difference is that in their model you are not allowed
to perform preventive maintenance on one component if the other component fails. Due to the
relatively large set-up costs we never maintain one of the components preventively, when we solve
the LP. This policy is very dependent on the parameters in the model and for these parameters
we never maintain one of the components preventively. This changes if we adjust the set-up costs
to cs = 1, which is shown in Figure 8.
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Figure 8: This figure shows the action a that we take for component ages i1 € Z; and i € Zy. The costs
are €25631 per year.

We see that it is sometimes beneficial to maintain one of the components preventively. The lower
the set-up costs are, the less beneficial to maintain both components with respect to maintaining
one component. If we do not include any set-up costs (i.e. set cs = 0) we obtain a completely
different figure, see Figure 9 below.
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Figure 9: This figure shows the action a that we take for component ages i1 € Z; and is € Zs. The costs
are €24527 per year.

In this figure we see that the decision of maintaining a component only depends on the age of
that component. The age of the other component does not influence the decision, since there are
no set-up costs to be saved. We can in this case also solve this problem by solving the individual
LPs for both components and this gives the same two ages.

In Example 5 we see that for two components we can still visualise when we need to maintain
a component, but the decision to maintain a single component depends on the ages of the
other components. In a wind park setting in which dozens of components are included in the
maintenance model, this becomes hard to track what happens in the optimal policy. The decision
whether or not to maintain a blade of a turbine depends on the age of the gearbox of another
turbine. As a result, a single failure somewhere in the park completely changes the maintenance
decision, which is not desired.

We therefore come up with simplification of this policy in Appendix E. In this simplifica-
tion the maintenance decision for a component only depends on the age of this component. Since
this simplified policy is sub-optimal and takes much more computation time, we will not elaborate
any further on this policy and keep using the age-based maintenance policy from Section 3.4.1.

3.4.2 Block-based maintenance

In Section 3.3.2 we added constraints to the LP of the single component age-based maintenance
model to obtain an MIP for the block-based maintenance model. A similar approach can be
taken for multiple components. In this section we use the same formulation as in Section 3.4.1,
but we introduce extra constraints to make sure that we end up with a BRP.

Similarly to Section 3.3.2 we can now introduce variables that help decide in which period
we do the preventive maintenance for component k.

& 1, if we maintain component k preventively in period ig € Zy,
Yig = (38)
0, else.
If we maintain component k& € {1,...,n}, we are only allowed to take action a; = 1 for this

component. The other state action frequencies should thus be set to zero.

The constraints that make sure that we do this are similar to equations (22d) and (22e) and for
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component k < n we have the following.

Tig < 1—yk VieZ,ae A:i,>0, ap =0,
xmﬁyfo VieZ,ac A:i, >0, ap=1

We obtain the following MIP by combining the linear program from Section 3.4.1 with these
extra constraints.

(BRP) minimise Z Z Ci.aTia (39a)

i€Z acA
such that:
o mia—> > mia)zje =0 Viel (39b)
a€cA(i) JET acA(j)
Tig =0 VkE<n,ie€cZ,ac A:i, € {0,M},a, =0 (39)
Tia +yb <1 Vk<n,ic€cZ,ac A:ip>0, ap=0 (39d)
Tia — Yk <0 Vk<n,ic€Z,aeA:ip>0, ap=1 (39e)
> Z Tig = 1 (39f)
1€Z ac A7)

Tig >0 VieZ, ace A (39¢)
yk €{0,1} Vk<mn, igeTy (39h)

This formulation for n components can be used to schedule the maintenance optimally. When we
are dealing with identical components, we know that these are scheduled at the same time in the
optimal policy. In other words, the maintenance actions must be grouped, which can be forced
by additional constraints that speed up computation time. We can namely add the following
constraint to the problem.

Uiy = Uiy Vio € To, k1 < n, ks < n. (391)

Solving this MIP is computationally very intensive for more than 2 components. Adding a
component namely increases the number of decision variables by a factor of 2V, since this gives
2 times more possible actions per state and N times more states. Therefore heuristic approaches
are needed for problems with more components, such as in a wind turbine or wind park. These
methods are introduced in the Section 3.5.

3.4.3 Modified block-based maintenance

In Section 3.3.3 we added constraints to the LP of the single component age-based maintenance
model to obtain an MIP for modified age-based maintenance policies. A similar approach can be
taken for multiple components. In this section we use the same formulation as in Section 3.4.1,
but we introduce extra constraints to make sure that we end up with a modified block-based
maintenance policy.

In the literature, see Archibald and Dekker (1996), this policy is discussed for constant costs
and maintenance opportunities are at T,27T,3T,... for a certain time 7. In their model a
component is maintained only if the age is above ¢ for 0 < ¢t < T. The blocks are thus the
same for all components, which can be a problem if some components need to be maintained
a lot more than others. Archibald and Dekker (1996) did not encounter this problem, since
they focused on identical components only. In our multi-component model we can generalise
this for each component k£ and the maintenance is only performed if the component has reached
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age tg, where 0 < t;, < T for all k. The approach can be expected to perform well if compo-
nents need to be maintained preventively approximately equally often. If this is not the case,
we wish the blocks to be different for different components, which can also be included in the MIP.

Below we introduce extra variables that decide for which period and which age we maintain
component k.

(40)

Koo {1, if we maintain component k for age iy € Z in period ig € Zy,
0, else.

First of all, if we maintain component k for age i; in a certain period ig then we must maintain
for age jr > i as well in this period. We thus have that:

k k
< Fiojk

Zigip, = Vig € Iy and Vik,jk Edy 1 < Jk- (41)

Clearly, we must also have that:

k < Yi, Vig € Lo, 1 € Ip, (42)

Zioik

where y;, is defined in equation (21) and it states whether or not we maintain in period .

Since there is no constraint that makes sure that ¢; < T; — T;_1, any age-based maintenance
policy is now feasible. Now let tfo be the minimum age at which we maintain component k& for
period ig. Then the age must satisfy the following constraints for all components k£ and for all
10, jo € Lo with g 75 7o-

t”lico S io - joij + N(l - yjo)v if jO < iO? (43)
th < N +io — jotjo if jo > io. (44)

when y;, = 0, tfo can take any value, since maintenance is never performed in period ig € Zy.

The following constraints must be added to the problem to make sure that we do not maintain
for ages under tfo.

i0,i
0%k 0, elsewhere.

Note that this constraint is non-linear since it contains an if-statement. Using the relatively large
number M (the maximum age) we can solve this and add the following linear constraints for all
k, 19 € Zp and i} € Zy.

M (yiy = 2ih5,) + (14 — 1) < M, (46)
Mzl + (th —i) < M. (47)

101k

Combining these extra constraints with the linear program from Section 3.4.1 we obtain the
following MIP for n components.

(MBRP) minimise Z Z CiaTiq
1€ acA
(48a)
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such that:

Z Tia— Y Y mi(a)zja =0 VieZ (48D)

acA(i JET a€A(7)

Tig =0 Vk<n,i€Z,acA:iy€{0,M},a,=0
(48¢)
mm—&—zm%<1 VE<n,ie€Z,acA:ip>0, ap=0 (48d)
Tia — 25 5 < 0 Vk<n,ic€Z,ac A:ip>0, ap=1 (48e)
DD Tia=1 (48f)

i€Z ac A1)

2 — b <0 Vk <n, ig € To and Vig, jx € Tp i < jr (48g)
2 = Vig <0 Vk < n, ig € Lo, iy, € Iy (48h)
tE + joyjo + Nyjo < N +1g Vk < n, io,jo € To : jo < io (48i)
t + joyj, < N + o VEk < n, ig,jo € To : jo > io (487)
M (yi, — foik)_tk <M —ip—1 Vk<n, ig €Ly, i €Ly (48Kk)
Mzf, +th < M+ Vk <n, iy € Lo, ix € Ij (481)
Tig > 0 VieZ, ac A (48m)
i, € {0,1} Vio € Ty (48n)
zp . €401} Vk <n, io € Ty, i € Iy (480)
th €N Yk < n, ig € T (48p)

This approach can give relatively costly solutions if one component individually has to be
scheduled much more frequently or less frequently than others. It might then be the case that
scheduling components on different blocks is cheaper. We can incorporate this in the model by
changing from y;, to yfo. Then yiko equals 1 if preventive maintenance is planned for component
k and 0 otherwise. The rest stays the same. We do now not only have binary decision variables
that decide at which days we maintain but we also have binary decision variables that decide
from which age we have to maintain. As a result, this MIP is even more time-consuming than the
MIP for the BRP, which will be shown in the results in Section 4. In the results we consider the
MBRP as in MIP formulation (48) and the MBRP alternative in which we allow the maintenance
blocks to be different for different components.

3.5 Heuristic approaches for block-based maintenance policies for multiple
components

As we have seen in the previous sections, we can formulate our maintenance problem using an
LP for age-based maintenance and MIP for (modified) block-based maintenance. The age-based
maintenance policies for multiple components are difficult for practitioners, since the decision
whether or not to maintain a component depends on the ages of all components and can change
if a failure occurs. The block-based methods are very time-consuming when we optimise for more
than 2 components, but convenient for maintenance teams. In this section we come up with three
heuristic approaches for the block-based maintenance. In Section 3.5.1 we introduce an approach
to schedule the maintenance in a sequential manner. We simply schedule the maintenance for the
components one after the other. In Sections 3.5.2 and 3.5.3 we show how we can use a genetic
and memetic algorithm to find (close to) optimal policies.
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3.5.1 Sequential optimisation

In many applications sequential optimisation can be used to come up with a sub-optimal policy.
For wind turbine maintenance we can first schedule one of the components, then the next one
and proceed until all components are scheduled. Each component can be scheduled with minimal
costs, given the earlier scheduled component. This heuristic approach is fast, but does not give a
global optimum.

In this heuristic we first schedule the maintenance for one of the components, using formu-
lation (22). Next we schedule a new component given the policy that we have for the other
component. We simply set the set-up costs to zero for periods in which maintenance is done
already. Due to these lower cost coefficients, it will be more likely that we schedule during these
cheaper periods and that we save set-up costs. We proceed till all components are scheduled.
For each component we then thus solve an MIP with Nm binary decision variables. m is the
number of years considered and NN is the number of time periods in a year that follows from
the discretisation. We still have to decide in which order we optimise the components and we
consider three possible ordering criteria.

(SF) Schedule the item with largest frequency first.
(SR) Schedule the item with smallest frequency first.
(SC) Schedule the most expensive item first.

To determine the sequence of optimisation we thus have to find the optimal maintenance interval
for each item individually. We are free to choose whether or not to include set-up costs, but
this can influence the sequence and therefore the end result. Since there are typically a lot of
components in a wind park, the set-up costs are typically divided over a lot of components and
we do not include them in making the sequence.

In the model we assume that we save set-up costs when two or more components are maintained
in a period, except if all component are maintained correctively. If more than one component fails
in the period of preventive maintenance, we do however save the set-up costs in this computation.
We thus underestimate the cost in this calculation. This can be adjusted by adding the long-run
fraction of time that this happens multiplied by the set-up costs. Since the deterioration processes
of all components are assumed to be independent we can use the long-run fractions of each
component. The resulting sequential optimisation is summarised in Algorithm 1.

Algorithm 1 (Sequential optimisation).
Step 0. Schedule all items individually, using MIP formulation (22).
Step 1. List the components according to the ordering criterion.

Step 2. Schedule the first component from the list, using MIP formulation (22). Remowve the
component from the list and update the costs. If there are still components to be scheduled
go to Step 3. Otherwise we are finished.

Step 3. Set the set-up costs to zero for periods at which preventive maintenance is scheduled,
implement this in the MIP formulation for the other components and go to Step 2.

All three methods will be implemented using CPLEX 12.8.0 in Java and results will be presented
in Section 4. We compare the costs with the costs of the optimal age-based and block-based
maintenance policies for 2 components. For more components we will only use the heuristic and
compare the results of the three different possibilities. We can also compare the results with the
genetic and memetic algorithm that are explained in the next two sections.
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3.5.2 Genetic algorithm with local search

Genetic algorithms (GA) are metaheuristics inspired by nature, where good individuals (in our
algorithm solutions) are combined to create new individuals. In a genetic algorithm we represent
solutions by chromosomes and we generate new chromosomes from these chromosomes. Lower
cost solutions correspond to fitter individuals, which are more likely to survive and recombine for
the next generation. Using these principles we wish to have a pool of a lot of low cost solutions
after some generations, potentially with the optimal solution.

In our problem we define the chromosome to be a binary vector of genes of length [ = Nm. N is
the number of time periods in a year and m the number of years after which the policy repeats
itself, recall equation (23). Every gene corresponds to a time period and genes can have value 1
and 0 only. Every 1 indicates a maintenance opportunity and every 0 indicates that we are not
allowed to perform preventive maintenance for the corresponding time period. For a chromosome
z € {0,1} we have that

{1, if we have an opportunity of maintaining preventively in period %, (49)
Zig =

0, else.

Using the MIP formulation (22) we can schedule the preventive maintenance for each component
individually. We simply add the constraint y;, = 0 for all 7y with z;, = 0 and solve. This prevents
components from being scheduled on those zeros. For each component we thus solve the MIP
with Zi}:l zZw binary variables, which is relatively fast.

Let ¢ denote the maintenance costs of component k, where we ignore the set-up costs. The total
amount of set-up costs that is paid equals ¢, Zéozl zi, and the resulting costs of this chromosome
z is simply the sum of the set-up costs and the individual maintenance costs of the K components.

K !
c(z) = Z ck + Cs Z Ziy + €(2), (50)
c=1

i0=1

where e(z) corresponds to a slight underestimation of the costs. The set-up costs are always
paid once if preventive maintenance is planned. If more components however fail in the same
time period, we do have to pay the set-up costs multiple times. Components breaking down at
the same time does not happen often in our model, since components fail independently with
low probabilities. Let by (ig) denote the failure probability of component & in period iy. For two
components we have:

Cs

e(z) = o 2iob1(70)b2(i0),
i0€Lo
=237 2y (1= b100)(1 = ba(i0)) — 1+ ba(io) + ba(io))
10€Ly

We might expect that for the three component model we can simply replace by (ig)b2(ig) by
b1 (i0)b2(i0) + b1 (io)bs(io) + ba(i0)bs(ip). Then we however make an overestimation of the cost.
We namely add the set-up costs three times extra for the case in which all three components fail
and we should have only added two. For three components we obtain the following.

e(z) = % > 2y (b1(io)ba(io) + b (io)bs(io) + ba(io)bs(io) — bu(io)ba(io)bs(in)) ,
i0€ZLp
= 257 2y (1 ba(i0)) (1 — baio))(1 — bs(in)) — 1+ b (io) + ba(io) + bs(io)) -
10E€ZLo
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Using induction we can show that for a general setting with & components we obtain the following.

e(=) = = 3z (1= bulio)) -+~ (L= bi(io)) = 1+ biio) + -+ bulio)) . (51)

10€ZLy

For a chromosome a larger fitness means a larger probability of surviving and being a parent for
the next generation and the function that we will use is f(z) = ﬁ Lower cost solutions then
have larger fitness and a larger probability of surviving. There are several ways to choose the
parents and we will simply pick the fittest a. We determine a, such that we have enough variety,
but computation time is not too large.

To create a chromosome from two parent chromosomes, we use cross-over. We randomly
choose a period w € {1,2,---,1} with equal probabilities. The new chromosomes have the genes
of one parent for the first w periods and the genes of the second parent for other periods. Below
we give an example of two possible cross-overs from two parents.

Parent 1: 00111 ---0
Parent 2: 10010 ---0
Child 1: 00110 ---0
Child 2: 10011 ---0

After the cross-over, mutation takes place. For each gene the probability of mutation is the
same and we denote this probability by p. Below we show the possible chromosomes of the two
children after mutation.

Child 1: 00110 ---0
Child 2: 00111 ---0

There has only been a mutation in the first gene of child 2. We do this for many combinations
and can compute the fitness for each child. The strongest n are selected for the creation of the
next generation and this procedure is repeated, until a stopping criterion is met. We will stop
the procedure if there is no change in the best objective value for k iterations in a row (we choose
k = 3). The starting population depends on the cost and distribution parameters and we will
explain this in Section 3.5.4.

Given a finite number of iterations, the genetic algorithm does not always find the optimal
solution. A local search at the end of the procedure increases the probability of finding an
optimal solution. We perform this local search on the 10 best solutions. In this local search we
evaluate the fitness for each neighbour of these 10 chromosomes. We define the set of neighbours
of a chromosome z to be the following:

N, ={:Vie{l,--- I} with z; =13 j € {1,--- 1} with |(i — j) mod | < 1}.

The neighbours of a chromosome z that has [ = 52, z,, = 1 for period w = 1 and period w = 30
and are then all the chromosomes that have z,, = 1 for period w = 52, w = 1 or w = 2 and
period w = 29, w = 30 or w = 31. This thus gives 9 neighbours in total. A chromosome has
3* neighbours, where k is the number of 1’s in the chromosome (as long as a chromosome does
not have two maintenance opportunities in two successive periods). Note that solutions that do
have two maintenance opportunities in successive periods typically have low fitness so these will
not occur in the population very often. If k£ > 3 we do not consider all neighbours, since this
would become computationally very intensive. We only consider the neighbours for which only
one gene or all genes are shifted by one period.

We summarise the procedure in Algorithm 2.
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Algorithm 2 (Genetic algorithm).

Step 0. Determine the starting parents and compute the fitness of every individual.
Step 1. Use the cross-over and mutation to create the A — a children.

Step 2. Add the children to the population and determine their fitness.

Step 3. Select the a fittest individuals to be the parents and go to Step 1. (Go to Step 4 if there
is mo improvement in fitness for k iterations.)

Step 4. Determine the neighbours of the ten fittest individuals and compute their fitness.

We will show the results of the algorithm in Section 4 and compare to the results from Section
3.5.1.

3.5.3 Memetic algorithm

To improve the solutions obtained from the genetic algorithm or to speed up computation time
we introduce a memetic algorithm (MA). This memetic algorithm is a genetic algorithm, where
we use the local search step in each iteration of the algorithm instead of at the end only. In this
local search we evaluate the fitness for each neighbour of the ten fittest chromosomes.

Algorithm 3 summarises the procedure for the memetic algorithm.

Algorithm 3 (Memetic algorithm).

Step 0. Determine the starting parents and compute the fitness of every individual.
Step 1. Use the cross-over and mutation to create the A — a children.

Step 2. Add the children to the population and determine their fitness.

Step 3. Select the fittest p children and compute the fitness of their neighbours. For these p
fittest childs add the fittest neighbour to the population.

Step 4. Select the a fittest individuals to be the parents and go to step 1. (Stop if there is no
improvement in fitness for k iterations.)

We will show the results of the algorithm in Section 4 and compare to the results from Sections
3.5.1 and Section 3.5.2.

3.5.4 Parameter choices in memetic and genetic algorithm

In the MA and GA there are many parameters that we can tune. We choose the mutation rate
to be %, such that the probability of a mutation in a chromosome is approximately 10%. The
population size A = min{300, 4a} in which a equals the number of parents. a is set to be equal
to the number of starting parents. The starting parents depend on the problem.

To determine the starting population, we first compute the optimal maintenance times for
all single components with and without set-up costs under constant costs. Let t~ and tT denote
the minimum and maximum of these maintenance times. Consider the problem in which we have
[ genes. Then the starting population are the solutions with s~ = max{1, L#J} till sT = (tiﬂ
maintenance opportunities, where the opportunities are equally spaced. In Example 6 this is
illustrated.
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Example 6 (Starting population). Suppose that we have four components for which we wish to
determine the starting population of the MA and GA with N = 12 months and m = 4. Suppose
we have the following optimal individual maintenance times for the components.

Table 1: Optimal maintenance time T* for A = 0.

Component | Without set-up costs With set-up costs
1 29 36
2 59 82
3 20 25
4 32 45

Then | = Nm = 48 and we have s~ = max{1, |35]|} = 1 and s™ = [$3] = 3. The starting

chromosomes are the 48 chromosomes with 1 maintenance opportunity, the 24 chromosomes

with 2 maintenance opportunities every 24 months, and the 16 chromosomes with 8 maintenance

opportunities every 16 months. The total starting population consists of a = 88 individuals and
0.

the total population after each iterations is then A = 300. The mutation rate is p = 4—§ = 0.0021.

3.6 Heuristic approaches for modified block-based maintenance policies for
multiple components

In the heuristics we discuss above we optimise for single components given that we know the main-
tenance opportunities in specific time periods. These opportunities correspond to the 1 genes in
the MA and GA. Determining these opportunities is the difficult part, which is solved by evolution.

We could try a similar approach for the MBRP, but encounter a problem. If neither com-
ponent is maintained, since the critical age is not reached, we still pay the set-up costs in our cost
computation. We thus need to subtract the long-run fraction of time this happens multiplied by
the set-up costs, otherwise we overestimate the costs under this policy. The problem is that this
long-run fraction of time is difficult to compute. This quantity is related to the probability that
no component needs maintenance. The individual Markov chains are correlated, so we cannot
simply use the individual probabilities to compute the probability of no maintenance. As a result
the approach in which we split computing the set-up costs and all the individual maintenance
costs does not work. It might be interesting to consider such a method and accept that we make
a mistake in the cost computation or use a correlation parameter, that estimates the dependence
between failures of different components. Using simulations we could then compute the costs
under the MBRP.

Another approach that we could use is scheduling the moments of maintenance using the
MA and GA for the BRP. In the results for one and two components we see that the maintenance
moments for the optimal BRP and MBRP often coincide, see Section 4. Using the preventive
maintenance moments of the optimal BRP could be a good starting step for a MBRP heuristic.
After this we can determine the minimal ages after which we perform maintenance. We could
for example take this age to be half the block time for all blocks. A simulation can be used to
approximate the long-run costs of this resulting MBRP.
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4 Results

In this section we present the results of the introduced ARP, BRP and MBRP for time-varying
costs. Since we want to make general statements on the performance of the model, we compute
the policies and associated costs for many different cost functions. In Section 4.1 we show
the results for some single component systems. In Section 4.2 we show the results for some
multi-component systems. We also compare the performance of the heuristics with the exact
results in the two component setting. At last in Section 4.3 we apply our model to an offshore
wind park setting with 10 9.5 MW turbines. In each scenario we compare to the costs of the
ARP, BRP and MBRP obtained under the assumption that costs are constant.

4.1 Single component results

In this section we show results of the optimal policies for some single component system. We
show the improvement that we make with respect to the standard ARP, BRP and MBRP in
our model. In this comparison we compute the percentage cost savings for each policy and for
different A. The ARPs are compared to the standard ARP from the literature. Similarly the
BRPs and MBRPs are compared to the standard BRP and standard MBRP from the literature.
To be able to make more general statements on the performance of our model, we first show the
results for different cost functions and constant lifetime distributions in Section 4.1.1. In Section
4.1.2 we also vary the lifetime distribution parameters for different cost functions. Some special
cost function are considered in Section 4.1.3.

4.1.1 Comparison for different cost functions

In this section we present the results for different cost functions. We do this to get an idea for
which scenarios our model saves most costs compared to assuming that maintenance costs are
constant. We compute the costs