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Multi-objective optimisation of multifaceted maintenance strategies
for wind farms

Yikai Ma , Wenjuan Zhang and Juergen Branke

University of Warwick, Coventry, UK

ABSTRACT
This paper proposes a way to simultaneously optimise three aspects of maintenance strat-
egies for wind farms: the reliability thresholds that indicate when a component needs main-
tenance, the priority of maintenance jobs in case there are more jobs than available
maintenance teams, and the use of opportunistic maintenance. We use a multi-objective
evolutionary algorithm to simultaneously minimise the overall maintenance cost and the sys-
tem idle time. An empirical study using a complex stochastic simulation demonstrates the
benefit of such a multifaceted maintenance strategy over strategies that only consider
some aspects.
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1. Introduction

Wind energy is an essential natural resource that is
clean, renewable, and sustainable. According to
EvWind (2020), the global wind energy market
expanded 19% in 2019. As for Europe, wind satis-
fied 15% of electricity demand, and 5.1GW
(10.1GW in EU-28) of new wind farms were
installed in the first six months of 2020 (Richard,
2020). The maintenance of wind farms has attracted
significant interest in recent years, as it is respon-
sible for a large proportion of lifecycle costs.
Designing a cost-effective maintenance strategy for
wind farms is therefore an urgent need.

The maintenance definitions and classifications
vary in the literature, and in this research, we follow
the categories provided by Ren et al. (2021). There
are several maintenance types, such as failure-based
maintenance, preventive maintenance, condition-
based maintenance and predictive maintenance. For
failure based maintenance, maintenance is only car-
ried out on a failed component. The other three
types of strategies are all proactive maintenance, as
they try to maintain before failures. Preventive
maintenance usually refers to regular, routine main-
tenance, which performs maintenance activities at
fixed intervals. Condition-based maintenance (CBM)
and predictive maintenance both use sensors to col-
lect data about the system state. With CBM, main-
tenance is performed whenever the measured signals
show the target system reaches an unacceptable
level. In case of predictive maintenance,

maintenance activities are scheduled in advance
based on the analysis of the collected signals. All
maintenance strategies have their advantages and
disadvantages. For example, periodic maintenance
can help avoid failures but may lead to over-main-
taining. The initial cost of CBM and predictive
maintenance are high but can avoid unnecessary
visits. For more details of the comparison of differ-
ent types of strategy, the readers can refer to Ren
et al. (2021). In this study, we improve the prevent-
ive maintenance for wind turbines by using predic-
tions of the components’ reliability in terms of their
virtual ages. Maintenance is triggered if reliability
drops below a predetermined level. The virtual age
is assumed as input data in this study. When sensor
data becomes available, the virtual age can be pre-
dicted based on the sensor data and the mainten-
ance strategy becomes a predictive
maintenance strategy.

Each wind turbine includes several major compo-
nents, such as blade, generator, gearbox, etc.
Research indicates economic and structural depend-
encies among units in the multi-unit system.
Economic dependency means the total cost of two
maintenance activities executed jointly can be lower
than the total cost of doing them independently.
For example, the dispatching cost of a maintenance
crew and the re-start cost of the system can be
saved when such opportunistic maintenance is per-
formed. Structural dependence among units implies
that a failure in one component may affect the
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virtual age of other components in the same turbine.
This study considers both dependency types in the
simulation. Although there is no consensual defin-
ition of the opportunistic maintenance (Thomas
et al., 2008), a strategy that exploits such opportuni-
ties to reduce maintenance costs is often called an
opportunistic maintenance strategy.

In this paper, we propose to use a simulation
optimisation approach to design a maintenance pol-
icy that can then be used to make daily maintenance
decisions. It aims to minimise cost and system idle
time simultaneously and specifies three aspects of a
maintenance strategy:

� The reliability thresholds. These determine at
which predicted level of a component’s reliability
a maintenance activity is required.

� The maintenance priority. If there are more
maintenance jobs required than available main-
tenance teams, the jobs have to be prioritised,
and the jobs with lower priority will be post-
poned. Here, only the types of maintenance are
considered. Activities of the same kind are
sequenced according to their occurrence time.

� The opportunistic strategy. This determines
when a team is sent out to maintain a compo-
nent at a turbine, whether they should also carry
out maintenance at other components of
this turbine.

We call this approach a 3-dimensional (3D)
multi-objective maintenance strategy. To the best of
our knowledge, this is the first time three aspects of
a maintenance strategy and their interactions have
been considered simultaneously. We demonstrate
the benefit of the 3D maintenance strategy using a
complex stochastic simulation model of a
wind farm.

The rest of the paper is organised as follows.
Section 2 provides a brief review of related work.
Section 3 introduces the problem and describes the
model used in this research. Section 4 explains the
simulation process. Section 5 introduces the opti-
miser and reports on empirical results comparing
our method to some more straightforward
approaches. The paper concludes with a summary
and some ideas for future work.

2. Literature review

Maintenance planning of an industrial system is a
vast field. For example, De Jonge and Scarf (2020)
review over two hundred papers about wind farms’
maintenance modelling and optimisation. In this
section, we will focus on the maintenance strategy
for wind farms most closely related to our work.

Our classification distinguishes single and multi-
component turbines, the methods used to determine
maintenance needs, and the number of objectives
considered. Furthermore, we review the studies
according to the constraints considered and the
maintenance activities’ level.

A wind turbine can be considered as a multi-unit
system with dependencies. There are structural, sto-
chastic, economic and resource dependencies
(Rinaldi et al., 2021). Economic dependence and
structural dependence are considered more often as
they may be exploited by opportunistic maintenance
activities (C. Zhang et al., 2019; Papadopoulos et al.,
2021). For an example considering stochastic
dependencies, see e.g. N. Zhang et al. (2020).

To determine when maintenance should be per-
formed, as mentioned in Section 1, there are mainly
four types of maintenance strategies. Failure-based
maintenance has a low initial cost but cannot pre-
vent failures and may lead to lower system availabil-
ity. The main task of preventive maintenance is to
determine the time interval between maintenance
activities. For example, Carlos et al. (2013) take
planned intervals between maintenance as the deci-
sion variable to schedule maintenance activities.
When CBM is applied, real-time monitoring data
will be collected from condition monitoring systems
to detect failures. Most previous studies that apply
CBM assume the monitoring systems will correctly
detect all the corresponding assets’ faults. Few schol-
ars consider false alarms and the sensor detection
rates (May & McMillan, 2013). For more studies
about the application of CBM to wind farms, we
refer the reader to Kang et al. (2019). Predictive
maintenance is a more advanced maintenance strat-
egy that uses a digital twin of a physical system to
predict likely failures and schedule maintenance
activities to avert the predicted failures (Canizo
et al., 2017; Jiang et al., 2020; Sivalingam
et al., 2018).

For a wind farm’s maintenance policy, the most
critical objectives are minimising cost and maximis-
ing energy production. Some papers consider the
trade-off between these multiple objectives and use
optimisation tools to find the best solutions. For
example, Zhong et al. (2018) and Rinaldi et al.
(2020) both apply a multi-objective evolutionary
algorithm to maximise the system reliability and
minimise maintenance cost for offshore wind farms.
Ge et al. (2020) use a mixed-integer linear program-
ming model for maintenance schedules that can
maximise power generation and minimise the main-
tenance cost. Allal et al. (2021) propose a simula-
tion-optimisation approach for the maintenance
routine for offshore wind farms. It applies Ant
Colony System to minimise the cost of the
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maintenance route while maximising energy produc-
tion. Some papers consider multiple objectives but
transform them into a single objective through lin-
ear combination, such as Carlos et al. (2013) and C.
Zhang et al. (2019), or they only consider one of the
objectives. For example, Nguyen and Chou (2019)
propose an approach that can provide a mainten-
ance schedule for offshore farms that can minimise
maintenance costs while the study of Stock-Williams
and Swamy (2019) aims to minimise energy loss.

In reality, some additional constraints can influ-
ence the maintenance activities of wind farms. A
large number of previous studies considered limited
maintenance teams (Abdollahzadeh et al., 2016).
Yang, Li, et al. (2020) and Yang et al. (2020) con-
sider the influence of the wind condition when
scheduling maintenance of wind farms. Some stud-
ies, such as Zahedi-Hosseini et al. (2018) and Zhang
et al. (2019), consider the inventory of spare parts.
Some other scholars focus on the vehicles used, e.g.
Stock-Williams and Swamy (2019) and Irawan et al.
(2021) consider the routing and scheduling of a
maintenance fleet for offshore wind farms.

The maintenance level is another critical issue to
be decided by a decision-maker. Maintenance activ-
ities can be classified into perfect maintenance
(replacement) which bring the component back to
an as-good-as-new condition, and imperfect main-
tenance (repair) which will bring the component
back to a better than before condition. For example,
Wang et al. (2020) take two-level maintenance into
account. Some other studies, such as Zhou and Yin
(2019) and Yang, Li, et al. (2020), only consider a
single level of maintenance by assuming all actions
are replacements.

Among all papers reviewed, the one most similar
to our research is Abdollahzadeh et al. (2016). We
both apply reliability thresholds to determine the
maintenance activities and consider opportunistic

maintenance activities. However, Abdollahzadeh
et al. (2016) only consider the reliability thresholds
as decision variables.

Our research focuses on three types of decision
variables to determine the maintenance strategy:
through three sub-strategies. First, we model each
component’s degradation process and use its pre-
dicted reliability to determine when maintenance is
triggered. This type of variable determines the reli-
ability strategy and focuses on the health condition
of a single component. Secondly, we apply an
opportunistic maintenance strategy to decide which
activity should be considered as an opportunistic
maintenance activity. This sub-strategy treats the
wind turbine as a whole and considers the depend-
encies among components. Thirdly, we use a prior-
ity rule to schedule maintenance teams. This sub-
strategy considers the resource limitation and the
priority of different maintenance types. Some previ-
ous studies consider one or two aspects, such as the
reliability strategy with the opportunistic mainten-
ance. However, to the best of our knowledge, none
considers all three aspects as we do in this research.
The advantage of considering all three sub-strategies
simultaneously will be demonstrated in Section 5.

3. Problem definition, model description and
optimisation model

3.1. Problem definition

There are several components in a wind turbine,
such as the gearbox, the generator, the rotor, and
the pitch system. Whether a component is regarded
critical depends on its failure rate and the time
needed for repair. Reder et al. (2016) provide typical
failure rates and downtime for different components
in different types of wind turbines. Figure 1 summa-
rises the normalised failure rate and downtime for
components in a turbine. Based on this, we select

Figure 1. The failure rates and downtime for components in a turbine (Source: Reder et al. (2016)).
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six critical components: the gearbox, the control sys-
tem, the blade, the generator, the pitch system, and
the yaw system.

In this research, we use Weibull distributions to
model the time between failures. The cumulative
distribution is of the form:

FðtÞ ¼ 1�e�ðtaÞb (1)

where F(t) represents the cumulative probability of
failure from time zero until time t, and a and b are
the scale and shape parameters from the Weibull
distribution.

We assume that the failure probability is condi-
tional on the virtual age of the corresponding com-
ponent. The virtual age is not the real age of a
component, but in practice is calculated from the
cumulative operational time and collected sensor
data and represents a component’s current condi-
tion. In this study, we assume the virtual age will be
directly provided. Let us denote the virtual age of
the jth component in wind turbine i by VAij. After
each maintenance, the failure distribution of a com-
ponent can be calculated through the failure prob-
ability distribution function conditioned on the
current virtual age VAij.

Different types of components have different
Weibull parameters. For example, Weibull parame-
ters for jth component in wind turbine i is aij and
bij. The corresponding failure probability of the
component with current virtual age VAij is shown
in Eq. (2), and is in the range ½0, 1�:

FðT þ VAijjVAijÞ ¼
FðT þ VAijÞ�FðVAijÞ

1� FðVAijÞ

¼ 1� exp

��
VAij

aij

�bij

�
�
T þ VAij

aij

�bij
�

(2)

We define the reliability of a component as the
probability that the component will survive for one
more year (i.e. T¼ 365). Thus the reliability RðVAijÞ
of a component with virtual age VAij equals 1
minus the probability that it will fail in the next T
days.

RðVAijÞ ¼ 1�FðT þ VAijjVAijÞ

¼ exp
VAij

aij

 !bij

� T þ VAij

aij

 !bij
2
4

3
5, 0 � R � 1

(3)

To simulate the actual failure times, we can use the
Inverse Transform technique (Banks et al., 2005).
Eq.(4) can be used to determine the time to failure
(TTF), i.e. how long it will take for a failure to
occur if the current virtual age is VAij.

TTFij ¼ aij
VAij

aij

 !bij

� ln ð1� UÞ
2
4

3
5

1
bij

�VAij (4)

where U is a random variable which is uniformly
distributed between ð0, 1�:

3.2. Model description

As shown in Figure 2, in this research, the mainten-
ance strategy is three-dimensional, i.e. comprised of
three sub-strategies: priority rule, opportunistic
maintenance strategy, and reliability strategy.

Reliability thresholds are applied to determine
maintenance activities. Each component type has
two reliability thresholds RI and RP (RI > RP). RI is
the reliability threshold for imperfect maintenance
(repair), and the RP is the reliability threshold for
perfect maintenance (replacement). An example in
Figure 3 shows how reliability of a component
decreases over time. Imperfect maintenance will be
triggered when the reliability decreases below RI. If
no timely repair is performed, the reliability will
eventually decrease to RP, and the target component
will be replaced. Note that unpredicted failure can
occur at any time during a component’s lifetime.

When a failure occurs, the component must
be replaced.

We apply the Generalised Renewal Process (GRP)
proposed in Yanez et al. (2002) to model the restor-
ation effect of maintenance. A decrease in the vir-
tual age represents the efficiency of maintenance
work. A rejuvenation parameter q is applied to rep-
resent the effect of the maintenance activity. After a
maintenance action on a component ij, the new vir-
tual age will be:

VAnew
ij ¼ VAold

ij ð1�qijÞ (5)

The value of q 2 ð0, 1� depends on the type of
component and the type of maintenance activity.

This research considers a limited number of
maintenance teams. Whenever a maintenance team
becomes available and several activities are due, the
priority rule will determine which activity will be
performed first. Table 1 shows the six priority rules
considered, which only take into account mainten-
ance types. For example, when applying priority rule
1, we will first perform the activity that replaces a
failed component. If there is no failed component,
we will perform a preventive replacement activity. If
none of the above two activities is due, preventive

Figure 2. The elements of the maintenance strategy.
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repair work will be performed. For the same type of
activity, we will prioritise according to the occur-
rence time.

The maintenance opportunity is initiated by a
maintenance team already dispatched to a turbine.
By utilising this type of opportunity, the cost of re-
dispatch and system restart can be saved. Table 2
shows the three opportunistic strategies considered
in this research. The classification used here has
been introduced by Li et al. (2021).

When constructing the wind farm’s maintenance
policy, a trade-off exists between improving tur-
bines’ availability and reducing overall maintenance
cost. The cost includes all expenses, such as main-
tenance, dispatching, and penalty cost of failures.
When the system is under repair or failed, then it
can’t produce any energy. The downtime cost can
be included in the total cost. However, when deter-
mining the objectives of maintenance strategies, we
need to consider the interests from different stake-
holders. For example, Schrotenboer et al. (2020)
mention the misaligned objectives between the
maintenance providers and wind farm owners.
Some stakeholders may also consider reputation,
user satisfaction, CO2 emission, and other risk-
related problems. The idle time of a wind farm
could be a good representation to reflect such
requirements. Thus, in this research, we consider
the trade-off between the overall maintenance cost
and system idle time.

The general mathematical formulation of this
problem is as follows:

Minimise Total Cost ðX,Y ,ZÞ
Minimise Idle Time ðX,Y ,ZÞ (6)

Subject to

0 < RPi, j < RIi, j < 1

8i ¼ 1, 2, :::,M, 8j ¼ 1, 2, :::, k
(7)

X, Y, and Z represent the priority rule, the oppor-
tunistic strategy, and the reliability strategy. The
form of Z is shown in Eq. (8). Each row of Z repre-
sents the RI and RP of each turbine. For example,
the Mth row shows the reliability thresholds for
components in turbine M, and RIM, k is the reliabil-
ity of imperfect maintenance for component k in
turbine M.

Z ¼

RI1, 1 RP1, 1 � � � RI1, k RP1, k
RI2, 1 RP2, 1 � � � RI2, k RP2, k

..

. ..
. ..

. . .
. ..

. ..
.

RIM, 1 RPM, 1 � � � RIM, k RPM, k

2
666664

3
777775
(8)

3.3. Optimisation method and
performance assessment

If a problem has multiple conflicting objectives, we
need to find a Pareto set comprised of several non-
dominated or Pareto-optimal solutions, i.e. solutions
that cannot be improved in both objectives simul-
taneously. In this research, we use two well known
multi-objective evolutionary algorithms (EAs), Non-
dominated Sorting Genetic Algorithm II (NSGA-II)

Figure 3. The deterioration process of a component.

Table 1. Priority rules.
Priority Rule

1 Failure> Replace> Repair 2 Replace> Failure> Repair
3 Replace> Repair> Failure 4 Repair> Replace> Failure
5 Failure> Repair> Replace 6 Repair> Failure> Replace

JOURNAL OF THE OPERATIONAL RESEARCH SOCIETY 5



(Deb et al., 2002) and Indicator-Based Evolutionary
Algorithm (IBEA) with additive �-indicator (Zitzler
& K€unzli, 2004) as implemented in the MATLAB
platform PlatEMO (Tian et al., 2017), for the simu-
lation-based optimisation.

To compare the quality of the results of multi-
objective optimisation, we use the hypervolume
indicator. The hypervolume indicator is defined as
the size of the region bounded by the Pareto opti-
mal solutions and a reference point (Zitzler &
Thiele, 1999). Larger values of hypervolume gener-
ally mean a better Pareto front. For visually compar-
ing the Pareto optimal results from different
optimisation approaches, we combine results from
multiple runs and compute the best, and the median
attainment surfaces (Fonseca & Fleming, 1996).

4. Simulation process

In this research, a discrete event simulation model
is used to simulate the maintenance activity of a
wind farm. Figure 4 shows the activity cycles. A
wind turbine can either be working or idle due to
failure or maintenance work. A maintenance team
can either be idle, dispatched, or working.

Figure 5 represents the activity cycles of the
maintenance process of a wind farm. Three lists are
used to record the state of the system and upcoming
events (Table 3). The event list contains future
events with a time stamp. In each iteration, the
clock is advanced to the earliest event in this list,
and the event is processed. The waiting list is used
to record maintenance jobs waiting for an available
maintenance team, and the frozen list stores events
and jobs that have been put on hold because the
failure of another component in the same turbine
has taken precedence. The ‘RS’, ‘OMS’, and ‘PR’ in
circles represent ‘Reliability Strategy’, ‘Opportunistic
Maintenance Strategy’, and ‘Priority Rule’, which are
configuration parameters in the simulation. The

maintenance teams respond to maintenance jobs
generated because a component reached its main-
tenance threshold specified in the Reliability
Strategy or failed. They will use the Priority Rule to
decide which job to do next if several jobs are wait-
ing. And once they arrive at a turbine for mainten-
ance, they use the Opportunistic Maintenance
Strategy to decide on the components to be main-
tained for this turbine.

Note that it may happen that when a repair activ-
ity is performed too late, the new reliability after the
repair is still lower than the corresponding RI
threshold. When this happens, we have
three options:

Option 1 (Never check):. If, after repair work, the
new reliability is still lower than RI, we record the
next repair activity immediately into the Waiting
List. And when there are available maintenance
teams, the team will refer to the priority rule and
determine when to execute the next repair;

Option 2 (Check after): Each time after repair
work, the team will check the new reliability. If the
new reliability is lower than the corresponding RI
value, the team will not perform any additional
repair work and will wait until the reliability
decreases to RP or a failure occurs;

Option 3 (Check before): Each time before repair
work, the team will calculate the reliability after
repair. If the predicted new reliability is lower than
RI, they will skip that repair work and wait until
the next replacement is due or a failure occurs.

5. Empirical evaluation

5.1. Data used in this experiment

We set the Weibull parameters following previous
publications (Abdollahzadeh et al., 2016; Le &
Andrews, 2016). As there are several types of

Table 2. Opportunistic maintenance strategy.
Opportunistic maintenance strategy

1 Each time when a maintenance work is carried out on a component, the team should also perform both repair and replacement work for the
components in the same turbine with reliability lower than the corresponding thresholds.

2 Each time when a maintenance work is carried out on a component, the team should also perform replacement for the components in the same
turbine with reliability lower than the corresponding thresholds.

3 There is no opportunistic maintenance work. The team will only perform the maintenance work on the target component.

Figure 4. The activity cycles.
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components in a wind turbine, and each of them
has different characteristics. Different Weibull par-
ameter values are applied to model the time between
failures for different types of component. Table 4
shows the parameters used in this study.

The system’s idle time is simply the sum of time
for all turbines when the turbine is unavailable due
to failure or maintenance. The maintenance time is
assumed to be stochastic and follow a truncated
Normal distribution with means as provided in
Table 5 and a standard deviation of 0.1 times the
corresponding mean value. The cost information is
also provided in Table 5, obtained from previous lit-
erature (Kang et al., 2020; Le & Andrews, 2016).

Besides the cost for actual maintenance, the total
cost also includes the cost of dispatching mainten-
ance teams, the cost of restarting the system, and a
penalty cost of failure. As there are interrelation-
ships among the components in a turbine, the

failure of one component may influence the deteri-
oration process of other components in that turbine.
This influence can be expressed by a faster deterior-
ation or a sudden failure of other components.
Here, as a simplified first step, the side effect is rep-
resented by a fixed increase in the virtual age
(10 days) of other components in this turbine.

A maintenance work’s effectiveness is modelled
by a decrease in the virtual age. After imperfect
repair work, the virtual age of the component is
decreased by q� 100%. The value of q is considered
fixed and depends on the type of component, see
Table 6.

Figure 5. The simulation process of maintenance.

Table 3. Explanation of the lists used in the simulation process.
Explanation of Lists

EventList All upcoming events for all components in the working turbines as well as the events that the
teams are currently working on will be recorded in the Event List

Waiting List Repair or replacement activities that are postponed due to insufficient maintenance team
availability

Frozen List The Frozen List can be divided into Frozen Event List and Frozen Waiting List
Frozen Event List The events for working components in the failed turbines that are still in the Event List will be

extracted to the Frozen Event List when the corresponding turbines fails
Frozen Waiting List The events for the working components in the failed turbines that are recorded in the Waiting List

will be extracted to the Frozen Waiting List when the corresponding turbines fail

Table 4. Model input parameters - Weibull scale and
shape parameters.

Component
Weibull scale

parameter (days)
Weibull shape
parameter

Gearbox 2400 3
Control system 1750 2
Blade 3000 2
Generator 2400 3
Pitch system 1500 2
Yaw system 1800 3

Table 5. Model input parameters - maintenance cost and
time information.

WT component
Maintenance
description Cost (£)

Mean
Time (days)

Gearbox Repair 25,000 0.9
Replace 230,000 9.65

Control system Repair 1,500 0.3
Replace 95,000 7

Blade Repair 1,500 1.5
Replace 90,000 12.5

Generator Repair 3,500 0.9
Replace 60,000 4.5

Pitch system Repair 5,300 1
Replace 13,500 3.375

Yaw system Repair 1,900 0.8
Replace 14,000 6.25
Penalty cost of failure 50,000
Dispatching a team 5,000 0.2
Restart the system 5,000

JOURNAL OF THE OPERATIONAL RESEARCH SOCIETY 7



Using the parameters introduced above, we
experiment with a wind farm consisting of 90 wind
turbines of equal characteristics with 6 critical com-
ponents connected in series. Each component has a
random initial virtual age, and all components are
assumed to be in working condition at the start.
There are 3 maintenance teams available. The max-
imum simulation time is 15 years (5475 days). For
the NSGA-II and IBEA, the number of individuals
in each generation (iteration) is set as 100, and the
maximum generation number is 100.

All results reported in the next section are aver-
aged over 11 replications with different ran-
dom seeds.

5.2. Results and discussion

First, we use NSGA-II and IBEA with Option 2
(check after) and Option 3 (check before) to find
out whether there are significant differences in the
final results from the two meta-heuristics and the
two options. Option 1 (Never check) is not selected,
as in reality, continuous maintenance is
not meaningful.

Figure 6 shows the best and median attainment
surfaces. Generally, for both the best and the
median attainment surfaces, the performance of
IBEA is better than NSGA-II as the corresponding
lines are closer to the bottom left corner, which rep-
resents lower cost and lower system idle time.
Figure 7 shows values of hypervolume (HV) of
Option 2 (check after) and Option 3 (check before)
with NSGA-II and IBEA in each generation, respect-
ively. Here, the reference point is set as ð90, 5%Þ: As
mentioned before, larger HV values mean a better
Pareto front. From Figure 7 for most generations of
Option 2 (check after) and Option 3 (check before),
the HV value of IBEA is larger than the one of
NSGA-II. Thus the performance of IBEA is better
than NSGA-II.

When comparing Option 2 (check after) and
Option 3 (check before), it is not clear which one is
better. As shown in Figure 6, best attainment surfa-
ces for Option 2 and Option 3 intersect, as well as
the median attainment surfaces for Option 2 and 3.
If we want lower system idle time, we should choose
Option 2 (check after). If we want lower cost, we
would select Option 3 (check before). Option 2
(check after) performs more frequent repairs than
Option 3 (check before). This can help avoid fail-
ures, which can potentially reduce system downtime
but may lead to higher costs.

When we look into the details of the correspond-
ing optimal maintenance strategies, Option 2 (check
after) and Option 3 (check before) are similar but
still have several differences. All Pareto optimal

Table 6. The default values of maintenance effectiveness q.
Critical Component Maintenance effectiveness q

Gearbox 0.2
Control System 0.15
Blade 0.25
Generator 0.15
Pitch System 0.25
Yaw System 0.2

Figure 6. The Best and Median Attainment Surfaces.
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results from Option 2 (check after) are from
Opportunistic Strategy 2 (only take replacement as
the opportunistic maintenance activity) and either
Priority Rule 5 (Failure>Repair>Replace) or 6
(Repair> Failure>Replace).

The Pareto optimal solutions from Option 3 (check
before) come from Opportunistic Strategy 3 (no
opportunistic maintenance) in addition to
Opportunistic Strategy 2. While again a large propor-
tion of optimal solutions use Priority Rule 5
(Failure>Repair>Replace) or 6 (Repair> Failure>
Replace), there are still some optimal solutions using
Priority Rule 1 (Failure>Replace>Repair). Based on
the Pareto optimal solutions, it seems Opportunistic
Strategy 1 (take both repair and replacement as the
opportunistic maintenance activity) is not a wise deci-
sion, and giving Replace priority is not a good idea.
This may be because the number of maintenance
teams is limited. In times of many maintenance
requests, it is better to prioritise the repairs rather than
conducting replacements.

To further understand the impact of the availabil-
ity of maintenance teams, we select several obtained
Pareto optimal strategies and track the percentage of
delayed maintenance for each activity type. A main-
tenance delay occurs if there is no immediately
available maintenance team. The delayed percentage
is calculated as:

Delayed Percentage

¼ 1� timely performed maintenance activities
all requested maintenance activities

:

(9)

As shown in Table 7, the delayed percentages are
pretty high in all scenarios, which shows the limited
availability of maintenance teams has a significant
influence. On the other hand, having a maintenance
team on standby all the time would be costly.

Comparing the results of Option 2 (check after)
and Option 3 (check before), there is no substantial
difference. Priority Rule 5 seems to have a substan-
tially higher delayed percentage of preventive repair
than Priority Rule 6. This difference may be because
the Priory Rule 6 favours preventive repair over the
other two maintenance types. Similarly, Priority
Rule 5 favours corrective replacement and has a
relatively lower delayed percentage. Although both
priority rules put it at the last position, the delayed
percentage when applying Priority Rule 5 is signifi-
cantly higher for preventive replacement. This may
be because more time-consuming corrective replace-
ment is performed on time when using Priority
Rule 5, which leads to a delay of the preventive
replacement.

5.3. Sensitivity analysis

A sensitivity analysis is performed to identify the
influence of different values of input parameters on
the performance of the maintenance strategy
obtained from the proposed model. The mainten-
ance cost and system idle time are computed over
100 simulation replications with different ran-
dom seeds.

Figure 7. Mean HV plus/minus standard error, over generations.
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We randomly selected three Pareto optimal main-
tenance strategies obtained in Section 5.2, with the
reliability thresholds rounded to two decimals:

� Strategy 1: RI ¼ ½0:65, 0:77, 0:95, 0:93, 0:81, 0:95�,
RP ¼ ½0:36, 0:27, 0:51, 0:31, 0:49, 0:29�
Opportunistic maintenance strategy 2, priority
rule 6 applying option 2 (check after).

� Strategy 2: RI ¼ ½0:84, 0:69, 0:94, 0:92, 0:82, 0:72�,
RP ¼ ½0:31, 0:32, 0:57, 0:26, 0:25, 0:47�,
Opportunistic maintenance strategy 2, priority
rule 6 applying option 3 (check before).

� Strategy 3: RI ¼ ½0:62, 0:61, 0:82, 0:90, 0:77, 0:72�,
RP ¼ ½0:31, 0:34, 0:57, 0:26, 0:55, 0:59�,
Opportunistic maintenance strategy 3, priority
rule 5 applying option 3 (check before).

First, we check the performance of each strategy
with different side effect values of one component’s
failure on others. The default value for the increase

of VA used during optimisation was 10, and we
have tested the evolved strategies with alternative
values of 0, 20, 30, 40, and 50. All other variables
have been kept the same.

Figure 8 shows that the impact of the side effect
parameter on overall cost and system idle time are
small. As expected, increasing side effects of a com-
ponent’s failure on others slightly increases the sys-
tem idle time and overall cost. The relative ordering
of the performance of all three strategies for each
objective is also very stable with a change of the
side effect parameter, indicating that a solution
obtained with a particular parameter value would
still work well under different parameter settings.

Following this, we check the sensitivity of the
three strategies with respect to different values of
maintenance effectiveness q. 25 groups of mainten-
ance effectiveness values, each consisting of six q
values, have been randomly and independently gen-
erated in the range ½0:5 � qoriginal, 1:5 � qoriginal�:

Table 7. Percentage of delayed maintenance activities for some Pareto-optimal maintenance strategies.

Option Oppor-tunistic Priority Cost Idle Time (%)

Delayed Percentage

Preventive Repair Preventive Replace Corrective Replace

2 2 6 51.56 4.41 50.12% 67.83% 50.57%
2 6 55.61 2.75 50.06% 71.1% 51.13%
2 5 79.82 1.34 83.31% 100% 42.86%
2 5 81.26 1.08 74.87% 100% 41.74%

3 2 6 55.46 2.41 41.82% 68.38% 49.87%
3 6 62.89 1.85 42.86% 72.95% 49.56%
2 5 74.89 1.37 83.65% 100% 43.01%
3 5 82.14 1.12 75.02% 97.04% 43.46%

Figure 8. Overall Cost and system idle time with different values of the side effect parameter.
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Figure 9 shows the performance of the three strat-
egies in terms of cost and system idle time. As the box-
plots indicate, the orderings of the performance of all
three strategies are stable for both cost and system idle
time. This again means the evolved maintenance strat-
egies are robust to parameter variations or misspecifi-
cation. To further understand the variability of the
results, a two-tailed paired t-test has been performed
on the difference between strategies to test whether
there exists a statistical difference between these strat-
egies. According to Table 8, all p values are smaller
than 0.01, which means the differences between the
strategies are large enough to be statistically signifi-
cant. Furthermore, the values of the effect size are also
large, which indicates the differences are significant.

Finally, we check how these strategies perform
depending on the number of maintenance teams
(default used during optimisation was 3 teams). As
shown in Figure 10, there is a transition from relatively
low cost and high system idle time to relatively high
cost and low system idle time. This happens because
more maintenance teams will reduce the delays in
maintenance, but eventually lead to over-mainten-
ance. The relative performance of the maintenance
strategies changes if the number of maintenance teams

changes drastically. The maintenance strategy should
be re-optimised in case of a significant change in the
number of maintenance teams. Also, there exists the
possibility of jointly optimising the number of main-
tenance teams and the maintenance strategy.

In summary, the performance of maintenance
strategies is robust for stochastic values of mainten-
ance effectiveness q, and the magnitude of side
effects. If the number of maintenance teams
changes, a re-optimisation of the maintenance strat-
egy seems advisable.

5.4. Comparison with benchmark approaches

To investigate the advantages of the proposed 3D
maintenance strategy, we compare our approach
with three other strategies:

� A strategy that optimises RI and RP values but
never conducts opportunistic maintenance and
uses the simple First Come First Serve (FCFS)
priority rule.

� A strategy that also selects an appropriate oppor-
tunistic maintenance strategy but always uses the
FCFS priority rule.

Figure 9. Overall Cost and system idle time with different values of the maintenance effectiveness.

Table 8. The results of the paired t-test.
Two-tailed paired t-test H0: The mean of the paired differences equals 0 in the population

Strategy 1 - Strategy 2 Strategy 1 - Strategy 3 Strategy 2 - Strategy 3

Cost Idle Time Cost Idle Time Cost Idle Time

Mean difference 6.69 �0.95 �16.86 0.89 �23.57 1.84
SD of difference 3.05 0.52 2.59 0.41 3.69 0.44
p-value <0.01 <0.01 <0.01 <0.01 <0.01 <0.01
Effect size 2.19 1.83 6.51 2.16 6.38 4.17
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� A strategy that selects an appropriate priority
rule but doesn’t perform opportunistic
maintenance.

As shown above, the performance of the results
from IBEA outperforms the ones from NSGA-II.
Thus only IBEA is applied as the meta-heuristic
algorithm. Figure 11 shows the median attainment

surfaces of our proposed 3D maintenance strategy
and the three benchmarks. Clearly, the median
attainment surface from our proposed strategy
shows significant advantages over the other alter-
natives. When neither opportunistic maintenance
strategy nor priority rule is considered, the results
have the highest cost and the longest idle time.
Using one sub-strategy (priority rule or

Figure 10. Overall Cost and system idle time with different number of maintenance teams.

Figure 11. The comparison of the median attainment surfaces.
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opportunistic maintenance strategy) significantly
decreases the cost, and the improvement through a
priority rule seems to be larger, in terms of both
cost and idle time, than the improvement through
opportunistic maintenance (yellow Pareto front
dominates the red Pareto front). This may be
because, in this research, the priority rule’s effect
is more direct and can influence all events on the
waiting list. The opportunistic maintenance strat-
egy, on the other hand, can only impact a small
subset of events (those in the same turbine). It
also seems that without priority rule, the cost band
of the Pareto front is quite narrow, whereas no
opportunistic maintenance means a narrow idle
time band. Our proposed strategy can not only
provide better results than the simplified
approaches, but also provide solutions with a
broader range of trade-offs, giving the decision-
maker more flexibility to determine whether a

strategy with lower cost or lower system idle time
is preferable.

To better understand the sensitivity of results to
specific parameter settings, we now pick a set of 20
solutions from the Pareto front that are best with
respect to a linear combination of the two objectives:

Objective Function ¼ min ða� Total Cost þ ð1�aÞ
� Idle TimeÞ

(10)

To make the values of two objectives comparable,
the values are standardised to ½0, 1� beforehand.
Figure 12 shows the results with 20 different values
of a. Obviously, the performance of the proposed
3D strategy is still the best for all settings of a.

Figure 13 shows the performance of the corre-
sponding Pareto optimal strategies under two differ-
ent scenarios:

Figure 12. The comparison of optimal strategies when using weighted sum method.

Figure 13. Comparison of Pareto optimal strategies for randomly selected q values (top) and 5 instead of 3 maintenance
teams (bottom).
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a. different values of q, where each qnew is ran-
domly selected from ½0:5 � qoriginal, 1:5 � qoriginal�;

b. increasing the available number of maintenance
teams from 3 to 5.

As can be seen, these changes have only a minimal
effect on the relative performance of the different
maintenance strategies, demonstrating that our strat-
egy is robust against changes in these parameters.

6. Conclusion

In this paper, a maintenance strategy comprising
three sub-strategies is proposed to optimise the
maintenance activities on a wind farm, aiming to
minimise the overall cost and system idle time. The
reliability strategy determines when maintenance
work is triggered. The opportunistic maintenance
strategy determines other components of the same
turbine should be prioritised if a maintenance team
is already on site. Finally, the priority rule guides
the maintenance sequence of different activities
when limited resources need to be allocated. The
strategy considers multiple component systems, the
economic and structural dependencies among com-
ponents in the wind turbine, the priority of different
maintenance activity types, multilevel maintenance
with perfect and imperfect maintenance, the con-
straints of limited maintenance teams, and the time
used by maintenance activities. Due to the stochastic
nature of the maintenance activities, a discrete event
simulation model is applied to simulate the main-
tenance cycle. Following this, two well-known
multi-objective metaheuristics are applied to find
the optimal strategy for the two conflicting objec-
tives. The results of the comparative study show
great advantage of the proposed 3D approach over
using only two of the maintenance sub-strategies, as
it can keep the wind system at a higher performance
level with lower overall cost and higher system
availability.

The proposed maintenance strategy can be
improved in multiple directions. First, considering
the stochastic wind conditions can be the next step.
The wind speed determines the wind farm’s energy
production level and the accessibility, logistic delays
and time to repair. The proposed static strategy can
be updated to a dynamic one with dynamic sub-
strategies that change according to current wind
conditions. Through doing this, the strategy can be
more flexible and realistic. The proposed strategy
can also be updated to a dynamic one if there are
sensors to monitor the condition of the components
continuously. When sensor data becomes available,
we can use it to predict the components’ condition
continuously. The conditions can be represented by

virtual age, reliability, time to failure etc. In this
paper, we consider the maintenance strategy for
generic wind farms. There are two kinds of wind
farms, onshore and offshore wind farms. The main-
tenance for offshore wind turbines is more compli-
cated due to the harsh weather and the difficulty of
reaching locations. Faced with this fact, in the
future, we can update the proposed policy to make
it suitable for offshore wind farms by taking other
real-world factors into account, such as the main-
tenance resource and logistics constraints, different
vessels and technician competences for various
tasks, and stochastic maintenance effectiveness. In
further research, as shown in Rinaldi et al. (2020),
we could also consider using a simplified surrogate
model during optimisation to reduce the computa-
tional cost.
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