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Chapter 1

Introduction

1.1 Background

The 2021 United Nations Climate Change Conference, more commonly referred to as
COP26, has highlighted the significance and urgency of curbing greenhouse gases through
enhancing climate action. The target is to reach net-zero CO2 emissions around 2050 for
the purpose of limiting global warming to 1.5 ◦C, which is resented by the Intergovernmen-
tal Panel on Climate Change (IPCC) [132]. In order to effectively address climate crisis,
considerable effort has been devoted to developing renewable energy as a sustainable and
reliable alternative to conventional energy sources, such as wind energy, solar energy, ocean
energy, and hydrogen energy.

Over the past few decades, wind energy has grown into one of the most important re-
newable energy solutions, which can be attributed to both high wind resource availability
and high technology maturity when compared to other renewable energy sources [53]. This
indicates that wind power will play a more important role in achieving the target of net-zero
CO2 emissions. However, as pointed out in Fig. 1.1, only about 64% of the wind power
required by 2030 will be reached to stay on-track for a netzero/1.5 ◦C goal according to
the current growth rates, indicating more efforts and achievements are still required in wind
energy development.

As illustrated in Fig. 1.2 and Fig. 1.3, offshore wind energy is experiencing a notable
increase, especially in 2021. Although the total capacity of offshore wind energy is still
less than onshore wind energy now, its potential is more considerable depending on several
main decisive factors: the higher quality of the wind resource; more suitable free areas on
the sea; less influence on environment [53, 96]. In Europe, the Netherlands is one of the
leading countries in new installation of offshore wind energy. The Dutch Government has
raised the offshore wind energy target to about 21 GW around 2030 [4]. By then, offshore
wind energy is expected to supply 16% of the Netherlands’ energy needs and 75% of our
current electricity requirements.

With the significant increase in annual new installation and operational capacity of off-
shore wind power, maintaining the operation of offshore wind farms has become more vital
and challenging. The global total installation has risen to 57 GW in 2021, which is 4 times
larger than in 2016 and is 14 times larger than in 2011 [64]. Actually, according to the
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existing studies [70], the economic performance of offshore wind energy does not over-
whelm other electricity technologies and renewable energies. Many efforts are devoted to
reducing the Levelized Cost of Energy (LCOE) of the offshore wind energy to enhance its
competitiveness. In 2018, the average global LCOE for offshore wind energy is estimated
at 140 $/MWh, and this value is expected to continually decrease to about 60 $/MWh in
2040 [73]. This achievement is attributed to increase in wind turbine and plant size [149],
improvements in manufacturing, turbine design, and capacity factors, as well as reduc-
tion in Operation and Maintenance (O&M) costs [62]. O&M is a combination of general
maintenance, management, training, budgeting, and business processes that are designed to
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maintain wind turbines in a stable operating condition. Fig. 1.4 shows the breakdown of
LCOE for a typical fixed-bottom offshore wind farm operating for 25 years. Among them,
O&M constitutes the biggest share, about 30%.

1.2 Research motivation

In the near future, given that significant increase in installed capacity, more costs are ex-
pected to be invested in O&M for offshore wind farms than before. Maintenance activities
and logistics organization account for the largest portion (43%) of O&M [49]. Given the
high portion of O&M costs in LCOE, the improvement of O&M management, especially
maintenance logistics, represents a significant cost reduction opportunity and will continue
to be a primary factor in shaping the future development of the offshore wind sector.

The maintenance logistics for onshore and offshore wind farms have many differences.
Once maintenance activities of an onshore wind farm are planned, the transportation means
(e.g., trucks) transport the spare parts, technicians, tools, and hoisting equipment to the
location. Since the base and wind farm are all on land, these activities will not be much
disturbed. Compared to onshore wind farms, the marine environment where offshore wind
farms are located presents many challenges for maintenance logistics. First, the failure rates
of offshore wind turbines are obviously higher than onshore [20]. It can be explained that
harsh environmental conditions, namely typhoon, sea ice, salt-fog and humidity, lead to
more failure probability [99]. In addition, difficulties in the maintenance logistics mean
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Figure 1.4: LCOE breakdown for typical fixed-bottom offshore wind farm [64]

that the turbines cannot be effectively maintained in good operating condition. Second, the
distance to shore is expected to keep increasing and the water depth trends to be higher [41],
which generate many difficulties in maintenance logistics. Transportation costs increase
with distance, and disruptions due to weather are more obvious, especially for floating wind
turbines which are installed in deep water. Once the water depth exceeds a certain limit,
vessels, such as jack-up boats, cannot operate in this condition. The turbines need to be
pulled to shore with the help of tugs. Therefore, the offshore maintenance logistics is more
complicated and challenging, requiring more attention and research.

The research relevant to wind energy maintenance logistics has started around the end of
last century. The discussion about offshore wind farm maintenance began with a proposal
that no maintenance at all is necessary for offshore application or it may be beneficial to
perform maintenance to replace failed turbines every 5 years. Obviously, these solutions
have been proven as inadequate and unacceptable options due to the low availability of the
offshore wind farm [163]. Since then, more efforts from industry and academia have been
invested in this issue, driving maintenance logistics management to become more mature
and diverse.

In the past, the major strategies employed in wind farms are corrective and time-based
maintenance [177]. Maintenance actions are undertaken after a wind turbine failure, or at
specified dates (one or two visits per year). Maintenance actions include replacement, major
repair, and minor repair. Replacement is to replace the component with a new one and to
recover the component state to ‘as good as new’. Major repair improves the component
condition back to a state between ‘as good as new’ and ‘as bad as old’, done by replacement
of major constituent parts that have deteriorated. Minor repair cannot change the component
condition, so the component is still ‘as bad as old’. Following these maintenance strategies,
a number of maintenance logistics models and tools, both commercial and scientific, have
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been developed to improve the cost efficiency of the offshore wind farm, for example, O&M
Cost Estimator [128], and NRELS O&M cost model [125]. These tools and models are
capable of supporting the development of solutions and strategies for asset managers and
researchers [72].

In recent years, the maintenance logistics for offshore wind farms has gained benefits
from novel technologies, such as condition monitoring systems, intelligent fault diagnosis
and prognosis technologies, enabling decision-makers to know what is going on and what
will happen in the wind farm. Maintenance plan based on the condition of the components is
created in this context. Component failures can be predicted in advance and further perform
as a decision basis to trigger maintenance actions.

Meanwhile, challenges come with the urgent need to better plan maintenance logis-
tics. First, multiple dependencies existing among sub-systems in large systems are bringing
about opportunities to improve the current maintenance logistics for large-scale offshore
wind farms, which has already been agreed upon and seen as the future trend. A visual
of wind turbine system is given in Fig. 1.5. While a maintenance action is performed on
a single component, a maintenance opportunity arises where the other components in this
system can be repaired preventively, instead of repairing each component separately, which
is economic dependence. Capturing these maintenance opportunities reduces maintenance
cost and effort. Thus, it is necessary to develop a maintenance strategy based on component
condition and maintenance opportunities to reduce costs and efforts in O&M.

 

Figure 1.5: Visual of wind turbine systems [150]

Second, various types of uncertainties exist in maintenance model parameters when
determining maintenance strategies, due to the inadequacy or inaccuracy in the available
data. The existence of uncertainties is very likely to affect the maintenance performance
and consequently leads to an unsuitable maintenance strategy. It is important to identify
these uncertainties and quantify their influence. Furthermore, in order to mitigate the neg-
ative influence of uncertainty, it is necessary to develop a method that employs feedback
information generated from the wind farm system to update uncertain model parameters,
and adapt the maintenance strategy periodically based on updated parameters and the cur-
rent monitored state of the wind farm. Such a process from information collection and use,
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to decision-making, action-taking, and back again to information, is achieved in this way
and called a ‘closed-loop’ solution. This method also provides the feasibility and direction
for the future realization of the entire closed-loop manner to improve the maintenance lo-
gistics, utilizing reliability, availability, maintainability (RAM) data to update maintenance
decisions under uncertain decision-making environments.

Third, decision-making for maintenance logistics organization is classified into three
echelons, i.e., strategic, tactical, and operational [143]. Among them, in terms of the level
of planning, the strategic decisions are the highest, followed by tactical decisions and op-
erational decisions. Moreover, compared to the operational decisions which are commonly
day-to-day, the strategic and tactical decisions have longer lasting influence which may af-
fect the maintenance logistics for offshore wind farms from several years to even over the
entire farm’s lifetime. The decisions in different echelons are interrelated and interacting. It
is necessary to develop maintenance resource management strategies aiming to support and
interact with a determined maintenance strategy, in order to organize maintenance logistics
more effectively and efficiently and bring about long-lasting economic benefits.

For example, a maintenance strategy is a crucial strategic decision. Maintenance re-
source organization, including spare parts inventory management and maintenance vessel
fleet management, are significant decisions in the tactical echelon. The execution of main-
tenance decisions relies on the availability of spare parts, and the replenishment of spare
parts depends on maintenance requirements. The maintenance and inventory management
are therefore interrelated processes that can be integrated and then improved in a joint man-
ner. Once necessary parts are prepared, different vessels are required to transform inventory
and technicians and perform maintenance depending on the type of the maintenance action.
As shown in Fig. 1.6, various types of vessels are used for maintenance implementation. A
heavy lift vessel (HLV) is a vessel with a specific crane that has a large lifting capacity of up
to thousands of tonnes to handle the huge offshore wind turbine parts. A service operation
vessel (SOV) operates as a means of transport containing large quantities of spare parts and
tools, but it also operates as in-field accommodations for workers and platform assist for
wind turbine servicing and repair work. A crew transfer vessel (CTV) is used to transport
wind farm technicians and other personnel out to sites on a daily basis. Different from on-
shore wind farms, the organization of vessel fleet consists a large portion of offshore wind
farm maintenance logistics costs, so cost-effective management for maintenance vessels is
very significant for offshore wind farms and directly affect the performance of maintenance
strategies.

(a) (b) (c)

Figure 1.6: Different types of vessels: (a) HLVs [2], (b) SOVs [3], (c) CTVs [1]

In this context, it is worthy and significant to help decision-makers, such as offshore
wind farm owners and operators or maintenance service providers, develop closed-loop
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maintenance logistics correlating strategic and tactical decisions to instruct the maintenance
activities and logistics organization for offshore wind farms. This is the motivation of this
thesis.

1.3 Research questions

The overall research question of this thesis is:

How to improve effectiveness of maintenance strategies and resource organization for
offshore wind farms and move towards a closed-loop decision-making approach?

To answer the main question above, the following sub-questions should be addressed:

Q1: What is the state-of-the-art of maintenance strategies and resource organization in
offshore wind farms?

Q2: How to develop a maintenance strategy for an offshore wind farm that uses predicted
component failure times and captures various types of maintenance opportunities?

Q3: How to quantify the influence of model parameter uncertainty on maintenance strat-
egy and corresponding performance?

Q4: How to periodically update the maintenance strategy based on new data and wind
farm state to realize a closed-loop decision-making manner?

Q5: How to manage the maintenance inventory to support the implementation of the main-
tenance actions?

Q6: How to make suitable leasing decisions to configure the maintenance vessel fleet?

1.4 Contributions

The main contributions of this thesis are summarized as follows:

(1) Overview of the maintenance logistics for offshore wind energy, and summary of the
current status and future trends in maintenance strategy optimization and maintenance
resource organization. The existing research is summarized to provide more clear
insights about this area for researchers. Moreover, research gaps are identified to
achieve the improvement of the maintenance logistics for offshore wind farms [101].

(2) Proposal of a closed-loop approach to determine the optimal maintenance strategy
for offshore wind farms. In the process, an open-loop maintenance strategy utilizing
predicted component failures and maintenance opportunities is developed. Then the
influence of unknown model parameters is quantified. Finally, the open-loop mainte-
nance strategy gradually develops towards a closed-loop maintenance strategy miti-
gating the model parameter uncertainties [103–106, 108].
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(3) Establishment of the planning models that organize the primary maintenance re-
sources to support the implementation of the maintenance strategies. A multi-echelon
and multi-unit inventory network is developed to manage the spare parts for mainte-
nance. A vessel fleet configuration model is developed to assist a decision-maker to
make leasing decisions on various types of vessels. Following the decision at the
strategic level, the maintenance inventory and vessel fleet are controlled and adjusted
correspondingly in order to minimize costs [107, 109–111].

1.5 Thesis approach and outline

The outline of this thesis is shown in Fig. 1.7.

Chapter 1 

Introduction

Chapter 2 

Literature review

Chapter 3 

A predictive opportunistic 

maintenance strategy 

Chapter 4 

Quantifying influence of 

uncertainty on maintenance 

performance and decisions 

Chapter 7 

A maintenance strategy 

considering data update and 

wind farm state

Chapter 5 

A multi-echelon

maintenance inventory 

management policy 

Chapter 6 

Maintenance vessel fleet 

configuration management 

Chapter 8 

Conclusions and future 

research 

Strategic level

Tactical level

Open-loop

Closed-loop

Figure 1.7: Thesis outline

In Chapter 2, a literature review on existing maintenance logistics for offshore wind en-
ergy is conducted. This chapter also identifies the main research gaps and answers research
sub-question Q1.

In Chapter 3, we propose a new maintenance strategy for offshore wind farms consid-
ering component condition and economic dependence. The component is subject to degra-
dation and environmental impact simultaneously. Three types of maintenance opportunities
are introduced to determine the trigger of maintenance cycles. The proposed model is the
basic model for the subsequent chapters. This chapter addresses research sub-question Q2.

In Chapter 4, an integrated decision-making framework is proposed that incorporates a
maintenance model used to estimate maintenance performance, a probabilistic uncertainty
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modelling approach used to characterize different types of uncertainty and generate stochas-
tic scenarios, and a multi-objective optimization method used to find optimal decisions. This
framework is developed to quantify the influence of uncertainties on maintenance strategies
and corresponding performance. This chapter addresses the research sub-question Q3.

In Chapter 5, a joint maintenance strategy and spare part inventory policy optimization
model is proposed. The entire wind turbine is simplified to multiple critical components, and
each component is composed of multiple critical subcomponents. The connection between
maintenance model and inventory model is realized through referring to the Failure Mode
and Effects Analysis (FMEA) and Fault Tree Analysis (FTA). This chapter addresses the
research sub-question Q5.

In Chapter 6, a model is proposed to investigate the most cost-effective allocation of
maintenance vessel fleet consisting of various types of vessels. A time-domain simulation
method is used to simulate the scenarios where the maintenance activities are performed
under the specific configuration of the maintenance vessel fleet. By varying the number of
different vessels, the most economical configuration of the vessel fleet is determined. This
chapter addresses the research sub-question Q6.

In Chapter 7, a closed-loop maintenance strategy is proposed, where model parameter
uncertainties are gradually mitigated by using the collected reliability and maintainability
data to update uncertain parameters. A rolling-horizon approach is applied to decompose
the life-cycle maintenance optimization problem into a finite sequence of sub-optimization
problems covering a multi-period of time. A series of sub-strategies is determined to mini-
mize the revenue losses. This chapter addresses the research sub-question Q4.

Overall, Chapters 3, 4 and 7 focus on the maintenance strategy, that is the strategic deci-
sion. Chapters 5 and 6 address spare part inventory and vessel fleet configuration, which are
tactical decisions. The models in Chapters 3-6 use an open-loop decision-making approach
for maintenance strategy and resource organization. In Chapter 7, the decision-making
approach for maintenance strategy is developed from open-loop to closed-loop based on
Chapters 3 and 4.

In Chapter 8, the main findings of this thesis are concluded, and the directions for future
research are provided.





Chapter 2

Literature Review

Chapter 1 emphasizes the necessity to improve the maintenance logistics for the offshore
wind sector. In recent years, more researchers have started paying attention to this issue. In
this chapter, we generally overview the classification scheme of offshore wind energy main-
tenance logistics, then give a detailed review on state-of-the-art in maintenance strategy op-
timization and maintenance resource organization. Significant research gaps are identified
and summarized in this process to motivate the following research. With that, this chapter
addresses the first question (Q1):“What is the state-of-the-art of maintenance strategies and
resource organization in offshore wind farms?”

This chapter is organized as follows. Section 2.1 briefly overviews the maintenance
logistics for offshore wind energy from three levels: strategic, tactical, and operational.
Section 2.2 summarizes the current status and future trends in maintenance strategy opti-
mization. It includes the types of maintenance strategies, uncertainty in the maintenance
models, and decision-making approaches. Section 2.3 surveys existing studies focusing on
maintenance resource organization including spare parts inventory and vessel fleet manage-
ment. Section 2.4 concludes this chapter and highlights the research gaps.

Parts of this chapter have been published in [101]1.

2.1 Maintenance logistics for offshore wind farms

2.1.1 Classification framework
In [143], a classical framework to identify the various issues and challenges related to main-
tenance logistics of offshore wind farms in different decision-making levels is presented
Hereby, we select key issues that have gained much attention from this framework and use
a similar structure to overview this field in more detail (Fig. 2.1). Furthermore, we sup-
plement the description of the synergy among different decision-making levels and recent
research progress.

1M. Li, X. Jiang, H. Polinder, and R. R. Negenborn. A review of maintenance strategy optimization for wind
energy. In Proceedings of the 4th International Conference on Renewable Energies Offshore, pages 469–480,
Lisbon, Portugal, 2020.

11
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Figure 2.1: Decision-making levels in maintenance logistics for offshore wind energy sys-
tems and related stakeholders

From the perspective of the planning horizon, three decision-making levels are consid-
ered. Strategic (long-term) decisions have a long-lasting effect (5-20 years) on wind farms.
For example, the influence of wind farm design lasts over the lifetime. Compared to the
strategic decisions, the influence of tactical (medium-term) decisions is shorter, less than
five years. At the operational (short-term) level, the decisions are updated on a daily ba-
sis. In terms of decision-making sequence, strategic decisions deal with the big picture of
maintenance logistics, laying the groundwork for the entire process. Following strategic de-
cisions, tactical decisions involve the establishment of key initiatives to achieve the overall
strategy. Finally, operational decisions determine how activities are actually performed.

Multiple stakeholders are involved in the decision-making process, as illustrated in
Fig. 2.1. Wind farm owners, turbine suppliers, and service providers are the principal
decision-makers of the maintenance logistics activities. An Original Equipment Manufac-
turer (OEM) or turbine supplier usually provides a maintenance service contract lasting
from 2 to 5 years. In this period, the OEM is responsible to handle any system failures
caused by design, manufacturing, and quality assurance problems as well as to provide
technicians over a specified period of time [77]. When the service contract has expired,
the maintenance expenditures are borne completely by the wind farm owners. In this case,
the wind farm owners can choose to employ an independent service provider to perform
the maintenance tasks [52]. The contracts usually set a specific target for the wind tur-
bines availability. The wind farm owner pays the service provider a one-time fee, and in
return, the service provider must service all failures over the duration of the contract with
no additional cost, or the service provider charges a fixed amount per maintenance activity.

In addition, the organization of life-cycle maintenance logistics is dependent on the
efforts from various sectors. Different stakeholders, such as vessel suppliers and component
suppliers, are directly involved in the decision-making. Other stakeholders like onshore
service providers, government agencies, industry association, are also be involved, but may
not directly influence the decision-making.
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2.1.2 Strategic decisions

Strategic decisions mainly include determination of wind farm design, maintenance strate-
gies, and location and capacity of maintenance accommodation. Wind farm design involves
the design of the layout of the wind farm, cable routing, location of installations with re-
spect to wind and wave direction, geographical location, etc [58]. Designing a large offshore
wind farm is a very complicated task. In the development phase, a large amount of time is
spent on designing the wind farm. In this process, significant factors including wind energy
resource estimation and wake effect losses are considered for a more reliable and robust
design to reduce production losses during operation [90] and service support cost during
maintenance.

In terms of maintenance logistics, the location of the wind farm affects the accessibility
of the maintenance vessels. Obviously, an offshore wind farm located in deep water in a
remote area far from the shore brings an inevitable increment in maintenance logistics costs,
which has been explained before. The layout of the wind farm, on the one hand, affects
the routing and scheduling of maintenance vessels [168]. On the other hand, wind energy
production influenced by the wind farm layout is an important factor affecting determination
of maintenance strategies [151].

A maintenance strategy is a kind of decision rule or a set of criteria that determines
the appropriate maintenance actions that should be performed on wind turbines in order
to keep the wind farm operating properly [59]. Maintenance strategies are generally cat-
egorized into two types: reactive maintenance and proactive maintenance [177]. Reactive
maintenance indicates the situation in which the maintenance action is performed after a
component failure occurs and the located wind turbine stops working. On the contrary,
proactive maintenance refers to the situation in which the maintenance actions are carried
out before the failure occurrence to control the rate of degradation and prevent severe failure
events.

Reactive maintenance is the simplest strategy to implement, but this strategy can only be
practical and suitable for onshore wind farms or offshore wind farms that are located close
to shore at shallow water [143]. The reason is that transportation vehicles and vessels are
easier to access the sites to perform maintenance and recover the wind turbine operation as
soon as possible. However, future offshore wind farms tend to be installed in far sea and
deep water [41]. Under a reactive maintenance strategy, the turbines fail more often and
require more frequent replacement of parts. Once the turbine is far from the coast and in
deep water, the operation of vessels such as HLVs needed to replace parts will be in a more
severe environment, making it more difficult for O&M. In this case, offshore wind turbine
maintenance has become a much more challenging task, so it is preferred to carry out repair
in advance to prevent failure instead of waiting for failure occurrence passively.

Integrating condition monitoring technology into maintenance strategies and utilizing
data to make decisions has been recognized as a feasible and promising solution to maintain
effective and efficient wind farm operations [157]. These technologies and methods are
capable to support the decision-making for carrying out maintenance at a proper timing
before failure. A more detailed literature review is given in Section 2.2.

Most of the wind turbine failures are addressed with an appropriate maintenance action
on-site. For the cases in which the wind turbine failures cannot be handled immediately, the
failed components/subcomponents are delivered to a designated maintenance accommoda-
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tion. On-site and off-site repair facilities may both be required to repair failed components.
The location and capacity sizing of maintenance accommodations are two critical factors
affecting the implementation of maintenance services. When determining the optimal loca-
tion and capacity of accommodations, the elements that should be considered include cov-
erage of each maintenance accommodation, the distance between the offshore wind farm
and corresponding transportation time, set-up and operating costs, wind farm reliability, etc
[16, 36].

2.1.3 Tactical decisions

Tactical decisions mainly concern decisions controlling the organization of maintenance re-
sources, namely spare parts inventory and vessel fleet management. A wind turbine is com-
posed of hundreds of different components and subsystems, including rotor hubs, blades,
bearings, shafts, gearboxes, and generators [11]. A spare part is an unit of inventory that is
used to replace a failed or aged component/subcomponent. As one of the main cost drivers
for O&M of offshore wind farms, keeping an appropriate stock level of spare parts is im-
portant.

The stock level of spare parts in inventory is determined by the maintenance require-
ments for each spare part. Meanwhile, implementing maintenance is dependent on the
availability of spare parts in order to reduce failure downtime and costs. Therefore, mainte-
nance and inventory management are interrelated and should be considered simultaneously
[179].

Past research usually considered maintenance and inventory separately. The few existing
papers assume that the inventory network follows a single-unit and single-echelon pattern
[178, 189], which is not adequate enough to model the complicated spare parts inventory
management. Joint optimization of maintenance strategy and a multi-unit and multi-echelon
inventory is deemed as a significant issue gaining attention. More research regarding spare
parts inventory management is summarized in Section 2.3.1.

In addition to the available spare parts, the maintenance tasks for offshore wind turbines
are conducted employing different types of vessels, such as HLVs, field support vessels
(FSVs), CTVs, and helicopters [44]. This is different from onshore wind farm maintenance.
The maintenance implementer usually owns a mixed fleet of vessels to carry out mainte-
nance activities. The vessels transfer the necessary heavy spare parts, maintenance crew,
and maintenance tools from ports to on-site locations.

Unavailable transportation means or lack of technicians lead to a delay in maintenance
activities and subsequently, long downtimes of the wind farm and excessive rental costs.
Maintaining an excessive vessel fleet results in significant original investment and chartering
costs. A sound configuration of a mixed maintenance vessel fleet involves finding a trade-off
between excessive and insufficient vessels, so as to complete the required maintenance tasks
in a timely manner [27]. The purchase of vessels, especially HLVs, is too expensive for the
maintenance implementer to afford. When facing a large number of maintenance tasks that
exceed the current work capacity of the fleet, new vessels should be supplemented into the
vessel fleet. Compared to purchasing vessels, it may be more cost-effective to lease vessels
from the spot market or even share the available vessels [162]. More research relevant to
vessel fleet management is summarized in Section 2.3.2.
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2.1.4 Operational decisions

Maintenance scheduling involves determining a detailed schedule of maintenance tasks:
which maintenance team and vessel is dispatched to repair which component/turbine at
what time [26]? The scheduling should consider the metocean conditions and availability of
various maintenance resources (vessels, spare parts, equipment, and technicians) [74]. The
routing of the vessels involves determining the route that a particular vessel will take in an
offshore wind farm to dispatch and pick up technicians on the day [140]. The scheduling and
routing of the service vessels are strongly correlated, so these two problems are commonly
considered simultaneously.

A scheduling and routing model typically considers the following factors: Metocean
conditions; size, type, and housing of the fleet; nature and location of maintenance de-
mands; varying specifications of vehicle types; route time; costs (routing costs, fixed costs,
penalty costs, downtime costs, technician costs, equipment costs), etc [130]. The optimiza-
tion objectives can be minimizing downtime, minimizing total routing costs, minimizing
environmental impact, etc.

2.1.5 Types of models, optimization objectives, and solution techniques

Regardless of the level of the problem solved, the process is to build a model and use so-
lution techniques to obtain solutions in order to satisfy optimization criterion. The possible
methods which are used to model maintenance logistics problems are simulation models
[42], Markov models [100], analytical models [184], mathematical programming methods
[186], Bayesian networks [66], etc. Different methods have strengths and weaknesses. For
example, the simulation method has the potential to tackle the challenging optimization
problems involving nonlinearities, combinatorial relationships, and uncertainties [8], espe-
cially when wind energy maintenance logistics problems are too complicated to be given
tractable mathematical formulations. In addition, it allows experimenting and better un-
derstanding of systems with increasing complexity [7]. For another example, in a Markov
model, the system is separated into initial perfect state, degradation states and failure states.
Compared to conventional modelling methods only considering binary states, working state
and failure state, Markov methods is able to illustrate the complicated degeneration process
more effectively. More details about types of models can be found in [142, 145].

Based on the developed models, the solving methods are adopted to find optimal so-
lutions to minimize/maximize the optimization objective. The optimization objectives are
minimum costs, minimum production loss, maximum availability/reliability, combinations
of several objectives, etc. More details can be found in [145]. When solving the problem
with a small solution space, exact solutions can be used [137]. If the problem is developed
using analytical models, the solution to the equations describing any changes in the system
can be expressed as a mathematical analytic function which can assist solving the problem
[145]. If the optimization problem has a huge solution space due to a large number of so-
lutions concerning the variations in decision variables or the problem is too complicated
to obtain mathematical analytic functions, it is difficult and time-consuming to find exact
solutions. Heuristic algorithms are problem-solving methods designed to find approximate
solutions to theses complex problems when facing the situations where exact solutions are
too time-consuming or too difficult to obtain. Heuristic algorithms aim to find good solu-
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tions in a reasonable amount of time, using various approaches to explore the search space
and guide the search towards promising areas, while avoiding unpromising areas. Therefore,
in order to find the solutions efficiently, the application of heuristic algorithms is necessary
[104]. The common heuristic algorithms are Genetic Algorithm (GA) [25], Simulated An-
nealing (SA) [135], Particle Swarm Optimization (PSO) methods [86], etc. These methods
are widely used in the maintenance logistics related problems.

2.1.6 Summary

Section 2.1 overviews the maintenance logistics for offshore wind farms, summarizes the
past studies into a multi-level scheme as shown in Fig. 2.1, and gives a brief description
of each issue. The maintenance logistics are categorized into strategic, tactical, and oper-
ational levels. Although the decisions at different levels determine maintenance logistics
organization at different time horizons, the decisions are not independent. In contrast, some
decisions are interrelated. For instance, the implementation of the maintenance strategy
(strategic) is affected by the available spare parts resource (tactical), and the spare parts in-
ventory management relies on the maintenance requirement of the determined maintenance
strategy. The configuration of a vessel fleet (tactical) is subject to the workload of mainte-
nance tasks determined by maintenance strategies. The decisions for scheduling and routing
(operational) is simultaneously subject to configuration of the vessel fleet and the workload
determined by maintenance strategies. In this context, interaction exists and influences de-
cisions at different decision-making levels. Lower-level decisions are made on the basis
of upper-level decisions, and upper-level decision-making should consider the influence of
lower-level decisions. The transfer of decisions and the consequent improvement of their
results becomes an important issue.

The decisions at the strategic level determine the maintenance logistics over the lifetime,
indicating that improvements to strategic decisions may lead to more long-lasting effect on
offshore wind farm O&M, followed by tactical decisions. Operational decisions are made
on a daily or weekly basis, having the least scope of influence over the life cycle of offshore
wind farms. Among the strategic decisions, the maintenance strategy is the most significant
issue which has gained much attention. Moreover, the implementation of the maintenance
strategy is directly related to the maintenance resource organization at the tactical level.
Therefore, in this thesis, we study the maintenance strategy at the strategic decision level
and maintenance spare parts and fleet management at the tactical decision level. To address
these issues, we conduct a literature review in the following sections to identify research
gaps.

2.2 Maintenance strategies

2.2.1 Categories of maintenance strategies

As stated in Section 2.1.2, maintenance strategies are typically categorized into reactive
maintenance and proactive maintenance. Subcategories of maintenance strategies are pro-
vided in Fig. 2.2. The reactive maintenance strategy, which is also called “corrective main-
tenance”, refers to recovering the wind turbine system after failure. Compared with other
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strategies, the implementation of reactive maintenance is the easiest, and unnecessary re-
pairs are controlled to the lowest. However, in this case, downtime will be the highest,
which will bring a noticeable negative influence on wind farm operations.

Figure 2.2: Subcategories of maintenance strategies

Proactive maintenance involves conducting maintenance in advance, which is further
classified into periodic maintenance, condition-based maintenance, predictive maintenance,
and prescriptive maintenance. Periodic maintenance is based on maintenance intervals rec-
ommended by the OEM. Wind turbines are repaired at regular time intervals (time-based), or
after a fixed period of time depending on the age of a component (age-based), or according
to the amount of electricity produced (use-based). With the development of condition moni-
toring technology over the last decades, the data collected by sensors offers the possibility of
a maintenance approach using the condition of components as a basis for decision-making.

Although condition-based maintenance, predictive maintenance, and prescriptive main-
tenance all rely on component condition to make decisions, differences exist between these
strategies [60]. Condition-based maintenance is performed when sensors alert you that the
component condition has changed after something goes wrong, but before the wind tur-
bine stops working. In predictive maintenance, operational data is analyzed to predict when
failure will occur and maintenance will be needed. Prescriptive maintenance evolved from
predictive maintenance, moving a step forward to make specialized O&M recommenda-
tions to reduce operational risks. In the field of wind energy, these three concepts are not
distinguished very clearly in the past literature [145].

A novel maintenance strategy, opportunistic maintenance, has started to gain attention
in recent years. A large-scale offshore wind farm is made up of a number of turbines. Be-
sides, as a type of complicated electromechanical system, an offshore wind turbine system
is composed of hundreds of components and subsystems [127]. The economic dependence
among turbines and components applies when combined maintenance leads to a different
cost than repairing individually [75]. It plays a positive role when travelling to the location
where maintenance activities have to be executed is costly [84]. Simultaneously performing
several maintenance activities is more cost-effective than repairing only individual turbines.
Opportunistic maintenance is a type of strategy taking advantage of this economic depen-
dence to reduce maintenance costs.
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There are no norms, standards or consensually accepted meanings of ‘opportunistic
maintenance’ [158]. It is systematic research to determine at what time to perform main-
tenance activities for what reason, and what components or turbines can be repaired by
making use of the opportunities. From the perspective of triggering maintenance decisions,
opportunistic maintenance is considered as a hybrid maintenance strategy mixing reactive
and proactive maintenance [130], because the maintenance cycles are triggered more flex-
ibly based on component condition rather than only after failures or at regular intervals.
Maintenance cycles refer to the sequence of events that make up maintenance tasks, from
the definition to the completion. Since the trigger of the maintenance opportunities is on
the basis of component state, the opportunistic maintenance strategy is usually developed
considering condition monitoring technology and predictive analytics.

2.2.2 Opportunistic maintenance

In 2009, [15] applied the opportunistic maintenance strategy to offshore wind energy. Main-
tenance opportunities appear when corrective maintenance has to be performed on a wind
turbine or wind speed is low. The case study shows that taking these opportunities into
account can effectively reduce maintenance costs. Due to the considerable potential, the
number of literature focusing on opportunistic maintenance of wind energy sector has been
increasing. We make a comparative analysis after reviewing the following representative
papers, as shown in the Table 2.1. In the table, we mainly conclude the studies according
to the following indicators: (1) scope modelling, ranging from a single wind turbine to a
wind farm; (2) failure modelling, which include degradation and environmental impact; (3)
maintenance modelling, including maintenance thresholds, preventive dispatch for mainte-
nance; (4) accounting for uncertainties in model parameters; and (5) the decision-making
approach used.

In [42], an opportunistic maintenance model with two-level repair actions for wind
turbine systems is proposed. The failures of the components are caused by the degrada-
tion. Perfect and imperfect maintenance actions are performed depending on component
states. Then, [43] introduced different maintenance thresholds in their model to distin-
guish the failed turbines and working turbines. In [167], the model also considered dif-
ferent maintenance thresholds under different maintenance opportunities to distinguish the
failed/operating wind turbines.

Instead of the two-level maintenance threshold, [137] proposes the concept of multi-
level maintenance in their work. Degradation results in the component failure. The interval
between maximum and minimum maintenance thresholds is divided into multiple groups.
After discussing the relationship between maintenance costs and the number of maintenance
levels, the optimal number of level is selected to minimize the total costs. Similarly, the
failures of the components are also assumed to be caused by degradation processes in [6,
12, 51, 117, 188].

In [177], the hybrid hazard rate method is introduced into the opportunistic maintenance
model. The method describes the degradation processes causing failures, where the increase
of operation time will accelerate the degradation and weaken the maintenance improvement.

In [102], a nonhomogeneous continuous-time Markov process is used to represent the
multi-state model of offshore wind turbine subsystems. The subsystems transfer from one
state to another state as the operation time increases. The most cost-effective combination
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of qualified components is selected to reduce the maintenance costs when compared with
individual maintenance.

As stated in Secion 2.2.1, the opportunistic maintenance strategy is usually developed
considering condition monitoring technology and predictive analytics. Studies [117, 171,
188] use Artificial Neural Networks (ANNs) and real-time prognostic updating to make the
decisions to determine which component is repaired in the maintenance opportunities.

In [175], the model considered the prospective opportunity caused by low wind speed
period besides component failure. In [114], the maintenance model considered stochas-
tic, structural and economic dependence simultaneously to plan the maintenance for wind
turbines.

Degradation and environmental impact

It is remarkable that in the models in Table 2.1, most of the wind turbines are assumed
to only experience degradation. Only [147] considers degradation and environmental im-
pact simultaneously when developing opportunistic maintenance for wind energy. An op-
portunistic condition-based maintenance policy is proposed for rotor-blade systems. The
multi-blade systems are subjected to stress corrosion cracking and environmental impact.
In order to avoid expensive failure replacement, a maintenance team is dispatched to repair
critical blades before failure occurs, and other blades are preventively repaired as well.

The maintenance model considering random environmental shocks has been increas-
ingly considered in the field of reliability and engineering in the past years. Many industrial
systems operate in an environment where various types of impact (e.g., electrical, thermal,
seismic shocks) arrive randomly and suffer from damage of these shocks which trigger
state transitions of the system. The impact may result in the abrupt increase of degradation
[134], the increasing degradation rate [129], or even the sudden incidents. The intensity or
the magnitude of impact may also be dependent on the degradation process of the system
[56, 57].

In a harsh marine environment, the wind turbine system deteriorates over time due to
wear, erosion, fatigue, corrosion and so on. This normal degradation process applies when
the operation condition is ideal. However, the offshore structures suffer from impact result-
ing from harsh marine environment (e.g., sea ice, atmospheric icing, typhoons, sea wave,
lightning strike, sudden change in wind speed or direction). The harsher the environment
is, the impact will arrive more frequently and the influence will be more serious. When the
turbine works in practical environments, it is not only subject to degradation processes, but
also the environmental impact throughout the whole service life. The presence of this en-
vironmental impact on the critical components, especially rotor blades, has an effect on the
performance of O&M and the overall economics of wind energy systems [14, 124]. With
future wind farm addresses spread across different regions of the world, environmental con-
ditions are one of the most important factors affecting the reliability of turbines in different
regions. If environmental impact is taken into account, a foundation can be laid for design-
ing specific maintenance strategies for future wind farms in specific regions. Therefore, it
is essential to consider to consider degradation and environmental impact when modelling
wind turbine failure.
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Maintenance opportunities

The models in [42, 43, 102, 137] in Table 2.1 assume that the occurrence of a component
degradation failure can be considered as a type of maintenance opportunity (failure-based
opportunity). This failure-based maintenance opportunity can trigger a maintenance cycle,
where the maintenance teams are dispatched to simultaneously replace the failed compo-
nents and perform preventive maintenance on the components needing repair.

As we know, failure should be avoided as much as possible given the fact that the cost
of failure replacement is very expensive. Therefore, it is not necessary to start a mainte-
nance cycle only waiting for the occurrence of the turbine failure. In [117, 177, 188], a
preventive maintenance threshold is set to determine if a turbine component is in a defective
or almost unacceptable state. In addition to the maintenance cycle triggered by failure, a
maintenance cycle can also be triggered if any turbine component in the farm exceeds this
preventive maintenance threshold. Actually, this preventive maintenance decision can be
regarded as the preventive dispatch of maintenance teams. In [6, 12, 51], the preventive
dispatch of maintenance teams is clearly addressed, i.e., not waiting until the failure oc-
curs, a maintenance opportunity can also emerge preventively when a component satisfies
the maintenance requirement (reach the threshold). Generally, the maintenance opportunity
will appear in these two occasions: a failure occurs; a component reaches the preventive
maintenance threshold.

However, although the preventive dispatch of maintenance teams has been introduced
in the models, this action may not be as cost-effective as we expect. The maintenance
team has to move to the wind site if even a single component reaches the predetermined
threshold. This may be feasible when the farm is located onshore. Considering the effort
and cost to dispatch the vessels and staff to the remote location away from the shore, the
execution of preventive dispatch triggered by a single component is not economic enough
for offshore wind farms. These decisions may induce over-maintenance. Furthermore,
in these existing opportunistic maintenance models for wind energy, the consequences of
environmental impact have not been considered, as discussed in Section 2.2.2. The critical
impact may also result in the incident that the suffering turbine stops operating and requires
maintenance, which can also provide the opportunity to repair the other turbines in the farm.

2.2.3 Uncertainty in determining maintenance strategies

The organization of maintenance logistics for offshore wind farms is a problem involving
various types of uncertainty because of the diversity of assets and their corresponding dam-
age mechanisms and failure modes, weather-dependent transport conditions, unpredictable
spare parts demand, insufficient space or poor accessibility for maintenance and repair, lim-
ited availability of resources in terms of equipment and skilled manpower, etc [145]. The
types of influential uncertainties considered at different decision-making levels in mainte-
nance logistics are also different. For instance, statistical uncertainty of component reliabil-
ity estimations [138] is an important type of uncertainty at the strategic level. Insufficient
maintenance sources to support maintenance [162] and inaccessibility for maintenance af-
fected by weather variety [141] are mainly considered in tactical and operational levels
respectively. When determining a maintenance strategy, it is important to develop mainte-
nance models capable of considering and incorporating uncertainties.



22 2 Literature Review

Only limited papers have paid attention to maintenance models along with uncertainty.
In [31], it is mentioned that the lack of reliability data and inaccuracy in maintenance cost
estimation is a common issue. A probabilistic sample method is used to derive failure data
from reference reliability databases. Fuzzy numbers and a fuzzy inference system are used
to model the uncertain repair related costs. The impact of uncertainty on performance indi-
cators of an offshore wind turbine (availability, energy production, LCOE) is estimated. In
[138], the uncertainty in collecting reliability data for offshore wind turbine components is
investigated. The uncertain component failure distributions are input to an O&M simulation
tool. Results for a specific case show that wind farm availability may vary in the range up to
20%. The uncertainty in component health prediction is mentioned in the papers [117, 160],
but these studies cannot reflect the impact of varying degrees of this type of uncertainty and
how maintenance decisions are altered because of this uncertainty.

It is noted that the above papers only study the impact of one or two types of uncer-
tainty on the maintenance performance. In general, the maintenance models cover aspects
including the modelling of the deterioration of the system, the description of the available
information about the system state, the possible actions and consequences [148]. Various
types of uncertainty are sequentially associated with these aspects in the model, including
statistical uncertainty of component reliability [33], uncertain performance of component
lifetime prediction [45], and ambiguous estimation of maintenance consequences [87, 115].
All these types of uncertainty deserve our attention to quantify their influence and compare
the significance. However, this research still lacks in the past studies. Moreover, in the
papers studying uncertainty in wind energy maintenance, it is still unknown that how the
design of a maintenance strategy is affected and then adjusted due to uncertainty, which is
an important research gap requiring investigation.

2.2.4 Maintenance strategy update

Section 2.2.3 has pointed out that designing a sound maintenance strategy covering the long
lifespan of a wind farm is a complicated problem involving a high degree of uncertainty.
The uncertainty in model parameters may lead to a maintenance strategy that is not suitable
for target wind farms. Up to now, the limited number of papers [31, 117, 138, 160] studying
uncertainty in wind energy maintenance strategies still adopt a passive manner. The passive
manner means the influence of uncertainty is quantified, but no solution is proposed to
gradually mitigate the negative influence of uncertainty. In comparison, a proactive manner
is to consider the feasibility of gradually mitigating or eliminating uncertainty.

When determining a maintenance strategy, it is helpful to distinguish between open-
loop, reactive, and closed-loop strategies [61, 133]. An open-loop strategy involves finding
the optimal maintenance strategy at the beginning of operation and to implement it over
the entire lifetime. This open-loop strategy is the most widely used in the earlier literature
[104, 147, 177]. Compared to an open-loop strategy that is applied over the entire optimiza-
tion horizon blindly, a reactive strategy is determined step by step. The current strategy is
formulated on the basis of the current state, and it is implemented until the next step in which
a new strategy is determined again. The reactive maintenance strategy has the capacity of
making decisions based on the present situation. This method has been used in some ear-
lier research [23, 116, 122, 176], but these studies usually focus on a component-level state
rather than a farm-level state. The reactive strategies are incapable to handle the uncertainty
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in the model parameters as the feedback generated from wind farm systems, including new
RAM data and monitored wind farm state, is not utilized to update strategies.

In this context, in order to improve the performance of maintenance strategies, it is nec-
essary to develop a closed-loop strategy, referring to a process from information collection
and use, to decision-making, action taking, and back again to information collection. The
closed-loop strategy is not only able to respond to the feedback information generated from
the wind farm when compared to open-loop and reactive strategies, but also to observe the
dynamic wind farm state, that is similar to reactive strategies. This method has been com-
monly used in other areas, such as control engineering [24, 185], energy management [83],
and transportation planning [112], but it has rarely been proposed for use in wind energy
maintenance.

2.2.5 Research gaps

Because the decision determining whether a component should be repaired is made based on
the component state, opportunistic maintenance is usually combined with condition moni-
toring technology to form a predictive opportunistic maintenance strategy, namely determin-
ing maintenance actions on the component based on its predicted failure time. According
to the literature review, it can be concluded that there are several research gaps to be filled
in maintenance strategy optimization.

First, the earlier models consider the situation in which the wind turbines only experi-
ence degradation. However, offshore wind turbines are subject to the impact resulting from
the marine environment, indicating the turbines suffer from degradation processes and ran-
dom environmental impact simultaneously. In addition, maintenance opportunities in the
earlier opportunistic maintenance strategy are commonly triggered by failure events of a
wind turbine or the scenario in which a wind turbine component is so old that it should be
preventively replaced. This action may not be as cost-effective as we expect. The mainte-
nance team has to move to the wind site even if a single component reaches the predeter-
mined threshold. These maintenance decisions may induce over frequent maintenance ac-
tivities. Therefore, it is necessary to develop a predictive opportunistic maintenance strategy
considering multiple-component age-based preventive dispatch and environmental impact.

Second, although the maintenance decision-making is confronted with various types of
uncertainty in the model, few papers paid attention to this issue before. The limited research
concentrates on the influence of uncertainty on maintenance performance, but ignores how
the optimal solutions are affected by uncertainty. Considering the determined maintenance
strategy may become sub-optimal due to uncertainty, it is important to study the influence of
uncertainty on maintenance strategies in an uncertain decision-making environment besides
quantifying the influence on maintenance performance.

Third, compared to the passive manner of quantifying the influence of uncertainty, a
proactive manner of mitigating uncertainty could be a more effective solution to reduce its
negative influence. The maintenance strategy should be further improved to realize a closed-
loop decision-making approach. The new RAM data is integrated into the decision-making
process to assist in updating the maintenance strategy. The determination of maintenance
strategy also considers the periodic wind farm states. Such a closed-loop strategy aims to
reveal the economic benefit of data on offshore wind farm O&M.
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2.3 Maintenance resource organization

2.3.1 Spare parts inventory management

As stated in Section 2.1.3, the maintenance strategy and spare parts inventory are intercon-
nected, and are better to be considered simultaneously when optimizing an OEM or service
provider’s operations. However, earlier studies [160, 165] usually study them separately. In
the maintenance model, a strong assumption is made that the required spare parts are always
available while a maintenance decision is made [137]. This assumption may be applicable
to a realistic situation where the system components are relatively homogeneous and the
stock of spare parts on site is very sufficient.

Obviously, this situation does not apply to the wind energy industry. The wind turbine
components are diverse, e.g., blades, gearboxes, generators[127]. Each of these compo-
nents has its own subcomponents. All components and subcomponents are different in size,
weight and shape. This brings difficulty in spare parts management. In addition, the holding
costs of large wind turbine components are costly, which indicates that the amount of spare
parts should not be kept at a very high level to avoid unnecessary holding costs [85]. More-
over, the components of small size can be stored in a warehouse close to the wind farm, but
the larger components are likely to be stored further away from the target wind farm [173].
The long distances involved in transporting the components can lead to further maintenance
downtime.

Spare parts inventory is an important and challenging issue in the area of the manufac-
turing industry. With the operational capacity of wind energy, the spare parts supply for
wind farms becomes more significant and gains more interest. It is necessary to integrate
the spare parts inventory management model and maintenance strategy model to formulate
a more holistic plan.

We review the literature on joint optimization of maintenance and inventory for wind
energy, as shown in Table 2.2. The key concepts in maintenance and inventory models are
introduced according to [33, 46, 164], and we further make some extensions and additions.
In the table, the studies are concluded based on the following indicators: (1) system level,
ranging from onshore to offshore and component to farm; (2) maintenance characteristics,
including maintenance strategies, maintenance effect; (3) objective; and (4) inventory char-
acteristics, which encompass inventory policies, component characteristic, transport delays,
diversity of units, inventory echelon.

The most common inventory policies adopted in the inventory management include
Min/Max policy and Reorder Point/Order Quantity policy. In Min/Max policies, orders
are placed as soon as the inventory drops to or below the minimum level, and the level is
recovered to maximum level [178]. In Reorder Point/Order Quantity policies, orders with a
fixed quantity are placed as soon as the inventory drops to or below the reorder point [174].
The (0,1) policy means ordering a new unit once the current unit is consumed, which is
simplified from the Min/Max policy and Reorder Point/Order Quantity policy [182]. The
adoption of (0,1) policy is because the object is a single wind turbine and there is no need
to store a large number of spare parts. Safety inventory level and economic order quantity
policies are also simplified from Min/Max and Reorder Point/Order Quantity policies, but
are not commonly used in existing inventory models. Economic order quantity is a given
quantity ordered at a constant periodicity [5]. In safety inventory level policies, an order is
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placed when the spare parts inventory cannot satisfy the maintenance requirements or the re-
maining spare parts after maintenance are smaller in number than the safety inventory level
[180]. The quantity ordered is set to ensure that the inventory level of the next inspection
time is safe. Minimizing total maintenance and inventory cost is the most important perfor-
mance indicator of policies, so all the models set minimum costs as the objective. The delay
in the inventory characteristics represents that there are lead times for regular and emer-
gency orders to be prepared and delivered. Regular orders are the orders placed following
the adopted inventory policy [156]. Replenishment with emergency orders occurs when the
current stock level is insufficient to satisfy demands [78]. The adopted maintenance strate-
gies are mostly condition-based maintenance (i.e., ‘CBM’), opportunistic maintenance (i.e.,
‘OM’), and the combination of these two strategies.

Here, we identify the following research gaps related to spare parts inventory manage-
ment after conducting literature review in Table 2.2. First, the system level represents the
level of the system the model is concerned about, from component level (e.g., bearings) to
turbine level and finally farm level. Most of the models concern onshore wind energy while
offshore wind energy has received less attention. The only paper on offshore wind energy
investigates the model of an offshore wind turbine system where only two components are
considered [166]. A model involving an offshore wind farm with a number of wind turbines
and various types of components and subcomponents is still missing.

Second, the components in the inventory characteristics are categorized into consum-
able and repairable [161]. A consumable component can only be repaired by replacing it.
If a consumable part breaks down, it is removed and replaced by a new unit [164]. In com-
parison, a repairable component is capable of being repaired and returned to service. A
repairable unit can be repaired without the necessity to replace the entire unit [37]. This
concept corresponds to the concept of maintenance degree including perfect maintenance
and imperfect maintenance. Most of the studies consider that components can only be re-
placed (perfect maintenance). A few papers using a hybrid (consumable and repairable)
component concept without considering subcomponents, ignoring the fact that a compo-
nent can be decomposed into subcomponents at lower-level and the subcomponents also
require maintenance actions.

Third, all the papers adopt a single-echelon inventory network. The network struc-
ture entails the structure of the logistics system structure, which can be grouped into two
categories; single-echelon and multi-echelon [71]. A single-echelon network structure is
comprised of a single warehouse location that serves the system. Comparatively, a multi-
echelon network structure contains a multitude of warehouses and/or depots. For example,
in the offshore industry, a multi-echelon system can comprise a main warehouse which
is possibly associated with the OEM, which consecutively serves smaller on-shore depots
which in turn finally serve off-shore warehouses close to the wind farm location [143]. The
distinction between a single- or multi-echelon logistics system can be considered influen-
tial in joint optimization focused on the offshore wind energy industry. This is due to the
fact that each location in a multi-echelon network might have its own restriction in terms of
available space and distance to the operational area in this case.

Last, the inventory network can be considered either single-unit or multi-unit [164].
A unit refers to a product or item that can be used for maintenance and managed within
the inventory system. A single-unit inventory contains or considers only a single type of
component or subcomponent, whereas a multi-unit inventory considers several types. Even
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though some papers have claimed that a wind turbine system is composed of multiple com-
ponents/subcomponents [178], the models actually adopt a single-unit inventory. The reason
is that the diversity of components/subcomponents is not considered and the number of dif-
ferent parts is aggregated without allocating a separate storage level. In this case, the stock
is still optimized in a single-unit pattern.

In summary, the existing studies adopt a single-unit and single-echelon inventory model
ignoring the diversity and complication of wind turbine structure and the various types of
maintenance actions. It is necessary to improve the model to make it be more adequate for
the offshore wind industry. In addition, the inventory model and maintenance model should
be integrated to facilitate the coordination between the decisions in different models. Such
a joint optimization could provide more comprehensive suggestions for decision-makers to
organize the maintenance logistics plan.

2.3.2 Maintenance vessel fleet management

In this section, the literature on the fleet size and mix problem for the maintenance of off-
shore wind farms is reviewed. Different types of vessels are needed to support maintenance
activities. For example, CTVs can transport technicians to the site to conduct minor repair
activities. When lifting activities are required, a HLV is needed to lift the heavy components
to the height of the cabin. The wind farm operator (or maintenance service provider) usually
owns some vessels to conduct maintenance tasks, but the number of these vessels may not
be sufficient when a high number of maintenance tasks must be completed. In this case,
additional vessels must be chartered to make up for the insufficient number of vessels, but
the number of chartered vessels should be controlled to a suitable value in order to avoid
excessive costs. Therefore, the determination of the optimal fleet size and mix to support
maintenance activities at an offshore wind farm is crucial, involving optimizing a vessel
chartering strategy.

The literature on fleet size and mix to support offshore wind farm maintenance is con-
cluded in Table 2.3. In the table, the studies are concluded based on the following indicators:
(1) maintenance strategies; (2) variety of vessels used; (3) methods and tools for modelling
and solving; (4) accounting for uncertainty factors; and (5) performance.

It is found that all the fleet size and mix problems consider corrective maintenance or
time-based maintenance strategies. The optimization objective is mainly set as minimum
costs, including fixed costs of maintenance bases, chartering costs of vessel resources, vari-
able costs of executing maintenance tasks, downtime costs, penalty costs, transportation
costs, and technician costs [29, 69, 154]. In [27, 50], the objectives are also relevant to rev-
enue loss, power production, and availability. Downtime, vessel utilization, hazard rates and
mean time to failure are also used to evaluate the performance of the vessel fleet [27, 30].
The fleet size and mix problem involves various types of uncertainty factors, metaocean
conditions, component failures, vessel chartering rates, electricity prices, working shift, etc
[65, 153].

From the perspective of vessel types in the fleet, most of the studies focus on a hy-
brid fleet composed of CTVs/helicopters (represented by ’HL’), FSVs/offshore assistance
vessels (OAVs)/supply vessels (SVs)/SOVs, and HLVs/Jack-up vessels. The vessel types
concerned in the studies relies on the requirement of maintenance tasks. If the model in-
volves multiple types of maintenance, such as replacement, major repair, and minor repair, a
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hybrid vessel fleet is necessary. In case that only minor repair is considered, the vessel fleet
is mainly configured by CTVs. Moreover, various types of novel transportation methods
can be introduced to discuss about their influence on maintenance logistics. Helicopters are
usually used to perform minor maintenance tasks [28]. Compared to CTVs, helicopters are
able to bring and hoist the technicians and the material needed to maintain the wind farm
quickly, and handle the rough sea condition, but the drawback is that the helicopter is a kind
of costly tool. Multi-purpose crane vessels, surface effect ships, small accommodation ves-
sel, mother vessels, and daughter vessels are also introduced in the vessel fleet [16, 69, 152].
A mother vessel, which is a large vessel that can accommodate multiple CTVs alongside,
can provide a possible solution for operators with daughter vessels. Surface effect ships
are special types of vessels that are a combination of hovercrafts and catamarans, allow-
ing them to have greater speed on sea water. Multi-purpose crane vessels are designed to
carry a wide diversity of cargo types. They are combined with crane capacity, offering a
wide operational flexibility depending on the mission. Accommodation vessels are primar-
ily used to provide accommodation for personnel during the establishment or maintenance
of an offshore structure/wind farm. Accommodation vessels are moored or floating close
to the construction site to minimize transport time to the offshore structure and maximize
personnel work time.

The modelling methods of the maintenance vessel fleet size and mix problems are cat-
egorized as mathematical programming methods and simulation methods. In mathematical
programming methods, a mathematical model involving variables and constraints is for-
mulated and solved by minimizing/maximizing an objective function. The mathematical
programming methods are further classified into solving deterministic problems [68] and
stochastic problems [65]. In deterministic problems, all the parameters are assumed to be
known. In [67–69], deterministic vessel fleet optimization models for offshore wind farms
are developed by using mixed-integer programming (MIP), mixed-integer linear program-
ming (MILP), aiming to give offshore wind farm operators a tool to determine which types
of vessels to buy, which and how many vessels to charter, and which vessel bases (on-
shore and offshore) to use. A MIP problem is one where some of the decision variables
are constrained to be integer values, and a MIP problem without any quadratic features is
often referred to as a MILP problem. In MIP/MILP problems, factors including weather
conditions, electricity price, vessels’ charter rates, and maintenance tasks are all treated as
deterministic parameters which have been known in advance.

The deterministic problems assume that all the parameters are known, which is a sim-
plification of the real maintenance planning full of uncertainty. The large changes in ves-
sel fleet caused by different scenarios with uncertainty will bring difficulties for decision-
makers. Several work tends to investigate the optimal fleet configuration in the scenarios
incorporating uncertainty, namely as stochastic problems. In [65], a stochastic program-
ming (SP) model for the fleet size and mix problem for offshore wind farms is proposed.
SP is a framework for modeling an optimization problem in which some or all problem
parameters are uncertain, but follow known probability distributions. This framework con-
trasts with deterministic optimization, in which all problem parameters are assumed to be
known exactly. The uncertainty in charter rates of vessels and helicopters, weather condi-
tions (wind speed and wave height), electricity prices, and failures is introduced. The SP
model is solved by transforming it into its scenario tree node-based deterministic equivalent,
where all decision variables affected by the uncertain parameters are transferred into node-
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based equivalents. Each realization of the uncertain parameters is referred to as a scenario
in which all the parameters are deterministic. Similarly, in [18, 152–155], SP models are
developed to consider various types of uncertain including weather conditions, components
failures, electricity prices, and vessel chartering rates. The study [65] reveals that, compared
to a stochastic approach, deterministic methods where all uncertain parameters are replaced
by their expected value underestimates the required vessel fleet result in fewer maintenance
tasks being completed in rougher weather conditions.

Simulation methods are typically used to model and analyze the complex organization
of vessel fleet in order to understand how they work and make predictions about the output.
For one specific realization of the decision variables (configuration of the vessel fleet), the
outputs (e.g., total costs and wind farm availability) are estimated after simulating the main-
tenance activities. By performing simulations for different fleet configurations, the most
favourable fleet size and mix can be determined. In [29], 65 different fleet compositions
are evaluated and 100 scenarios (with realizations of the stochastic parameters involving
weather conditions and turbine failures.) are simulated for each fleet composition. The
objective was to find the fleet composition resulting in the minimum total O&M costs. Sim-
ulation methods have also been used in [27, 28, 30, 50, 162] to investigate the optimum
chartering strategies for jack-up vessels, mother vessels, and hybrid vessel fleet consisting
of helicopters, CTVs, OAVs, and jack-up vessels.

According to the literature review on the different modelling methods for fleet man-
agement of offshore wind farms, two main differences (advantages and disadvantages) are
identified. First, the deterministic models solve a certain problem where all information
is known priorly. For example, the corrective maintenance tasks (sudden failures) of wind
turbines and weather conditions are assumed to be known over the planning horizon. Thus,
optimal decisions can be determined by anticipating future events, while in practice the
failures and weather conditions are not known in advance. Consequently, deterministic
methods may underestimate the required fleet size and costs of O&M since in practice there
is incomplete information. Simulation methods and SP methods can deal with informa-
tion to be revealed over time, so the problem can be modelled more realistically. Second,
the results of using a specific fleet can be analysed in much greater detail with simulation
methods compared to mathematical programming methods. A simulation method allows
the results of multiple fleet configurations to be evaluated and compared, whereas with an
mathematical programming method only the result of the optimal solution is obtained. For
example, one specific fleet composition resulting in the lowest expected costs may have sig-
nificantly more risks in extreme cases than another fleet composition with somewhat higher
average costs. These considerations can be taken into account by analyzing the results of a
simulation model, useful for assessing the risks versus the benefits of different fleets.

The solving methods/tools selected in the studies is related to the modelling methods.
When using mathematical programming methods, metaheuristic algorithm, such as GRASP
(greedy randomized adaptive search procedure), commercial optimization tool, such as
FICO Xpress and CPLEX, and SAA (Sample Average Approximation) are the commonly
used solving methods and tools [67, 152]. When dealing with the problems using simula-
tion methods, the common approach is to use an exhaustive method or a large number of
comparisons of different fleet configurations to determine the optimal solution [27].

In summary, when solving the maintenance vessel fleet configuration problem, the mod-
elling methods are categorized into mathematical programming methods and simulation
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methods. This problem in practice is full of uncertain factors including failures and meto-
cean conditions, which brings about many difficulties in the modelling and solving. The
simulation methods play an important role in addressing this kind of problem. However, all
the past studies using simulation methods still use an exhaustive method or a large number of
comparisons of different fleet configurations to determine the optimal solution. As the scale
of the future offshore wind farm increases and more factors (e.g., various types of uncer-
tainty) are considered, it can be predicted that the model will become more complex, and the
computation time will increase significantly. In this case, such exhaustive methods will be
very time-consuming. Combining the simulation modelling methods with heuristic solving
methods will provide a good capacity to solve these problem. In addition, the past studies
study the fleet configuration under a corrective or time-based maintenance (represented by
’TM’) strategy, but no paper before developed the model under a novel maintenance strategy
such as condition-based or opportunistic maintenance strategy. Although there is no differ-
ence between tasks under opportunistic maintenance strategy and time-based maintenance
for the vessels from the point of view of vessel dispatching, previous studies lacked the abil-
ity to integrate vessel fleet configuration with maintenance strategies and failed to realize
the interaction between tactical and strategic decisions. A holistic model that integrates the
maintenance strategy model with the vessel fleet management model is necessary.

2.3.3 Research gaps

The organization of the maintenance resource aims to support the maintenance strategy.
After reviewing the related literature, two main research gaps are summarized here.

First, maintenance and inventory management can be considered simultaneously to im-
prove an OEM or service provider’s operations. The limited papers studying joint inven-
tory and maintenance optimization commonly only notice component-level spare parts, and
adopt a single-echelon inventory warehouse and a conventional corrective or time-based
maintenance strategy. It is not adequate enough for offshore wind turbines, such a typi-
cal complex system consisting of many components in different hierarchical levels, and the
potential application of condition monitoring technology is also not considered. A joint
multi-unit and multi-echelon inventory and predictive opportunistic maintenance optimiza-
tion problem is a necessary topic deserving attention.

Second, the past studies using simulation methods combined with an exhaustive method
or a large number of comparisons of different fleet configurations to determine the optimal
solution. With the increase of wind farm size and problem complexity, it is more challenging
to use exhaustive methods or compare different fleet configurations to solve the problems.
Therefore, more efficient methods, such as metaheuristic methods, are required to solve the
optimization problems more quickly. Moreover, the past studies study the fleet configuration
under a corrective or time-based maintenance strategy. It is necessary to develop the model
under a novel maintenance strategy, integrating vessel fleet configuration with maintenance
strategies and realizing the interaction between tactical and strategic decisions. These are
research gaps to be filled in the vessel fleet size and mix problem.
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2.4 Conclusions
This chapter begins with an overview of the classification scheme of the offshore wind en-
ergy maintenance logistics. The maintenance logistics are categorized into strategic, tacti-
cal, and operational levels. The decisions at different levels are not independent. In contrast,
some decisions are interrelated. The decisions at the strategic level determines the mainte-
nance logistics over the lifetime, indicating that improvements to strategic decisions may
lead to more long-lasting effect on offshore wind farm O&M, followed by tactical deci-
sions. Thus, a detailed review on state-of-the-art in maintenance strategy optimization and
maintenance resource organization is then given. The research gaps are summarized in Sec-
tion 2.2.5 and 2.3.3. Therefore, this chapter addresses the first research question Q1: What
is the overview of maintenance logistics and state-of-the-art in the maintenance strategy and
resource organization?

Based on the identified research gaps and findings, Chapters 3, 4, and 7 aim to bridge the
research gaps in maintenance strategies in Section 2.2.5. Chapters 5 and 6 aim to address
the research gaps in resource organization in Section 2.3.3.



Chapter 3

A Predictive Opportunistic
Maintenance Strategy

As Chapter 2 concludes, a sound maintenance strategy is able to take component condition
and maintenance opportunities into account to instruct maintenance actions. The trigger
of maintenance cycles can also be improved to avoid over frequent maintenance. In ad-
dition, random environmental impact on wind turbines should be considered in the model
besides degradation processes. Therefore, in Chapter 3, a maintenance strategy for off-
shore wind farms integrating three types of maintenance opportunities is proposed, where
the maintenance decisions are made based on component failure times. The turbines suf-
fer from degradation processes and random environmental impact simultaneously, and a
multiple-component age-based preventive dispatch is introduced to improve the trigger of
maintenance cycles.

The remainder of this chapter is organized as follows. Section 3.1 introduces the back-
ground of the problem. In Section 3.2, a mathematical model is developed to formalize the
proposed maintenance strategy. In Section 3.3, a numerical example is used to illustrate
the potential of the proposed strategy. The optimization results and comparative study are
presented. Finally, conclusions are presented in Section 3.4.

Parts of this chapter have been published in [104]1.

3.1 Introduction
As wind energy systems are growing both in capacity and complexity, there are ongoing
efforts to improve reliability, availability, maintainability and safety, aiming to enhance its
marketability and competitiveness [120]. O&M costs account for 12%-30% of the total life
cycle cost for onshore wind farms [76], and the portion is estimated to rise to more than 32%
for offshore wind farms [113, 119]. Optimizing the O&M strategy, especially maintenance
activities, is thus an effective pattern to reduce O&M costs and gain more profits.

1M. Li, X. Jiang, and R. R. Negenborn. Opportunistic maintenance for offshore wind farms with multiple-
component age-based preventive dispatch. Ocean Engineering, 231:109062, 2021.

35
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As a strategic decision made by wind farm owners and operators, the determination of
the long-term maintenance strategy has a straightforward influence on wind farm O&M.
A large-scale offshore wind farm is made up of a number of turbines. Besides, as a type
of complicated electromechanical system, an offshore wind turbine system is composed of
hundreds of components and subsystems [127]. The economic dependence applies when the
combined maintenance leads to a different cost than repairing individually [75], especially
it will has a positive effect when travelling to the location where maintenance activities have
to be executed is costly [84]. The predictive opportunistic maintenance is a type of strategy
using predicted component failure to make maintenance decisions and taking advantage of
the economic dependence to reduce maintenance cost .

As discussed in Chapter 2, the earlier models consider the situation in which the wind
turbines only experience degradation. However, offshore wind turbines are subject to the
impact resulting from the marine environment, indicating the turbines suffer from degrada-
tion processes and random environmental impact simultaneously. In addition, maintenance
opportunities in the earlier opportunistic maintenance strategy are triggered by failure events
of a wind turbine or the scenario in which a wind turbine component is so old that it should
be preventively replaced, which may induce over-maintenance. To address the above issues,
a predictive opportunistic maintenance model considering the influence of environmental
impact is developed in this chapter, and the trade-off between the frequency of preventive
dispatch of maintenance teams and maintenance costs is analyzed.

3.2 Model description

In this section, a mathematical model is developed to formalize the proposed maintenance
strategy. In the model, three types of maintenance opportunities can trigger maintenance
cycles referring to the sequence of events that make up maintenance tasks, from the def-
inition to the completion. More specifically, when a maintenance cycle is triggered, the
following steps are to make preparation for maintenance implementation, dispatch the the
maintenance teams to the site, and repair or replace the components satisfying the main-
tenance requirements. This series of activities then constitutes a maintenance cycle. After
finishing the maintenance actions on qualified components, the maintenance cycle will end
until the maintenance opportunity appears next time. The total costs represent the sum of
money generated from repair activities during the maintenance cycles.

3.2.1 Assumptions

In the offshore wind farm, it is assumed that all the turbines are of the same type. After
a wind farm maintenance decision is made, sufficient preparation is done to ensure the
execution of maintenance activities is as successful as we expect. Therefore, the following
assumptions are made on the offshore wind farm:

1. A specific component is of similar nature for all the turbines in the farm. The same
maintenance activity performed on the specific component spends the same money, no mat-
ter the component contained in which turbine.

2. The time spent on performing maintenance activities is negligible when compared to
the long service time of farms.
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3. The maintenance resource and capacity, including staff, tools, spare parts, transporta-
tion means, are always available to complete all the maintenance tasks in the farm.

4. The accessibility to the location of the farm will not be affected by any negative factor
such as weather conditions.

For an individual offshore wind turbine, it can be regarded as a series system, because
the failure of subsystem may result in the entire system breaking down. For the mechan-
ical or electromechanical components in the turbine, Weibull distribution is appropriate to
model the failure times. Poisson process is a completely random process and each point is
stochastically independent of all the other points in the process. The impact from marine en-
vironment arrives randomly with the average rates varying with time, so non-homogeneous
Poisson process is suitable to describe this process. Hence the following assumptions are
made on every individual turbine:

1. Offshore wind turbine system is simplified to a series system of critical components.
2. The degradation failure times of components are modelled as a two–parameter

Weibull distribution with scale parameter and shape parameter. The arrival times of the
environmental impact are modelled as a non-homogeneous Poisson process.

3.2.2 Failure of component
Suppose that there are K offshore wind turbines consisting of I critical components con-
nected in series. The particular type of components in different turbines would undergo
the same degradation process if they operate under the same ideal condition. This process
can be defined as the normal degradation process. The environmental impact arriving at the
turbines may incur failure or have an influence on the component degradation. The arrivals
of environmental impact and the deterioration of the system are independent in this model.

The component gradually degrades as the age increases until failure. Suppose that the
failure time of component i at turbine k is modelled as a Weibull distribution with scale
parameter σik and shape parameter εik, the component has the probability density function
f p
ik(t) as

f p
ik(t) =

εik

σik

(
t

σik

)εik−1

e−
(

t
σik

)εik

. (3.1)

The reliability function can be expressed as

Rp
ik(t) = e−

(
t

σik

)εik

. (3.2)

The degradation degree increases as the time passes. The mean time to failure, MT T Fik,
denotes the expected time to failure for the component, and can be represented as

MT T Fik =
∫

∞

0
t fik(t) = σikΓ

(
1

εik
+1
)
, (3.3)

with Γ(∗) denoting the Gamma function. The lifetimes of components are randomly gen-
erated by employing the Weibull distribution. A inverse Weibull model is used to generate
Weibull distributed random numbers, where αik = σ

−εik
ik . A random number, γ, is generated

in the range from 0 to 1. Then the following equation is used to obtain new independent ran-
dom numbers which have the Weibull distribution with the mean and variance depending on
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Figure 3.1: Abrupt increases of degradation caused by influential impact

shape and scale parameters [32]. These random numbers will be assigned to corresponding
components to represent their failure ages [160] as

vik =

[
− 1

αik
ln(1− γ)

] 1
εik
. (3.4)

The degradation process of components may also be affected by some factors, such as envi-
ronmental impact. For example, at time point t1 and t2, two times of impact arrive, resulting
in the component degradation increasing abruptly with the magnitude of b1 and b2 respec-
tively (Fig. 3.1).

The impact arrives randomly, modelled as a non-homogeneous Poisson process. A non-
homogeneous Poisson process {Nk(t) : t ≥ 0} is a counting process where Nk(t) is the num-
ber of load arrivals during time (0, t], and the intensity function λk(t) varying with time
is a non-negative, integrable function satisfying the Poisson postulates [95]. The Poisson
random variables are given by:

Λk(t) = Λk(0, t) =
∫ t

0
λk(z)dz. (3.5)

In order to simulate the occurrence times of impact, the thinning algorithm is used to simu-
late the points in the non-homogeneous Poisson process [89, 172]. The procedure starts with
the determination of the maximum intensity value λ and with the generation of a realization
of a homogeneous Poisson process with intensity value equal to this maximum intensity
value. After that, the generated points of the homogeneous Poisson process at location t are
retained and discarded based on the probability λk(t)/λ [97].

3.2.3 Failure of offshore wind turbine
Considering the offshore wind turbine is a series system, the system fails once a compo-
nent failure occurs. In other words, the component failures caused by degradation and
environmental impact will make the turbine where the component is located stop working
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Figure 3.2: Decision-making process of offshore wind farm maintenance

immediately.
Not every environmental impact induces the failure of turbines. The impact can be

generally categorized into three types depending on the severity, that is critical impact,
influential impact and minor impact. The critical impact means the impact is so disastrous
that the turbine will break down until the failed component is completely replaced. The
influential impact will cause an abrupt increase in the degradation. The minor impact has
a slight influence on component conditions and will not make the component break down.
Correspondingly, the occurrence probability of critical impact PC

k (0≤ PC
k ≤ 1) is the least,

because this incident rarely happens. The probability of minor impact PM
k (0≤ PM

k ≤ 1) is
the most, and the probability of influential impact PI

k (0≤ PI
k ≤ 1) is intermediate. The sum

of PC
k , PI

k and PM
k is equal to 1.

3.2.4 Opportunistic maintenance model

After studying the failure mechanism of turbines in the offshore wind farm, the oppor-
tunistic maintenance model is developed to determine what time to activate maintenance
activities and how the components will be repaired. The maintenance cost is refer to the
corresponding money spent on these maintenance-related activities.

Fig. 3.2 demonstrates the decision-making process of the wind farm maintenance. The
decision maker, such as the offshore wind farm owner and operator or the independent
service provider, decides if the maintenance cycle should start according to the state of
components/turbines. If the maintenance cycle begins, what maintenance action should be
performed on which component/turbine will also be decided.

There are three types of maintenance opportunity in the model, namely failure-based
opportunity, age-based opportunity, and incident-based opportunity. The maintenance op-
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portunities emerge when the corresponding situations happen. Every type of maintenance
opportunity can initiate a maintenance cycle in the offshore wind farm. In Fig. 3.3, the de-
tailed flow chart of the proposed opportunistic maintenance strategy is introduced. Only in
the case that no opportunities happen, the wind farm is determined to be without mainte-
nance.

1. Failure-based opportunity. When the component i at turbine k breaks down because
of the degradation, the maintenance opportunity will be triggered.

2. Age-based opportunity. If no component fails, but a certain number of components
reach the specific age threshold, the maintenance opportunity will arrive.

3. Incident-based opportunity. If the arriving environmental impact is critical so that
the component fails, the maintenance opportunity will appear.

When the offshore wind farm begins to operate, all of the components are brand new,
their ages uik are certainly 0. The inverse Weibull model is adopted to generate the random
failure age vik of each component. Once the age reaches the failure age, this component will
break down due to degradation. After every period of time {T period

1 ,T period
2 , ...,T period

y , ...},
the information of wind farm is inspected to determine if maintenance actions are needed.
The inspection is supposed to be perfect and non-destructive.

During time T period
y−1 to T period

y , the environmental impact is firstly checked. For each

component subject to the environmental impact, the arrival time of impact is wE
k . If T period

y−1 <

wE
k ≤ T period

y , the turbine k has to endure the environmental impact (XEI
k =1). Considering

the impact is critical, influential or minor, the Binomial distribution can present whether
the impact can induce the incident. If the impact is minor, the turbines will maintain in
the previous state. If the impact is influential, it causes the component age to increase by a
portion bm (0 < bm) from the current age. The interval between maximum age percentage
threshold Amax and minimum age percentage threshold Amin is separated into groups of
equal lengths, {Amin, ..., Am, ..., Amax}. If the component is younger than Amin, the age
will be updated to uik(1 + b1). The age of components in the group between Amin and
A1 will increase with a coefficient b2, and so on. The younger the component is, the age
increase will be less, because it is in a better state to withstand the impact. If the impact is
so catastrophic to destroy the turbine (Xc

k =1), the incident-based opportunity is generated
(X i=1).

If no incident happens, then the failure times Fik are compared with the real time. If
T period

y < Fik, that means the component won’t fail during this period and no failure replace-
ment is needed, the binary variable XFR

ik is equal to 0. Only for all the components, the
XFR

ik = 0, the value of X f is 0. Otherwise, the T period
y−1 < Fik ≤ T period

y , the degradation fail-
ure occurs on one component. In this case, XFR

ik = 1, the failure-based opportunity appears
(X f=1) and one maintenance cycle will launch. If no failure occurs during this time period,
the third maintenance opportunity, age-based opportunity, should be estimated. For com-
ponent i at turbine k, if its age uik is more than a specific percentage of failure age vik, the
component is regarded as an aged component. In other words, the component is judged as
aged because it exceeds the maximum age threshold Amax. We assume ζ is the percentage
threshold of number of aged components. If the total number of aged components in the
wind farm is greater than or equal to B, B = ζIK, the age-based opportunity is triggered
(Xa=1). As introduced in Section 3.2.2, there are K offshore wind turbines consisting of I
critical components in the wind farm. If Xa, X i, X f =0, no maintenance is needed during the
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Figure 3.3: Flow chart of the proposed opportunistic maintenance model
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Figure 3.4: Maintenance actions for the components of different stages

period. The time moves to the next period, and values of time and age are updated.
An occurrence of a failure-based opportunity, age-based opportunity, or incident-based

opportunity triggers a maintenance cycle, where all the components requiring maintenance
are required or replaced. Three maintenance actions are considered in one maintenance
cycle. Failure replacement is conducted on the failed component due to degradation or
critical impact. The failure replacement means the component is completely replaced with
a component of similar nature, implying the component is brand new with the age reset
to zero. If the component is about to fail because of the degradation, it is qualified for a
preventive replacement. The preventive replacement can also restore the age of component
to zero. Because it is preventively carried out before the failure to avoid potentially serious
damages, so the cost is less when compared with failure replacement. The major repair
will be carried out on the components satisfying the requirements (between maximum and
minimum age threshold). The major repair can effectively improve the component health.
The maintenance actions for components of different stages are illustrated as Fig. 3.4.

The sth maintenance cycle begins after the maintenance opportunity emerges. The start-
ing time of this cycle is Ts. The component states in the site can be classified into four cases:
failed, aged, mature, and young. The Kijima type II virtual age method proposed in [88],
where the age accumulates with time going and the repair can remove the damages incurred
before repair, is introduced here to describe the influence of maintenance on component
condition.

1. Failed component.
As introduced above, the failed components caused by degradation or critical impact

should be completely replaced, and their corresponding binary variables XFR
ik is equal to 1.

Accordingly, their ages are reset to 0, as

unew
ik = 0. (3.6)

By sampling from Weibull distribution, the lifetimes of these new components are obtained,
then their new failure ages vnew

ik is known. The next failure times can be obtained as follows:

Fik = vnew
ik +Ts. (3.7)
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2. Aged component.
In the maintenance cycle, the ages of running components are compared with the prede-

termined age thresholds. Two percentages of failure ages are set as maintenance thresholds,
Amax and Amin. If uold

ik > vold
ik Amax, it is determined as the aged component to be replaced

and XPR
ik is equal to 1. Similar to a failed component, the age will be restored to 0 after

preventive replacement, as follows:
unew

ik = 0. (3.8)

The new failure ages of these components vnew
ik are obtained. The occurrence time of next

failure can be obtained as:
Fnew

ik = vnew
ik +Ts. (3.9)

3. Mature component.
For the running components with ages between maximum and minimum thresholds,

namely vold
ik Amin < uold

ik ≤ vold
ik Amax, these components are judged as mature components

which major repair should be conducted on (XMAR
ik =1). Multi-level maintenance thresholds

[137] are used to present the maintenance effect. The components in the group between
Amin and A1 will undergo the l1 level maintenance action. The l2 level maintenance action
is performed on the components between A1 and A2, and so on. For the mth maintenance
level, lm, there is a maintenance quality, θlm . The maintenance quality means the age of
components can be improved to a fixed percentage [121]. Therefore, the ages of component
will be updated after major repair as follows:

unew
ik = θlmuold

ik . (3.10)

The failure age keeps the same value:

vnew
ik = vold

ik . (3.11)

The occurrence time of next failure is as follows:

Fnew
ik = vnew

ik −unew
ik +Ts. (3.12)

4. Young component.
For the components younger than the minimum threshold (uold

ik ≤ vold
ik Amin), they do not

require maintenance. During the maintenance cycle, the components still retain the previous
state, so the degradation process and failure age do not change, as follows:

vnew
ik = vold

ik . (3.13)

After the maintenance cycle, their ages are updated as follows:

unew
ik = uold

ik . (3.14)

The occurrence time of next failure is as follows:

Fnew
ik = vnew

ik −unew
ik +Ts. (3.15)

The objective is to reduce the total maintenance costs of offshore wind farms. After
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developing the maintenance model, the cost generated in the procedure is calculated to esti-
mate economic. The first step is to calculate the money spent on four types of components
(failed, aged, mature, and young) in each maintenance cycle.

For the failed component, it should be completely replaced, so the total cost of failure
replacement of the wind farm, MFR, is as follows:

MFR =
K

∑
k=1

I

∑
i=1

RFR
ik XFR

ik , (3.16)

where RFR
ik represents the cost of failure replacement of component i at turbine k, and XFR

ik
is the binary variable to determine whether this component needs to be replaced.

For the aged components reaching the maximum age threshold, they are replaced as
well. The money spent on activities of preventive replacement, MPR, is calculated as:

MPR =
K

∑
k=1

I

∑
i=1

RPR
ik XPR

ik , (3.17)

where RPR
ik represents the cost of preventive replacement of component i at turbine k, and

XPR
ik is the binary variable to check if preventive replacement is required.

The mature components with ages between the maximum and minimum age thresh-
olds are qualified for major repair. In the present work, it is commonly assumed that the
cost MMAR

ikm of intermediate maintenance level performed on component is function of the
expected value θlm of the improvement coefficient of lm in addition to the age and the oper-
ating state of the component [123]. According to literature [47, 87], the cost of major repair
can be obtained as:

RMAR
ikm = rikmRPR

ik (1−θlm)
dikmηikm , (3.18)

where rikm and dikm are the characteristic constants that determine how the improvement co-
efficient affects the corresponding intermediate maintenance cost. Variable ηikm represents
the stability level of the maintenance quality. The dikmηikm is smaller, then the major repair
will be more expensive. Therefore, the total costs of major repair is:

MMAR =
M

∑
m=1

K

∑
k=1

I

∑
i=1

RMAR
ikm XMAR

ikm =
M

∑
m=1

K

∑
k=1

I

∑
i=1

rikmRPR
ik (1−θlm)

dikmηikmXMAR
ikm , (3.19)

where XMAR
ikm is the binary variable to indicate if major repair is necessary.

Moreover, some extra cost exists along with the cost for maintenance tasks when con-
ducting maintenance. Fixed cost Mf is the money used to make some preparation and trigger
maintenance activities [27, 119]. RTR

k is the transportation cost to turbine k in one mainte-
nance cycle, thus more turbines are visited and repaired, the transportation cost is higher.
Therefore, the total transportation cost is:

MTR =
K

∑
k=1

MTR
k XTR

k , (3.20)

where XTR
k is the binary variable to indicate if the turbine is visited, as follows:
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XTR
k =

{
1 XFR

ik = 1 or XPR
ik = 1 or XMAR

ikm = 1
0 otherwise

(3.21)

Finally, the total cost of maintenance cycle s is calculated as follows:

Ms = Mf +MTR +MT PR +MFR +MMAR =

Mf +
K

∑
k=1

MTR
k XTR

k +
K

∑
k=1

I

∑
i=1

MPR
ik XPR

ik +
K

∑
k=1

I

∑
i=1

MFR
ik XFR

ik +

M

∑
m=1

K

∑
k=1

I

∑
i=1

rikmMPR
ik (1−θlm)

dikmηikm XMAR
ikm .

(3.22)

The offshore wind farm operates for L years (lifetime) which S cycles of maintenance
are carried out during. The total costs during L years can be calculated, and further the
annual cost Ac is obtained, as follows:

min Ac(Amin,Amax,ζ) =

S
∑

s=1
Ms

L
s.t. 0 < Amin < Amax < 1

(3.23)

where Amin (minimum age percentage threshold), Amax (maximum age percentage thresh-
old), and ζ (percentage threshold of number of aged components) are the decision variables
of the proposed model. Actually, the values of Amin and Amax can be regarded as the criterion
to determine whether a component is qualified for the repair. If it is older than Amin but less
than Amax, a major repair is needed. If it is more aged than Amax, it should be preventively
replaced. By varying the thresholds, the number of components which should be repaired
will change accordingly. The variable ζ can determine how many aged components can
trigger the age-based opportunity. The objective is to determine the optimal combination of
variables which can minimize the annual maintenance cost over the lifetime. The simulation
framework is established for the maintenance model of the offshore wind farm, as shown in
Fig. 3.5.

The expression of the objective function and constraints is linear, as shown in Equa-
tion 3.23. However, it should be noted that the terms in the objective function represent
various costs and do not directly include decision variables. The purpose of this simulation
model is to input a set of decision variables and calculate the corresponding overall costs,
which is the value of the objective function. This simulation model includes non-linear
relationships, such as Equation 3.19. Therefore, this problem is considered to be a non-
linear problem. A GA method is used to solve the model. It is proposed according to the
evolution of organisms in nature, which has been widely used to tackle the multi-variable
and non-linear maintenance optimization issue [25]. GAs involve iteratively generating a
population of candidate solutions, evaluating their fitness, and then selecting individuals
for reproduction based on their fitness. The steps involved in GA are initialization, fitness
evaluation, selection, crossover, mutation, termination and repeat. These steps are repeated
iteratively until the algorithm converges to a satisfactory solution. GA has its advantages
when compared with other optimization methods, such as: avoid being trapped in local op-
timal solution by searching parallel from a population of points; use probabilistic selection
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Figure 3.5: Simulation process of the maintenance strategy

rules instead of deterministic ones, etc.

3.3 Case study

In order to illustrate the effectiveness of the proposed opportunistic maintenance method,
a numerical example of the offshore wind farm is used in this section. The optimization
results of three strategies are represented. A comparative study with the conventional op-
portunistic maintenance strategies under the same parameters demonstrates the advantage
of the proposed strategy in reducing the maintenance cost.
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3.3.1 Scenario set-up

The proposed approach is applied in a generic offshore wind farm with a 20-year lifetime, as
shown in Fig. 3.6. This case is unified, applied throughout the thesis. Subsequent chapters
are also based on this case, and the details are modified and explained for specific problems
and models. It is located in the North Sea, about 20 km away from the Netherlands shore.
The scale of the farm is 50 3-MW turbines. The technical specification of the turbine is
shown in Table 3.1. Considering the turbine is a type of complicated electromechanical sys-
tem containing hundreds of components, it is difficult to take every subsystem into account.
Previously published results in peer-review journals [9, 80, 81, 98, 139, 144, 181, 187] have
revealed the criticality ranking of wind turbine components by using the methods, such as
FMEA, Failure mode effects and criticality analysis (FMECA), two-stage FMEA, etc. In
this model, every turbine is simplified to a multi-component series system with five crit-
ical subsystem (gearbox, generator, rotor&blade, pitch system, and main bearing). Due
to the extremely low failure rates, tower and support structure are not considered in this
model. The blade is the component more subject to the environmental impact, and the influ-
ence of critical impact on other components are ignored because of the protection of cabin.
The failure and maintenance parameters are collected and estimated based on the studies
[20, 91, 136], listed in Table 3.2, which represents the properties and parameters of the ex-
ample of the offshore wind farm.

Offshore wind farm

Figure 3.6: Geographical localization of the offshore wind farm located in the North Sea

The decision moments are assumed to be periodic, with an interval of 20 days. The fixed
cost Mf and transportation cost MTR

k are 50kC and 10kC respectively. The intensity function
of external factor is assumed to be 2

/
27 ∗ (t

/
27) [146, 147]. The value of PC

k , PI
k, PM

k is
assumed to be 0.001, 0.005 and 0.994. Three age thresholds, maximum threshold Amax,
intermediate threshold Am, and minimum threshold Amin, are considered in the model. The



48 3 A Predictive Opportunistic Maintenance Strategy

Table 3.1: Technical parameter of 3MW offshore wind turbine

Parameter Value
Rated power 3 MW

Rotor configuration 3 blades
Drivetrain High speed, multiple-stage gearbox

Rotor diameter 90m
Hub height 80m

Cut-in speed 3m/s
Rated speed 12m/s

Cut-out speed 25m/s

maintenance improvement of two levels, l1 and l2, are 0.5 and 0.7 respectively, indicating
the maintenance quality will be more significant for older components. Accordingly, the
maintenance task of higher quality is more costly. The values of b1, b2, b3 and b4 are 0.025,
0.05, 0.075 and 0.1 respectively. The values of rikm and ηikm are both 1, and dikm is 2.

Table 3.2: Failure distribution and cost parameters for critical components.

Component
Shape

parameters

Scale
parameters

(days)

Failure
replacement

(kC)

Preventive
replacement

(kC)
Rotor&blade 3 1847 215 55

Bearing 2 1811 60 15
Gearbox 3 1477 260 65

Generator 2 1594 90 25
Pitch system 3 1144 46 10

3.3.2 Results

There have been three strategies, NABO Strategy, SABO Strategy, and MABO strategy, as
follows:

1. NABO Strategy
In the first strategy, only failure and incident can trigger the maintenance opportunities

and the age-based opportunity is not considered, similar as the model in the paper [137].
This kind of strategy is called as NABO Strategy (none age-based opportunity).

2. SABO Strategy
Failure and incident can trigger the maintenance cycle. Besides, if any component age

reaches Amax, the age-based opportunity will arise, like the model in the paper [117], the
model is called SABO Strategy (single age-based opportunity).

3. MABO Strategy
The proposed strategy is called as MABO Strategy (multiple age-based opportunity).

Failure-based, incident-based, and age-based opportunities exist in the strategy. If a prede-
termined number of components are aged, the maintenance decision can also be made to
maintain the wind farm.
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The decision variables of the model (MABO Strategy) are Amin, Amax, ζ. The annual
maintenance cost is the function of these decision variables. The GA algorithm IS config-
ured with a population size of 40 individuals and a maximum number of generations (G)
of 50. The Monte Carlo simulation method is implemented to evaluate the outcome of the
proposed maintenance strategy. The fitness value of each individual is evaluated by Monte
Carlo simulation with 500 times. With this setting, the simulation in Fig. 3.5 should be run
1×106 times, which is implemented in MATLAB software. The GA optimization process
results are represented in Fig. 3.7. The optimal combination of three decision variables is
about (0.65, 0.94, 1.2%), with the lowest value 1956kC.
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Figure 3.7: The genetic algorithm optimization process results

In order to illustrate how the varying variables affect the annual cost, we further test
various combinations in Fig. 3.8 and show the effects of age percentage threshold under
MABO Strategy when ζ equals 1.2% in Fig. 3.9. In Fig. 3.8, there exists an optimal com-
bination of the decision variables which can minimize the annual maintenance cost. The
variable ζ determines the exact number of the “multiple” in the MABO Strategy. We select
and present four faces (ζ = 0.8%,1.2%,2.0%,2.8%,) in the figure where the lowest point
is on the yellow face (ζ = 1.2%). The lowest point means the optimal combination of the
variables (0.65, 0.94, 1.2%).

In Fig. 3.9, when changing Amin or Amax, the trend is similar: the annual cost gradually
drops as the increase of age threshold until the bottom, then increases to a high value. For
the former, it can be explained that resulting from the lower threshold, more components
are determined to be repaired in one maintenance cycle, contributing to more money. Then
as the increase of threshold, the number of qualified components decreases, but the state
of wind farm becomes worse due to less frequent repair. For the latter, the lower threshold
indicates more components need to preventively replaced. More components are likely to
fail due to insufficient preventive maintenance if the threshold is set at a higher percentage
of the failure age.

In Fig. 3.10, the comparison among three strategies under different thresholds is illus-
trated. The MABO Strategy is the most cost-effective strategy after optimization as shown
in Fig.3.10 and Table 3.3. In the figure, the blue face (MABO Strategy) is the lowest in
almost half of the area. However, it is found that it is not always the most cost-effective
when varying the maintenance thresholds. When Amax is very high, MABO and SABO
both perform better than NABO, because the expensive failure replacement can be avoided
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Figure 3.8: Annual costs versus combinations of decision variables Amin, Amax, ζ

due to the benefit of age-based opportunity. When Amax begins to decrease, it will become
gradually easier to trigger the age-based opportunity, causing the increasing maintenance
frequency and cost, especially for SABO (yellow face). In these occasions, the NABO
Strategy has a better performance to reduce costs. Compared with MABO and SABO, the
variance of annual cost is relatively stable when changing threshold for NABO Strategy
(as shown in green face), because the change of thresholds does not affect the trigger of
age-based opportunity.

Table 3.3: Optimized results of three strategies

Strategy Amin Amax ζ Annual cost (kC)
MABO 0.65 0.94 1.2% 1956
SABO 0.64 0.96 - 1984
NABO 0.60 0.90 - 1996

3.3.3 Comparative analysis

In order to study the differences among three strategies and discuss the reasons, all the
parameters should be assumed the same, and the strategies are applied on the following
base scenario: Amax = 0.95, Amin = 0.5, ζ=1.2% .

In Fig. 3.11, the Monte Carlo simulation of three strategies is presented, where the num-
ber of iterations is presented by W . The simulation is run independently in each iteration.
The convergence analysis for the Monte Carlo simulation is conducted. After running the
Monte Carlo simulation for 500 iterations, it can be seen that no significant variations of
the intermediate mean value are obtained. It indicates that the 500 iterations provide a suf-
ficiently accurate statistical analysis of the results. The final results at the 500 simulation
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Figure 3.9: Annual cost with different age thresholds under MABO Strategy when ζ=1.2%

Figure 3.10: Annual cost with different age threshold under three strategies

times are used to estimate the economic of different strategies. As shown in Table 3.4 and
Fig. 3.12, these results suggest that MABO strategy shows the economic advantage com-
pared with other two strategies. By introducing the age-based opportunity, the cost of failure
replacement decreases accompanied by a increase in the cost of major repair, fixed cost and
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transportation cost. In SABO strategy, the triggering condition is set as single component.
The corresponding result is the offshore wind farm can be maintained to a good state, with
the lowest costs of replacing failed components. However, more maintenance cycles and
activities make the costs of major repair, fixed and transportation cost grow, inducing the
strategy doesn’t perform satisfactorily in the aspect of economic. The age-based opportu-
nity reduces the occurrence of failure events at the expense of triggering preventive repair
more frequently. The MABO strategy found a balance to reduce the replacement costs with
a slight increase of the major repair, fixed and transportation costs. Overall, the proposed
MABO opportunistic maintenance strategy can lower the total maintenance costs compared
with the other two strategies.

Figure 3.11: Comparison of different opportunistic maintenance strategy

Table 3.4: Breakdown of maintenance costs of different strategies
Annual

cost (kC)
Failure

replacement (kC)
Preventive

replacement (kC)
Major

repair (kC)
Transportation

and fixed cost (kC)
NABO strategy 2149 271 67 1070 741
SABO strategy 2173 126 54 1148 845
MABO strategy 2116 198 63 1089 766

The effects of following parameters on the MABO strategy: percentage threshold of
number of aged components, ζ; the occurrence probability of critical, influential and minor
impact, PC

k , PI
k, PM

k ; the size of the offshore wind farm K, are further shown. The value of
these parameters will change gradually and all other parameters remain fixed.
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Figure 3.12: Comparison of maintenance cost percentage for different maintenance strate-
gies

In Fig. 3.13, as the increase of percentage threshold ζ, the annual cost drops at first until
the bottom, then gradually grows with slight fluctuation. The size of the wind farm is 50
turbines with 250 critical components. The range of percentage thresholds from 0.4% to
3.2% indicates the number threshold of aged components is from 1 to 8. When the number
is 1, that means once one component is determined to be aged, the age-based opportunity
will make the maintenance cycle start. The number is 2 means two or more than two aged
components can trigger the maintenance. And so on, for each set of percentage threshold.
At the threshold of 0.4%, the failure occurrence can be avoided as much as possible, but the
frequency of maintenance is also the highest resulting from the easily triggered conditions.
The frequent maintenance results in the highest total cost. Then, as the increase of threshold,
the negative influence of maintenance frequency weakens, but component failure is more
likely to occur, resulting in the costly repair. A balance considering these two factors is
find out until the lowest point at 1.2%. Afterwards, the effect of failure occurrence becomes
significant, causing the rise of annual cost.

Setting of the parameters of the environmental impact presents the harshness of the ma-
rine environment. In Fig. 3.14, it clearly shows that the annual cost rises as the increase of
the probability of critical impact and influential impact. The value of PC

k has the most sig-
nificant influence. The higher probability results in more components have to be completely
replaced, so the cost of failure replacement will increase obviously. The influential impact
can only accelerate the degradation, so its effect is less significant.

As shown in Table 3.5, the opportunistic maintenance strategy is applied to the off-
shore wind farms with different number of turbines. When comparing MABO strategy with
NABO strategy, for the small-scale farm, the results reveal that the cost saving is the most
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Figure 3.13: Annual cost with different percentage thresholds

Figure 3.14: The effect of varying probability of impact on annual maintenance cost

significant, as high as 11.9%. However, as the expansion of farm the reduction of main-
tenance costs become less considerable. It is largely explained by the more occurrence of
failure-based opportunities and incident-based opportunities with the increase of farm size.
The number of failure and incidents is less for a small-scale farm. In this case, the age-based
opportunity is more promising to trigger the preventive maintenance and avoid failure re-
placement, then save more money. When the farm gets larger with even 100 turbines, the
failure because of degradation or environmental impact have provided a number of oppor-
tunities to start the maintenance cycles. The age-based opportunity could make the strategy
perform better on this condition, but not as substantial as small-scale farm. When the size
is small, the cost savings of SABO strategy and MABO strategy is the same, because the
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single component is the best option to trigger preventive dispatch. However, the execution
of SABO strategy becomes more costly as the increase of the farm size, even exceeding the
NABO strategy. More turbines mean the number of aged component is more, so the over
frequent maintenance activities may result in much unnecessary costs. In summary, the
MABO and SABO strategy can reduce maintenance costs for a small-scale offshore wind
farm when compared with NABO strategy. As the increase of turbine number, the MABO
strategy is still the best option, followed by NABO strategy and SABO strategy.

Table 3.5: The cost savings under different size of offshore wind farm

Farm size
NABO

strategy (kC)
SABO

strategy (kC)
MABO

strategy (kC)
Cost savings

(%)
10 463 408 408 11.9%/-
20 865 816 816 5.7%/-
50 2149 2173 2116 1.5%/2.6%
80 3574 3692 3507 1.9%/5%

100 4572 4731 4547 0.5%/3.9%

In Fig. 3.15, the number threshold of aged components, U , is changed under the MABO
strategy when the size of wind farm is different. The annual cost of NABO strategy is seen as
the comparison criterion, and the cost saving is presented by Q. When the threshold is only
1, the maintenance cost is minimized for the 10-turbine and 20-turbine farm. The preventive
dispatch can significantly avoid the severe failure occurrence and high replacement costs.
Furthermore, the case is also difficult to happen that more than 1 components reach the
maximum age threshold at the same time for a small-scale farm. The more thresholds can
only make the age-based opportunity happen more impossibly and the improvement weaken
successively. When the number of turbines increase to 50, 80 and 100, the optimal number
thresholds are obtained as 3, 5 and 7 respectively, showing that the optimal number of aged
components increases as the wind farm enlarge.

3.4 Conclusions
In this chapter, a predictive opportunistic maintenance strategy for offshore wind farms is
proposed, in order to answer the Research Question 2. The offshore wind turbines oper-
ating in the harsh marine environment do not only suffer from degradation, but also im-
pact from environment. The failures due to ultimate degradation and critical impact will
create maintenance opportunities, namely failure-based opportunity and incident-based op-
portunity. Another maintenance opportunity considering the number of aged components,
age-based opportunity, is also considered to balance costly failure replacement and over
frequent maintenance cycles. In these maintenance opportunities, wind turbine components
are classified into failed, ages, mature, and young components according to the predicted
failure times.

The proposed strategy is applied in a generic offshore wind farm to evaluate its perfor-
mance. The comparative analysis shows the MABO and SABO strategies can both reduce
about 11.9% cost than NABO strategy for a 10-turbine farm. When the scale of the farm
enlarges, the MABO strategy still has the best performance. An economic benefit of 2.6%
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Figure 3.15: Strategy improvement under different size of offshore wind farm

and 1.5% respectively can be achieved for a 50-turbine farm when compared with SABO
and NABO strategy. When the number of turbine increases to 100, MABO strategy saves
3.9% and 0.5% costs respectively in comparison to SABO strategy and NABO strategy.

In the model in this chapter, the model parameters are assumed to be accurately known
in advance, which is not applicable in practice. It is necessary to identify the potential un-
certainty existing in the model, and then quantify their influence on maintenance strategies
and performance, which is addressed in Chapter 4.



Chapter 4

Influence of Uncertainty on
Maintenance Strategies and
Performance

In Chapter 3, a predictive opportunistic maintenance strategy is proposed to design a long-
term maintenance strategy for offshore wind farms covering lifetime. However, the poten-
tial uncertainty in the model is not considered, but will be studied in this chapter. This
chapter proposes a holistic framework to integrate maintenance strategy, decision-makers’
objectives and uncertainty modelling, which is designed for a more realistic maintenance
decision-making environment, aiming to quantify the impact that uncertainty has on mainte-
nance performance and provide a series of maintenance strategies meeting decision-makers’
different demands while considering uncertainties.

The remainder of this chapter is organized as follows. Section 4.1 introduces the back-
ground. In Section 4.2, the maintenance model is furthered developed based on the model
in Chapter 3. In Section 4.3, the concerned uncertainties are characterized and modelled.
The optimization method used to find the balanced solutions between multiple objectives
is presented in Section 4.4. In Section 4.5, the proposed framework is applied in a generic
offshore wind farm. The results and discussion are also presented. Section 4.6 concludes
this chapter.

Parts of this chapter have been published in [105]1 and [103] 2.

4.1 Introduction
The optimization of maintenance strategy aims to provide decision-makers maintenance
decisions to determine the necessary maintenance actions which should be performed on

1M. Li, X. Jiang, J. Carroll, and R. R. Negenborn. A multi-objective maintenance strategy optimization
framework for offshore wind farms considering uncertainty. Applied Energy, 321:119284, 2022.

2M. Li, X. Jiang, J. Carroll, and R. R. Negenborn. Influence of uncertainty on performance of opportunistic
maintenance strategy for offshore wind farms. In Proceedings of the OCEANS 2021, pages 1–10, San Diego, USA,
2021.
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the qualified components and turbine. The consideration of uncertainty in maintenance
optimization is significant and challenging, but very few studies addressed this issue. As
stated in Chapter 2, most of the existing research correlated to maintenance optimization is
to build maintenance models in a deterministic scenario and perform optimization to purse
a cost-effective solution.

However, the maintenance decision-making in reality is full of uncertainty. The deter-
mination of maintenance strategies relies on the development of maintenance model where
various types of uncertainty are involved. For example, the exact values or distribution
characteristics of input parameters are not deterministic due to insufficient information, but
are assumed to be deterministic[34]. As another example, when the maintenance model
is developed to explain real maintenance behaviours for offshore wind farms, the assump-
tions, simplifications, and generalizations involved make the maintenance model unable to
accurately represent true characteristics [47]. The presence of uncertainty affects the esti-
mation of maintenance performance along with the determination of maintenance strategy.
In the context, the determined maintenance strategy may become sub-optimal and need ad-
justment. In addition, the maintenance objectives the decision-makers care about are often
more than only maintenance costs. In reality, the decision-makers often focus on multi-
ple maintenance objectives as opposed to a single objective such as minimum maintenance
costs. The uncertainties have an impact on different maintenance goals, and the magnitude
of the impact is likely to vary with the degree of uncertainty.

Therefore, to address the above issues, an integrated framework is proposed to quantify
influence of uncertainties, incorporating i) a maintenance model which is applied to esti-
mate maintenance performance, including maintenance costs and production losses, ii) a
probabilistic uncertainty modelling approach which is used to characterize different types
of uncertainty and a Monte Carlo method is adopted to generate stochastic scenarios, and
iii) a multi-objective optimization method used to find the optimal decisions in the presence
of conflict between multiple objectives.

4.2 Maintenance model

In this section, a mathematical model is proposed to formalize the maintenance model which
is extended based on Chapter 3. In order to maintain the readability of the article and the
continuity of research, the model will be briefly described and particular emphasis will be
placed on the newly added elements. The purpose of the maintenance model is to evaluate
the maintenance performance, including maintenance costs and production losses over the
overall lifetime. The evaluation is then used in the optimization model to guide the search
for the optimal solutions.

4.2.1 Maintenance opportunities and component condition

Suppose that an offshore wind farm consisting of K turbines, and each turbine is composed
of I critical components. The failure time of component i at turbine k at yth decision point
is predicted as ṽiky. According to the predicted failure time, the component condition is
estimated by comparing its age uiky with prediction result ṽiky.
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In a maintenance cycle, the components are performed different types of maintenance
on depending on their conditions. Four types of maintenance actions are considered: failure
replacement, preventive replacement, major repair, and basic maintenance. The total num-
ber of maintenance cycles is S, and the arrival time of s-th maintenance cycle is Ts. After the
s-th maintenance cycle, the age of component i at turbine k is uiks. The maintenance action
of mth level in the (s+1)-th maintenance cycle updates the component age as [88]

uik(s+1) = θlm(uiks +Ts+1−Ts), (4.1)

where uik(s+1) is the new component age after repair; θlm is maintenance quality for mth
maintenance level. Failure replacement is performed on the failed components due to criti-
cal impact or degradation. Preventive replacement is preventively replacing the components
which are aged. These aged components reaching threshold Amax are determined to be on
the verge of failure and thus require preventive replacement (m = 1). Both failure replace-
ment and preventive replacement reset the age of component to 0, which are regarded as
perfect maintenance (θlm = 0).

In the maintenance cycle, the component below Amin is manually reset and checked
with the capacity of ensuring the operation of components, such as lubricating, adjusting,
tightening, and cleaning (m = M). This basic maintenance does not improve the state of the
undertaken components, indicating the value of θlm is 1 and the component age does not
change after repair.

The components between these two thresholds Amax and Amin are determined as mature
components. The entire range between Amax and Amin is uniformly divided into (M−2) age
groups. Component i at turbine k is performed the mth level of repair when the age falls
into corresponding age groups [137]:

ṽiky

[
Amax− Amax−Amin

M−2
(m−1)

]
≤ uiky < ṽiky

[
Amax− Amax−Amin

M−2
(m−2)

]
, (4.2)

where m = 2,3, . . . ,M−1

4.2.2 Decision variables

There are three decision variables of the maintenance model: Amax, Amin, ζ. The variables
Amax and Amin can be regarded as the criterion to determine whether a component is qual-
ified for a specific type of repair. The number of different types of maintenance actions
changes with the varying values of Amax and Amin. In addition, the combination Amax and ζ

determines the occurrence of ageing-based opportunity. Therefore, the decision vector is:

~x = [Amax,Amin,ζ]. (4.3)

4.2.3 Model output

Two kinds of output are concerned in the model. The first one is maintenance related cost,
including the cost of the materials used for repair, mobilization cost, vessel costs and tech-
nician costs for the execution of maintenance tasks. In addition to maintenance related
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cost, another output is the production losses during the turbine downtime. Compared to
the model in Chapter 3, the new output, production losses, is introduced, and the vessel
costs and technician costs are used to replace the transportation cost. The introduction of
these new elements further supplements the details of the model and better describes the
consequences of wind farm maintenance.

The total cost of the materials used for repair CMAT is obtained as follows:

CMAT =
S

∑
s=1

K

∑
k=1

I

∑
i=1

(
RFR

iks XFR
iks +RPR

iks XPR
iks +

,M−1

∑
m=2

RMAR
iks XMAR

ikms +RMIR
iks XMIR

iks

)
, (4.4)

where RFR
iks , RPR

iks , RMAR
ikms , and RMIR

iks is the cost of failure replacement, preventive replacement,
mth major repair, and basic maintenance of component i at turbine k in the sth maintenance
cycle; XFR

iks , XPR
iks , XMAR

ikms , XMIR
iks determines whether the maintenance action is conducted. It

is also the sum of (3.16), (3.17), (3.19), and the cost for basic repair.

Vessels are deployed to transport spare parts and technicians from shore to offshore
sites. Considering the weight of the parts and maintenance requirements, different types
of vessels are used for carry out maintenance. The replacement activities are implemented
by using HLVs, because the lifting capacity of large equipment is necessary. A HLV is
a kind of self-elevating barge with the capacity of raising its hull for heavy lifting and
heavy component replacements [162]. A FSV is needed to perform major repair considering
its capacity to transport heavy spare parts. For basic maintenance, a CTV is required to
transport technicians and necessary tools.

In reality, maintenance service providers or asset owners usually own a number of spe-
cific vessels for O&M of offshore wind farms. When facing a high demand of vessels,
service providers may also lease available vessels for a period of time from the market.
Making purchasing/leasing decisions for vessels and optimizing fleet mix and size to sup-
port maintenance activities are usually regarded as tactical decisions in the O&M for wind
energy. Further, the daily scheduling and routing of vessels is considered in the operational
level. The tactical and operational decisions are not the concern of the paper. Here, the costs
for vessels are approximately estimated according to daily cost rate of specific vessels and
repair time of different maintenance categories. The total vessel cost is denoted by CVES as
follows:

CVES =
S

∑
s=1

K

∑
k=1

I

∑
i=1

(NFR
iks XFR

iks QJ+NPR
iks XPR

iks QJ+NMIR
iks XMIR

iks QC+
M−1

∑
m=2

NMAR
ikms XMAR

ikms QS), (4.5)

where QJ, QS, and QC is the daily cost of heavy-lift vessels, field support vessels, and CTVs
respectively; NFR

iks , NPR
iks , NMAR

ikms , and NMIR
iks is repair time of failure replacement, preventive

replacement, major repair and basic maintenance.

Similar to vessel costs, the technician costs is estimated according to the daily personnel
rate, the repair time of different maintenance categories, and the number of technicians
needed to execute a maintenance task. The total technician cost CTEC is calculated as:



4.2 Maintenance model 61

CTEC = T C
S

∑
s=1

K

∑
k=1

I

∑
i=1

 NFR
iks XFR

iks W FR +NPR
iks XPR

iks W PR +NMIR
iks XMIR

iks W MIR

+
M−1
∑

m=2
NMAR

ikms XMAR
ikms W MAR

, (4.6)

where T C is daily personnel cost; W FR, W PR, W MARand W MIR is the number of required
technicians of failure replacement, preventive replacement, major repair and basic mainte-
nance.

When using HLVs to perform replacement, a large amount of cost is consumed to plan
and prepare the marine operation before the vessel arrives at the wind farm, which is the mo-
bilization cost. In each maintenance cycle, the mobilization cost of HLVs is only calculated
for one time. The total mobilization cost CMOB is:

CMOB =
S

∑
s=1

MMOB
s . (4.7)

The downtime is mainly caused by turbine failure and maintenance execution. Once
a failure occurs in the farm, the failed turbine stops operating until it is recovered in the
upcoming maintenance cycle. The running turbines are required to stop operating during
the maintenance execution, resulting in the production losses. Each turbine is assumed to be
subject to one maintenance activity at the same time. The failure time of the component i at
turbine k failing between (s−1)th and sth maintenance cycle is denoted by Fiks− . Because
the offshore wind turbine is a series system, the failure of one component makes the turbine
stop operating immediately. The failure time of the located turbine is represented by FT

ks− .
The total downtime thus can be calculated as

NT =
S

∑
s=1

K

∑
k=1

(Ts−FT
ks−)+

S

∑
s=1

K

∑
k=1

I

∑
i=1

 NFR
iks XFR

iks +NPR
iks XPR

iks +NMIR
iks XMIR

iks

+
M−1
∑

m=2
NMAR

ikms XMAR
ikms

. (4.8)

The production loss is evaluated based on the wind speed data and the design parameters
of the wind turbine, The wind turbine is designed to have a cut-in wind speed (win), a rated
wind speed wrated, and a cut-out wind speed (wout). When the wind speed is too low, wind
speed is not strong enough to make wind turbine operate. As the wind speed increases
to win, the turbine starts to generate electricity by rotating blades. When the wind speed
reaches the range between wrated and wout, the turbine operates in a rated capacity (Prated).
Once the turbine suffers from a wind speed higher than wout, it shuts shown to avoid the
potential damage and risk. The detailed relationship between wind speed (wt ) and turbine
capacity (Pw

kt ) is [63]:

Pw
kt =


0,

Prated(a+bwt + cw2
t ),

Prated,
0,

0≤ wt < win
win ≤ wt < wrated
wrated ≤ wt < wout

wout ≤ wt

(4.9)
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where parameters a, b, and c are obtained as:

a =
win

(win−wrated)
2

[
(win +wrated)−4wrated

(
win +wrated

2wrated

)3
]
, (4.10)

b =
1

(win−wrated)
2

[
4(win +wrated)

(
win +wrated

2wrated

)3

− (3win +wrated)

]
, (4.11)

c =
1

(win−wrated)
2

[
2−4

(
win +wrated

2wrated

)3
]
. (4.12)

The offshore wind farms is designed with a L-year lifetime. During the overall lifetime,
the total costs related to maintenance efforts is denoted by CT which is estimated based
on (4.4)-(4.7), and the total production losses in the downtime is denoted by PT which is
estimated based on (4.8)-(4.12).

4.2.4 Constraints

The constraints of the model are shown as follows:

XFR
iks ,X

PR
iks ,X

MAR
ikms ,XMIR

iks ∈ {0,1} ∀i ∈ I,∀k ∈ K,∀m ∈M,∀s ∈ S (4.13)

0 < Amin < Amax < 1 (4.14)

KIζ ∈ Z+ (4.15)

FT
ks− = min{Fiks−} ∀i ∈ I,∀k ∈ K,∀s (4.16)

In (4.13), the intermediate binary variables indicate whether the different type of main-
tenance action is performed on component i at turbine k in the s-th maintenance cycle. Con-
straint (4.14) determines the decision variable triggering preventive replacement is higher
than the decision variable triggering major repair. Constraint (4.15) determines the thresh-
old of the number of aged components in the farm must be a positive integer. Constraint
(4.16) determines the date of turbine breakdown. Once a component fails, the entire turbine
consequently stops working.

4.3 Uncertainty modelling

The maintenance model in Section 4.2 illustrates the maintenance strategy which is designed
in a deterministic scenario. In this section, three types of uncertainty are characterized and
modelled by using a probabilistic method. Given the probability distribution, the Monte
Carlo method is adopted to generate stochastic values.
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4.3.1 Statistical uncertainty of component reliability

The failure rate of components is usually described as a shape of bathtub curve throughout
the lifetime. Although the failure rate is not constant, the available maintenance models
mostly rely on the simplification of assuming it is constant. This model makes the same
simplification. In order to model the degradation process and generate the failure events
of each component, it is common to select and input a specific lifetime distribution and its
parameter values which are estimated based on mean time to failure [122]. The lifetime dis-
tribution and parameters are typically assumed to be known accurately in the conventional
maintenance models.

However, the estimates of lifetime distributions and parameters is very likely to be in-
accurate in practice. The reasons include the incompatible vendor guidelines due to lack of
knowledge of actual use and repair, and unreliable collected maintenance records and his-
toric failure data for years [35]. Given the same value of MTTF, the mean value of the distri-
bution function estimating the probability of a failure occurrence corresponds to the MTTF,
but the shape of different distribution and parameters results in different failure probabilities
in certain intervals. In other words, the observations of failure data may not follow a clear
pattern, then failure of components can be modelled in various lifetime distributions and
parameters generating different failure behaviour of components, and consequently affect
the model output [34]. This is a type of uncertainty in the lifetime distribution function
and parameters under the same MTTF, which decision-makers are confronted with when
designing the maintenance strategy.

Weibull, Exponential, Uniform, and Normal distributions are selected as the examples.
As shown in Fig. 4.1, various lifetime distribution functions have the same value of MTTF
(2679 days). It means the simulated failure events occur every 2679 days on average, but
failure characteristic follows different pattern. Even though it is assumed that the distribu-
tion function is certainly known, such as Weibull distribution, the varying shape parameter
in the range of [2.5, 3.5] still lead to different dispersion.

Decision-makers need to input the lifetime distribution functions and parameters into
the maintenance model to model degradation process of components and randomly repro-
duce the time to failure. The occurrence of maintenance opportunities depends on failure
and condition of components in the offshore wind farm. The uncertainty of distribution
functions and parameters may result in different model performance, and then influence
decision-making.

4.3.2 Uncertain performance of component lifetime prediction

When a maintenance cycle is triggered, the number of components and turbines which are
repaired or replaced is determined by comparing the component condition with maintenance
thresholds. Because the real failure times of component is unknown in advance, remaining
useful life (RUL) prediction technology is employed to make predictions which are regarded
as the important decision basis to plan maintenance actions.

Diagnostic signals including vibration, acoustic emission, strain, torque, temperature,
lubrication oil parameter, supervisory control and data acquisition (SCADA) system signals
are provided by the sensors installed on critical components [126]. By analysing the signals,
RUL prediction technology can provide information with respect to the time when the fail-
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MTTF

Figure 4.1: Probability density of various lifetime distribution and parameter

ure will occur. RUL prediction methods are basically classified into model-based methods
and data-driven methods. Model-based methods use the knowledge of failure mechanisms
to describe the system degradation process in a mathematical way. The operational data
is collected to update the model parameters [93]. Data-driven methods use history data to
derive the degradation process or match with history patterns to infer RUL [21].

These research mainly focuses on increasing the accuracy of prediction to provide more
reliable information for the maintenance decisions. It would be ideal if the actual failure
times can be accurately forecast, but the error between predicted and real failure times is
inevitable. The inaccurate prediction indicates the component is maintained earlier or later
than ideal timing, which is another type of uncertainty in the model.

The age of component i at turbine k at yth decision point is denoted by uiky. At the
decision point, RUL prediction is performed to obtain the predicted failure age by analysing
condition information of component. The predicted failure age is represented by ṽiky. and
the predicted RUL percentage P̃iky is obtained as (ṽiky− uiky)/ṽiky. The real failure age of
the component is represented by viky, and the real RUL percentage Piky is represented by
(viky−uiky)/viky.

In order to quantify the prediction performance, an indicator called average prediction
error is usually used to evaluate the average prediction accuracy. If the total number of
inspection during the lifetime is Y, average prediction error ē is calculated as [159]:

ē =
1
Y

Y

∑
y=1

∣∣Piky− P̃iky
∣∣. (4.17)

Th average prediction error is not constant during the lifetime of component. As the
component gradually degrades, the component age is close to the failure age. The prediction
results become more accurate as the component gets closer to failure [131]. The error
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Figure 4.2: Simulated deviation between real and predicted component life

between real RUL percentage Piky and predicted RUL percentage P̃iky is denoted by eiky,
which is assumed to follow a Normal distribution:

eiky =
∣∣∣Piky− P̃iky

∣∣∣∼ N(µR
iky,δ

R
iky

2
), (4.18)

where µR
iky is expected value and δR

iky is standard deviation. With the decrease of RUL, the
prediction accuracy increases, meaning the error eiky gradually becomes lower. Thus the
magnitude of error is positively correlated with the RUL. Suppose that µR

iky = µa + apPiky

and δR
iky = δa +asPiky. Parameter µa and δa indicates the error always exists no matter how

close the component is to fail. Positive parameters as and ap depicts that the error increases
with the increase of RUL. Hence the deviation between predicted and real failure times
is presented in this way, as shown in Fig. 4.2, thereby simulating the situation where the
maintenance decision is not ideal due to the prediction error.

4.3.3 Ambiguous estimation of maintenance consequences
After performing a maintenance action on the component, there is a corresponding cost and
time consumed while the condition of the component is improved, which can be considered
as the consequences of the maintenance action. The maintenance action is usually assumed
to restore the state of component back to perfect, recover the stage with a certain degree,
or not change the component age. However, the quality of maintenance is closely related
to repairman’s expertise, working environment, maintenance tools, etc., meaning the real
value of maintenance quality varies from the expected maintenance effect. Meanwhile, the
cost of the materials used for repair and the time spent on performing maintenance actions
are closely related to maintenance quality, which are uncertain as well. The uncertain main-
tenance consequences is the third type of uncertainty concerned in the work.
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Considering the consequences of replacement and basic repair are stable, the model
mainly focuses on uncertainty relevant to major repair. The quality of major repair is often
assumed as a fixed value in many studies of wind energy maintenance [43], indicating the
major repair can successfully reduce the component age as expected. This assumption may
disagree with the real-world maintenance situations. The real maintenance quality can not
be specified precisely as a fixed value. It is more reasonable and realistic to model it as
a variable which is close to an expected value but is uncertain. The value of maintenance
quality is between 0 and 1, because major repair can recover the component to an interme-
diate state between as good as new and as bad as old. In probability theory and statistics,
the beta distribution has been applied to model the behaviour of random variables limited
to interval [0,1]. It is assumed that the random maintenance quality θlm of mth maintenance
level follows a beta distribution. The probability density function is:

f p(θlm) =
Γ(αr

m +βr
m)

Γ(αr
m)Γ(β

r
m)

θ
αr

m−1
lm (1−θlm)

βr
m−1, (4.19)

where αr
m and βr

m are two positive shape parameters.
The expected value µr

θlm
and the standard deviation σr

θlm
are:

µr
θlm

=
1

1+ βr
m

αr
m

. (4.20)

σ
r
θlm

=

(
αr

mβr
m

(αr
m +βr

m)
2(1+αr

m +βr
m)

) 1
2

. (4.21)

The value of µr
θlm

is the age percentage which the component age is expected to reduce
to. The value of σr

θlm
characterises the instability of the maintenance quality. A higher

standard deviation indicates the value of maintenance quality fluctuates in a larger range, as
shown in Fig. 4.3.

The maintenance quality usually improves if more budget and time are allocated. In
other words, the maintenance quality is positively correlated with the money and time spent
on maintenance. The relationship between maintenance quality and cost is shown as [115,
123]:

RMAR
ikms = RPR

iks (1−θlm)
ηc , (4.22)

where RMAR
ikms is the cost of mth level major repair of component i at turbine k in the s-th

maintenance cycle; ηc is the coefficient determining the relationship between maintenance
quality and corresponding repair cost.

Similarly, the relationship between maintenance quality and time is shown as [115, 123]:

NMAR
ikms = NPR

iks (1−θlm)
ηt , (4.23)

where NMAR
ikms is repair time of mth level major repair of component i at turbine k in the sth

maintenance cycle; ηt is the coefficient determining the relationship between maintenance
quality and corresponding repair time.

(4.22) and (4.23) estimate the amount of cost and time invested in maintenance actions.
The coefficients ηc and ηt influence how much more cost and time are needed with the
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Figure 4.3: Maintenance quality under different uncertainty level

increase of maintenance quality. In other words, larger ηc and ηt means a more efficient
maintenance action with less cost and time [115]. However, if these parameters are set
as constant, the cost and time invested must be the same as long as the same quality of
maintenance is achieved, which may not be realistic. Furthermore, the value of ηc and ηt
are not explicit enough considering quality and quantity of historical maintenance record
in wind industry is still insufficient. Instead of a fixed value, the coefficients ηc and ηt are
assumed to be random values following a Normal distribution. Therefore, the coefficient ηc
is represented as ηc ∼ N(µc,δ

2
c) and the coefficient ηt is represented as ηt ∼ N(µt,δ

2
t ).

4.4 Multi-objective optimization method

The section illustrates the process of searching for the optimal solutions among the universe
of possible options, that is, the optimization problem needs to be solved. The two objectives
of the optimization problem are identified as minimizing annual maintenance costs Ac and
minimizing annual production losses Ap, which are shown in the following form:

min Ac(Amax,Amin,ζ) =
CT

L
(4.24)

min Ap(Amax,Amin,ζ) =
PT

L
(4.25)

It is very difficult or even impossible to find an optimal solution to satisfy multiple objec-
tives simultaneously, especially when these objectives may be conflicting. In order to obtain
solutions which are appropriate from different perspectives, a multi-objective optimization
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method is used to provide decision-makers with a better position to make maintenance de-
cisions.

The multi-objective optimization methods can be broadly categorized into: scalariza-
tion approaches and Pareto approaches [19]. Scalarization approaches are to translate a
multi-objective optimization problem into a single or a series of single objective optimiza-
tion problems. The typical scalarization approaches include weighted sum approach, ε-
Constraint Method, etc. Pareto approaches aim to generate a set of Pareto optimal solutions
for decision-makers to choose from.

Non-dominated Sorting Genetic Algorithm-II (NSGA-II) method, a kind of Pareto ap-
proach, has been one of the most popular multi-objective optimization methods and widely
used in many real-world applications [118]. NSGA-II was proposed by [38]. As an im-
proved version of NSGA, NSGA-II has the advantages including a fast non-dominated sort-
ing approach which reduces high computational complexity, a crowding distance technique
which provides diversity in solution, and an elitist-preserving approach retaining the current
optimal solution to the next generation. Considering its fast running speed and good conver-
gence of the solution set, it is selected as the multi-objective optimization method solving
the model. More detailed description of the algorithm can be found in [38].

The proposed framework of optimizing maintenance strategy considering uncertainty is
shown in Fig. 4.4, and the main steps are listed as follows:

Step 1: Initialize the necessary parameters for maintenance model, uncertainty model,
and NSGA-II optimization method.

Step 2: The fist population containing ϒ individuals are generated from the initial pop-
ulation after non-dominated sorting, selection, crossover, and mutation.

Step 3: Perform selection, crossover, and mutation to create the offspring population
based on the first generation. The parent and offspring populations are merged as an inter-
mediate population,

Step 4: Each individual containing decision variables is input into the maintenance
model. In order to obtain reliable and stable results, the simulation of maintenance model
is run for Θ times.

Step 5: In each simulation, the deterministic parameters are modelled by using a proba-
bilistic method in the uncertainty model. The uncertainty scenarios are generated randomly
by Monte Carlo method.

Step 6: The model outputs including annual maintenance cost Ac and annual production
loss Ap is calculated in each simulation. After running the simulation for Θ times, the
average results are calculated to represent the values of objective functions under a specific
set of decision variables.

Step 7: Carry out fast non-dominated sorting and virtual crowding distance calculation
for the merged population. The implementation of fast non-dominated sorting is based on
the maintenance cost and production loss of individual, which is estimated in Step 6. The
crowding-distance computation requires sorting the population according to each objective
function value. The overall crowding-distance value is calculated based on the distance
information of individual variables in the variable space.

Step 8: The new individuals are selected as the next generation according to fast non-
dominated sorting and virtual crowding distance.

Step 9: The stopping criterion is checked. If the maximum generation is not reached,
the population is updated with the new individuals. The updated population is expected to
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perform better than the previous generations. The new population undergoes the evolution
process and is input to the maintenance model again. The number of generation increases
until the maximum generation Ω.

Step 10: A set of non-dominated solutions is returned in the final step, which is regarded
as the optimal solutions considering uncertainty.

Figure 4.4: Flowchart of the proposed multi-objective optimization framework of mainte-
nance strategy considering uncertainty

4.5 Case study

4.5.1 Scenario set-up

The case study is expanded based on the case in Section 3.3.1. The parameters related to
wind speed, vessels and technicians, uncertainty modelling are added. The input data for
wind speed in the simulation is taken from the Royal Netherlands Meteorological Institute
(KNMI). The generation of daily wind speed data is based on the 34-year from 1979 to 2012
[170]. The graph illustration of the wind data and turbine design parameter is provided in
Fig. 4.5. The parameters of vessel and technician are derived from [44, 91], as listed in
Table 4.1. The repair time of failure replacement, preventive replacement, and basic repair
is 70h, 50h, and 6h [91].
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Figure 4.5: Wind speed and turbine design parameter

Table 4.1: Parameters of required vessels

Vessel type CTV Field support vessel Heavy-Lift vessel
Mobilization cost (kC) 0 0 57
Daily vessel cost (kC) 8 18 50
Required technician 2 4 6-8

Daily technician cost (kC) 0.6
Working shift (hours) 12 hours

4.5.2 Optimization results disregarding uncertainty

In this section, the maintenance strategy is optimized disregarding the uncertainties. The
deterministic input parameters have been provided in the Section 4.5.1. Table 4.2 reports
the parameter settings for the NSGA-II algorithm used to obtain optimal solutions. The
algorithm is configured with a population size of 60 individuals and a maximum number
of 50 generations. The algorithm is implemented in Matlab® employed, using a computer
equipped with 32 Intel Xeon Gold 5218 CPU 2.3GHz and 192 GB of memory. By imple-
menting parallel computing, the time consumption is about 21 hours.

Fig. 4.6 represents the populations and Pareto front obtained in selected generation.
Fig. 4.6(a) illustrates the convergence plot of populations versus the number of generations.
The populations gradually converge with the increase of generation. A generation refers to
a single iteration of the algorithm’s main loop. Each generation consists of a set of indi-
viduals that are evaluated based on their performance on multiple objective functions. The
figure indicates the front has converged well at the 50th generation, indicating the solutions
on the front can be accepted as optimal solutions.

All the non-dominated solutions at the 50th generation are shown in Fig. 4.6(b). A se-
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Table 4.2: Configuration of NSGA-II algorithm

NSGA-II parameter Parameter value (type)
Maximum generation 50

Population size 60
Mutation operator Gaussian mutation
Crossover operator Intermediate crossover

Mutation probability 0.17
Crossover probability 0.67

ries of solutions are found when approaching the multi-objective optimization, addressing
trade-offs among values of the objective functions. These solutions are non-dominated to
each other, but dominate the rest of solutions. It is found that these two objectives do
not completely conflict. In other words, the decrease of one objective function does not
necessarily cause the increase of another objective function. The range of annual cost is
from 3.22× 103kC to 3.29× 103kC, and the annual production loss is in the range of
5.46× 103MWh to 5.78× 103MWh. These solutions are helpful for decision-makers to
select a feasible solution so as to satisfy their preferences and requirements. Three repre-
sentative solutions are highlighted on the front, namely a maintenance cost priority solution,
a production loss priority solution, and a compromise solution. The decision instructions
based on different solutions are discussed in Section 4.5.3 and Section 4.5.4.

4.5.3 Influence of uncertainty
The three solutions marked in Fig. 4.6(b) represent the different preferences of the decision-
maker. The solutions from cost priority to production priority are named as Solution 1-3,
which are considered as the benchmark.

In Table 4.3, the cases are listed to represent different types of uncertainty. From Case
1-1 to 1-4, the shape parameter σ gradually rises from 2 to 3, and Case 1-3 represent the
value of σ is uniformly distributed in the range of [2,3]. Case 1-5 to 1-7 show the Uniform
and Normal distribution. Cases from 2-1 to 2-6 generally represent the increasing error
between real and predicted failure time. Case 3-1 to 3-3, the uncertain maintenance quality
is mainly concerned about, and Case 3-4 to 3-6 focus on the uncertain repair cost and time.

Fig. 4.7, Fig. 4.8, and Fig. 4.10 illustrate how the maintenance performance changes un-
der different cases. Although minimum maintenance cost and minimum production loss
are two different objectives, Fig. 4.6(b) has shown the conflict between the two goals is not
serious, so the non-dominated solutions are located in a relatively small range. This results
in the trend of Solution 1-3 changes similarly. In Fig. 4.7, from Cases 1-1 to 1-4, the values
of Ac and Ap both tend downwards with the increase of shape parameter. In Weibull dis-
tribution, the shape with a higher shape parameters is more concentrated around the value
of MTTF (shown in Fig. 4.1). In addition, the increase of standard deviation of Case 1-6
and 1-7 induces the increase of Ac and Ap. That reveals that when lifetime is modelled by
using the distribution where the values tend to stay within a narrow range around MTTF, the
model outputs are lower. It gives an explanation of the lower results when using the Weibull
distribution with higher shape parameter and the Normal distribution with less standard de-
viation as the input. Moreover, when using Normal distribution and Uniform distribution,
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Figure 4.6: Optimization results disregarding uncertainty: (a) Convergence of populations.
(b) Non-dominated solutions at 50th generation
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Table 4.3: Cases representing different types of uncertainty

Case
Lifetime distribution

and parameter
Case Prediction error Case Maintenance consequences

1-1
Weibull

(σ=2,ε = MTTF
Γ(1+ 1

σ
)

) 2-1
µa, δa = 0.005,

as, ap=0.05
3-1

Quality
(σθlm

=0.001)

1-2
Weibull

(σ=2.5, ε = MTTF
Γ(1+ 1

σ
)

) 2-2
µa, δa=0.005,

as, ap=0.1
3-2

Quality
(σθlm

=0.005)

1-3
Weibull

(2≤ σ≤ 3, ε = MTTF
Γ(1+ 1

σ
)
) 2-3

µa, δa=0.01,
as, ap=0.1

3-3
Quality

(σθlm
=0.01)

1-4
Weibull

(σ=3, ε = MTTF
Γ(1+ 1

σ
)

) 2-4
µa, δa=0.015,

as, ap=0.1
3-4

Cost and time
(ηc, ηt∼ N(2,0.12))

1-5
Uniform

( 1
2 MTTF, 3

2 MTTF)
2-5

µa, δa=0.01,
as, ap=0.15

3-5
Cost and time

(ηc, ηt∼ N(2,0.32))

1-6
Normal

(MTTF, 5002)
2-6

µa. δa=0.015,
as, ap=0.15

3-6
Cost and time

(ηc, ηt ∼ N(2,0.52))

1-7
Normal

(MTTF, 7002)

the outputs are both lower than benchmark which uses Weibull distribution. This result is
generally consistent with the findings in the [138].

Fig. 4.8(a) illustrates the influence of prediction error on the maintenance cost. The val-
ues of Ac shows a growing trend when the deviation between real and predicted lifetime
increases. Furthermore, the performance gap (Ac) between different solutions gradually
widens, indicating the uncertainty strengthens the priority of the solutions. Solution 1 is the
maintenance cost priority solution, and it always retain the lowest cost in the cases. How-
ever, this trend is not applicable in the aspect of production loss. As shown in Fig. 4.8(b),
Solution 3 is the production loss priority solution with the lowest value of Ap. As the predic-
tion error rises, Solution 3 gradually becomes the worst solution compared to Solution 1 and
2. Unlike maintenance cost, the performance gap of solutions in the aspect of production
loss is reduced, even to the point where the priority solution becomes the worst solution.

The deviation between real value and prediction can be evaluated by using the aver-
age prediction error ē. The symbol Ẽ is used to denote the deviation percentage between
results of cases and benchmark. Fig. 4.9 represent how the maintenance performance of
solutions changes with the increase of average prediction error. It is found that as accu-
racy of prediction decreases (average prediction error grows), the deviation between output
and benchmark increase at a growing rate. Furthermore, in comparison with maintenance
cost, the production loss of solutions is more sensitive to prediction error because its greater
tendency to rise. These results can provide a basis for estimating the benefits of improved
accuracy of fault prognosis techniques

In Fig. 4.10, the benchmark represents the scenario where the maintenance actions can
recover the component age with a fixed value as expectation. The relationship between
maintenance quality, cost, and time is explicit, indicating the consumption according to
maintenance effect can be accurately estimated. The maintenance quality becomes more
unstable from Case 3-1 to 3-3 without considering the uncertain repair cost and time, then
the values of Ac and Ap go up. In practice, the effect of maintenance actions is always
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Figure 4.7: Comparison of Cases 1-1 to 1-7: (a) Maintenance cost (b) Production loss

stochastic, worse or better than the expectation. In order to reduce the consumption during
maintenance activities, a suggestion is provided by enhancing the technicians’ expertise,
improving the maintenance conditions, and using more effective maintenance tools to en-
sure a more stable maintenance quality. Case 3-4 to 3-6 depict a growing uncertainty in
the maintenance cost and time, representing a more ambiguous estimate of the maintenance
resources expended to support the implementation of maintenance activity. Due to the func-
tional relationship between maintenance cost and time and quality, this uncertainty can lead
to an increase in maintenance consumption which can not be ignored. Compared to the
benchmark, the increase of Ac and Ap is notable, and this change is certain to impact the
potential decision-making.
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Figure 4.8: Comparison of Cases 2-1 to 2-6: (a) Maintenance cost. (b) Production loss
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Figure 4.10: Comparison of Cases 3-1 to 3-6: (a) Maintenance cost. (b) Production loss

4.5.4 Optimization results under uncertainty

In this section, the proposed optimization framework incorporating three types of uncer-
tainty model is implemented. The configuration of NSGA-II algorithm is the same as Sec-
tion 4.5.2, and the time consumption is about 70 hours. The decision-making environment
includes the uncertainty represented in Case 1-3, 2-3, 3-2 and 3-5. Fig. 4.11(a) illustrates
the trend of convergence of populations with the increase of generations. The Pareto front
at 50th generation is provided in Fig. 4.11(b), which has converged well.

In Fig. 4.12, a comparison of the two Pareto fronts in Fig. 4.6(b) and Fig. 4.11(b) is
made. The Pareto front 1 (yellow line) is the optimal solutions disregarding uncertainty,
and the Pareto front 2 (blue line) is obtained considering uncertainty. The Pareto front 2
lays to the upper right of the Pareto front 1, indicating the existence of uncertainty results
in higher maintenance cost and more production loss. In addition, the range of front 2 is
wider than front 1. Pareto front 1 shows that the maintenance cost and production loss are
not completely conflicting objective functions, so the solution that is good for one objective
may also be beneficial to another objective. However, uncertainty exacerbates the conflict
between the two goals, indicating the maintenance decisions can no longer effectively re-
duce the two objectives at the same time. That results in the range of front 2 becomes
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Figure 4.11: Optimization results under uncertainty: (a) Convergence of populations. (b)
Non-dominated solutions at 50th generation

wider. The red plots illustrate the performance of applying the solutions obtained in a cer-
tain environment (the non-dominated solutions on front 1) to an uncertain decision-making
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Figure 4.12: Comparison of non-dominated solutions disregarding and considering uncer-
tainty

environment. It is found the points are located at the upper right of front 2, meaning the
solutions are dominated by the solutions on front 2. The existence of uncertainty renders
the maintenance decisions determined under certainty sub-optimal.

The solutions representing different interests are marked in Fig. 4.6(b) and Fig. 4.11(b).
The top leftmost point corresponds to the solution with lowest maintenance cost and highest
production loss, while the bottom rightmost point represents the highest maintenance cost
with lowest production loss. A compromise solution is selected in the knee of the front.

These solutions can provide some instructions at the different strategic environment in
which decision-makers manage an offshore wind farm project. (1) If the decision-maker
adopts a cost priority strategy, the maintenance cost is set as the first consideration and
it is reduced to the minimum. At the same time, the pursue of lowest cost indicates the
production loss can not reach the lowest value. The decision-maker is willing to execute
the Solution 1 with the lowest cost and the high but acceptable production loss. (2) If both
the maintenance cost and the production loss are equally significant for the decision-maker,
the compromise solutions can be considered, such as Solution 2. The solutions implies to
trade-offs between two objective functions. These trade-offs can not reach the outstanding
optimization in one direction, but provide a relatively comprehensive solution which does
not sacrifice much on either objective function. (3) If the production is the priority objective,
Solution 3 is the best maintenance strategy satisfying decision-maker’s demand. In the
situation, the decision-maker has the sufficient budget, so the cost expended on maintenance
activities does not need strict control. Solution 3 can minimize the production losses and
ensure the most efficient electricity production.
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In Table 4.4, from cost priority solution to production loss priority solution, the mainte-
nance thresholds (Amax and Amin) both gradually decrease regardless of whether uncertainty
is considered or not. The lower thresholds mean more frequent maintenance cycles, while
repairing more components in each cycle, especially the number of aged components which
are preventively replaced increases with the decrease of Amax. This change can effectively
keep the wind farm in good condition, and the occurrence of failure events and related high
material cost and long downtime can be reduced. Meanwhile, increasing the frequency
of maintenance cycle and the number of repaired components also induces more cost and
longer repair time. Comprehensively, the maintenance cost tend to increase and the produc-
tion loss tend to decrease.

When considering uncertainty, the reduction of Amax and Amin of production priority so-
lution is more significant compared to cost priority and compromise solution. In addition,
the value of 0.4% increases to 0.8% with the purpose of balancing the relationship between
the frequency of maintenance cycles and the maintenance thresholds. The increase means
it is more demanding to trigger the ageing-based opportunity. Furthermore, the uncertainty
makes the maintenances threshold decrease for the solutions with the same interest. In the
decision-making environment considering the unknown lifetime distribution, the inaccurate
prediction of component condition, and the unstable maintenance consequences, mainte-
nance conditions are relaxed to allow as many components as possible to be repaired and
replaced in order to ensure the good condition of the wind turbine and avoid the potential
failure events.

The decision-makers have different interests when playing different roles. If the decision-
maker is an independent service provider, the objective can be related to production losses
or availability, depending on the target of maintenance contracts. Meanwhile, the service
provider also concerns about the reduction of maintenance costs. Considering this point, the
solutions following different preferences can provide the instruction in different directions.
If the decision-maker is the asset owner or operator who may also be responsible for main-
tenance management, the most significant objective is to ensure the maximum profits. In
this case, the maintenance costs and production losses can be merged to a single objective
used to evaluate the maintenance strategy. The price of electricity refers to the first half of
2021 for the Netherlands, about 128C/MWh [55]. As shown in Table 4.4, the compromise
solutions show a lower loss of profit, which the asset owner will be more interested in.

For each solution, the simulation of maintenance model is run a large number of times
to estimate the average results. The distribution of the simulation results is shown in
Fig. 4.13(a). Each solution has two marginal probability density functions of maintenance
cost and production loss, just as shown in Fig. 4.13(b). The probability density functions
can inform the decision-makers how likely a specific value or range of model outputs can
be observed.

The probability density functions of solutions is compared in Fig. 4.14, showing a clear
representation of the variability of the solutions. Introducing uncertainty makes the solu-
tions show greater dispersion, especially of the production loss in Fig. 4.14(b), because the
solutions under uncertainty are observed in a larger range. In Fig. 4.14(a), the dispersion of
solutions of different interests have a similar trend, that means the change of decision vari-
ables does not significantly influence the dispersion in the perspective of maintenance cost.
In Fig. 4.14(b), the solutions with less production loss present less dispersion from Solution
1 to 3, indicating the solutions become more stable and robust when the decision-makers
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Table 4.4: Characteristics of solutions of different interest

Solution Amax Amin ζ
Cost

(kC/year)
Production loss

(MWh/year)
Loss of profit

(kC/year)
Cost priority
(certainty)

0.571 0.955 0.40% 3224.3 5781.5 3964.3

Compromise
(certainty)

0.569 0.939 0.40% 3241.3 5538.3 3950.2

Production priority
(certainty)

0.559 0.918 0.40% 3290.4 5456.3 3988.8

Cost priority
(uncertainty)

0.538 0.979 0.40% 3828.2 8190.9 4876.6

Compromise
(uncertainty)

0.511 0.955 0.40% 3868.9 7458.6 4823.6

Production priority
(uncertainty)

0.433 0.894 0.80% 4047.9 7172.4 4966.0

focus more on production loss.
In Table 4.5, the worst scenario and risky scenarios of different solutions are shown.

As explained above, the maintenance costs and production losses vary in each simulation
because of the stochastic processes, indicating the severe scenarios probably occur where
the results are higher than our expectation. The worst scenario means the occurrence of
the highest maintenance costs and production losses. In the worst scenarios, the Solution
3 under uncertainty displays a weak capacity to control risk about maintenance cost which
is as high as 4844.9 (kC/year). Meanwhile, the robustness of Solution 1 under uncertainty
is not ideal, because the production loss is 10762 (MWh/year), higher than the other two
solutions. The risky scenarios from 1 to 3 representing the 95%, 90% and 85% of results are
lower than a specific value. These results provide decision-makers with recommendations
on risk limitation to more comprehensively evaluate the selected maintenance strategies.

4.5.5 Discussion of the results

(1) Most of the existing maintenance model optimization assumes the parameters are deter-
ministic, and sets the reduction of maintenance cost as the sole objective. This is an ideal
situation, differing much from the context decision-makers are confronted with. The re-
sults have shown the presence of uncertainty greatly impacts the estimation of maintenance
performance, thus the predetermined solutions are not optimal any more.

(2) The maintenance model heavily relies on the input lifetime distribution to represent
real degradation process and generate discrete failure events. Under the same MTTF, the
uncertain failure distribution and parameters result in different model outputs. The output
tends to be less when the shape of distribution is more concentrated around MTTF. In order
to eliminate the potential uncertainty as much as possible, a database with more sufficient
and reliable failure data is required to support maintenance decisions.

(3) The RUL prediction technology which can accurately evaluate the condition of com-
ponents can provide significant decision basis of the maintenance strategy. The error be-
tween real and predicted failure times may result in higher maintenance costs and production
losses according to the results. One reason is the lifetime of component is underestimated,
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robustsolution2

(a)

(b)

Figure 4.13: Distribution of the derived results: (a) Bivariate histogram plot. (b) Plot with
marginal probability density function

thus the maintenance actions can not be performed in a timely manner. More failure events
are then caused due to the underestimation. Another reason is the underestimated lifetime
of components. Preventive repair and replacement is planned in a premature way, result-
ing in the cost associated with changing out components that have remaining useful life
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(a)

(b)

Figure 4.14: Probability density functions: (a) Annual maintenance cost. (b) Annual pro-
duction loss

and production loss. The improvement of prediction accuracy is significant to plan a sound
maintenance strategy.

(4) The quality of maintenance actions is stochastic in the real maintenance situations,
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depending on the factors, such as environmental conditions, human factors, etc. The results
have revealed that the more unstable maintenance quality causes an increase of maintenance
costs and production losses. Therefore, the maintenance provider should enhance the tech-
nician training and improve the maintenance conditions and environment, in order to carry
out maintenance in a more stable manner. Moreover, if a database related to repair cost
and time is developed with good quality, a more explicit relationship between maintenance
activities and corresponding consumption can be clarified and made an input to the main-
tenance model. Such an unambiguous input can assist the decision-maker to evaluate the
maintenance performance more accurately.

(5) The O&M costs include a variety of costs, i.e., material costs, labor costs, transporta-
tion costs. In maintenance optimization problems, “cost coefficients” refer to the numerical
values assigned to various factors or variables that contribute to the overall maintenance
cost. This research focuses on developing a comprehensive decision-making framework to
provide maintenance strategies for decision-makers, thus the various costs are all consid-
ered in the model. In the future study, different cost factors for different decision makers
can be considered. The impact of different factors on the total cost can be quantified and
the optimal maintenance strategy is determined.

4.6 Conclusions

This chapter focuses on quantifying the influence of model parameter uncertainty on main-
tenance strategies and maintenance performance. To answer the Research Question 3, a
multi-objective optimization framework for maintenance strategy planning with considera-
tion of uncertainty is proposed. Firstly, the three types of uncertainties affecting the mainte-
nance strategy are quantified in a probabilistic method. Their influence on the performance
of different representative solutions is estimated. In addition, two sets of Pareto solutions
are derived considering and disregarding uncertainties. These solutions represent reasonable
trade-offs between conflicting maintenance objectives.

A case study of a generic offshore wind farm demonstrate that the performance of main-
tenance strategies worsen due to existence of uncertainty, and the solutions show greater dis-
persion. The maintenance costs are higher than the results in Chapter 3 due to the new added
vessel and technician costs as well we uncertainty. The most influential uncertainty is un-
certain performance of component lifetime prediction, followed by statistical uncertainty of
component reliability and ambiguous estimation of maintenance consequences. Moreover,
it is found that when confronting with an uncertain decision-making environment, it is more
cost-effective to relax maintenance conditions to allow more components to be repaired and
replaced in order to ensure the good condition of wind turbines and avoid potential failure
events.

The proposed framework is a decision aid for for wind farm owners and operators, as
well as maintenance providers. Considering the actual wind farm situation, the available
database, and the maintenance objectives, more feasible and reliable suggestions are pro-
vided for the decision-maker who manages maintenance in an uncertain decision-making
environment.

Chapter 3 and 4 study the development of maintenance strategies for offshore wind
farm as well as influence of uncertainty. In the models, the spare parts for maintenance are
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assumed to be always available, and the inventory management is not concerned. Chapter
5 studies maintenance logistics from the perspective of spare parts inventory, and further
optimizes the policies for maintenance and inventory. In addition, although the negative
influence caused by uncertainty in model parameters is studied in this chapter, the feasibility
of using new data to update uncertain or inaccurate parameters is ignored. This issue will
be addressed in Chapter 7, where the influence of uncertainty will be gradually mitigated in
a active manner by utilizing new data.





Chapter 5

A Multi-echelon and Multi-unit
Inventory Maintenance Policy

In Chapter 3, a predictive opportunistic maintenance strategy is proposed to design a main-
tenance strategy to instruct the maintenance actions, but the inventory management, this
significant factors in maintenance logistics, is not studied. This chapter follows Chapter 3
by developing a multi-unit and multi-echelon inventory network to support the implemen-
tation of maintenance activities. The maintenance strategy and inventory policy are joint
optimized to achieve a cost-effective integrated maintenance and inventory management.
Considering that this chapter mainly studies the maintenance logistics for offshore wind
farms from the aspect of spare parts inventory, the uncertainties accounted in Chapter 4 are
not considered.

This chapter is organized as follows: Section 5.1 introduces the research background.
Section 5.2 describes offshore wind farm system and policy. Section 5.3 introduces the
joint maintenance and spare parts inventory optimization model. Section 5.4 presents the
case study to evaluate the proposed approach and shows the sensitivity analysis. Section 5.5
concludes the chapter.

Parts of this chapter have been published in [111]1, [109]2, and [110]3.

5.1 Introduction
Maintenance and inventory are interrelated O&M processes for offshore wind farms, and
the cost is not only generated from maintenance activities, but also the spare part inventory
management. Regular maintenance, repair and spare parts constitutes more than 40% of
O&M costs [49]. Well organized maintenance strategy and spare parts inventory policy

1M. Li, X. Jiang, and R. R. Negenborn. Cost-driven multi-echelon inventory optimization for offshore wind
farms. Submitted to a conference, 2023.

2M. Li, X. Jiang, J. Carroll, and R. R. Negenborn. Joint optimization of multi-echelon inventory and predictive
opportunistic maintenance: A case study of an offshore wind farm in the north sea. Submitted to a journal, 2023.

3M. Li, X. Jiang, J. Carroll, and R. R. Negenborn. Joint optimization of multi-echelon inventory and predictive
opportunistic maintenance for an offshore wind farm in the north sea. Submitted to a conference, 2023

87
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are deemed essential to improve the O&M of the offshore wind energy and enhance its
competitiveness within the renewable energy market.

The joint maintenance and inventory problem becomes particularly challenging if one
considers multiple options for maintenance operations, transportation methods for the nec-
essary spare parts and manpower, and management for spare parts being stocked in main-
tenance facilities. According to the literature review in Chapter 2, the past research fo-
cusing on maintenance strategies and spare part inventory policies usually studies these
two problems separately without considering the interrelation between them. In practical
cases, the stock level of spare parts is determined by the demand caused by the maintenance
implementation. Meanwhile, the maintenance implementation depends on the availability
of spare parts to reduce failure downtime and costs. Therefore, inventory and maintenance
management should be considered simultaneously to improve an OEM or service provider’s
operations.

The limited papers studying joint inventory and maintenance optimization commonly
only notice component-level spare parts, and adopt a single-echelon inventory warehouse.
It is not adequate enough for offshore wind turbines, because offshore wind turbines is
a typical complex system not only consisting of different component-level units, but also
various subcomponent-level units. These units are usually stored in warehouses at different
echelons considering differences in size, weight, and maintenance requirements, instead of
a single warehouse.

In this chapter, a joint multi-echelon and multi-unit inventory and predictive opportunis-
tic maintenance optimization model is proposed to address the above issues. As introduced
in Chapter 2, a Min/Max policy is one of the most typical policies for wind industry inven-
tory management. Such a Min/Max policy is adopted to manage inventory management
here. The objective is to connect and integrate the inventory model and the maintenance
model to achieve a holistic model and improve management policies from a global perspec-
tive.

5.2 Offshore wind farm system and policy description

5.2.1 Characteristics of the offshore wind farm system

An offshore wind farm is a system which is composed of a number of offshore wind tur-
bines used to produce electricity in the same offshore location. From the perspective of
hierarchical levels [144], each offshore wind turbine consists of a series of critical com-
ponents (e.g., gearboxes), and each component is further decomposed into subcomponents
(e.g., gears, gear bearings, auxiliary systems). This model mainly concerns about the units
in the nacelle. A ’unit’ can refer to a single component or part of the component.

According to the criticality of components and subcomponents in the offshore wind tur-
bines [10, 17, 81, 139], 4 units at the component level and 15 units at the subcomponent level
are selected to, as shown in Fig. 5.1. Different from the maintenance model in Chapter 3, the
pitch system, is not considered because mechanical and electromechanical components are
mainly considered in this chapter. The pitch system works as an electrical control system,
consisting of many control units and sensors, and the storage of its components is different.



5.2 Offshore wind farm system and policy description 89

Figure 5.1: Hierarchical levels of offshore wind turbine

5.2.2 Description of the maintenance strategy

The predictive opportunistic maintenance strategy is established based on the model in
Chapter 3 and Chapter 4. A brief introduction is made here to ensure the readability of
the thesis. Owing to the development in the condition monitoring and RUL prediction tech-
nology in recent years, the failure time of the critical components can be predicted before
failure events occur [94]. The overall offshore wind farm is inspected at a regular interval.
The unobservability of the wind turbine component states and the inaccuracy of the RUL
prediction are not considered in this model.

Two decision variables Amin and Amax are introduced as maintenance thresholds for com-
ponent condition classification. The maintenance actions are determined as illustrated in
Section 3.2.4. After identifying the health state of the offshore wind farm, the decision-
maker, such as a maintenance service supplier responsible for both carrying out the main-
tenance tasks and storing the required spare parts, will decide whether to initiate a mainte-
nance cycle.

5.2.3 Description of the inventory policy

With the maintenance strategy described in Section 5.2.2, the aim of the inventory policy
is to satisfy the maintenance demands for spare parts as much as possible and, at the same
time, to reduce the costs of spare parts inventory management. With the reference to the
hierarchical levels in Fig. 5.1, an offshore wind turbine system is generally decomposed
into component-level units and subcomponent units. A facility, termed as a warehouse, is
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Figure 5.2: Hierarchy of an inventory network

where the spare parts are stored. Considering differences in size, weight, and maintenance
requirements, these units are stored in different warehouses instead of storing all these in a
single warehouse.

A inventory network in the wind industry is shown in Fig. 5.2. The OEM is located at the
top of the hierarchy, manufacturing all the units necessary for maintenance implementation.
Central warehouses are beneath the OEM, storing the units delivered directly from the OEM.
Local warehouses are closer to offshore wind farms than central warehouses, and are usually
located in the harbour used for the service work. The units such as blades are difficult to be
stored in a local warehouse considering their large size. Such an inventory network supports
the unit consumption for offshore wind farm maintenance. The inventory flow is in one way,
from the top to the bottom of the inventory network.

A multi-echelon inventory network containing a central warehouse and a local ware-
house is established to support the maintenance service for an offshore wind farm. The
component-level units are stored in the central warehouse, while the subcomponent-level
units are in the local warehouse. Both warehouses adopt Min/Max inventory policies.

A Min/Max inventory policy for central warehouses is illustrated in Fig. 5.3, where sC

and SC are the minimum and maximum level. At the beginning, the stock level Q is kept at
SC until t1, at which point a number of units are dispatched from the warehouse for mainte-
nance. After that, the stock level is maintained until new maintenance requirement arrives
at t2. The level Q is reduced to the reorder point sC. According to the Min/Max inventory
policy, the stock level is replenished to order-up-to level SC at t3. The lead time between
t2 and t3 is the amount of time between when a purchase order is placed to replenish units
and when the order is received in the warehouse. The length of the lead time is influenced
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Figure 5.3: A Min/Max inventory policy

by factors including geographical location, local weather, and transportation modes. Sim-
ilarly, the level Q decreases to be lower than sC after dispatching units at t4 and t5, and
consequently, a replenishment order is placed to recover the stock at t6.

Once the quantity of the units in the warehouse cannot satisfy the requirement from the
maintenance site, an emergency order is placed to deal with this emergency situation. For
subcomponent-level units, the spare parts will be transshipped from the central warehouse to
the site. While the quantity of component-level units are insufficient, the OEM will urgently
provide the spare parts.

5.3 Joint maintenance and spare parts inventory optimiza-
tion model

5.3.1 Inventory and maintenance model

The offshore wind farm contains K turbines, and the wind turbine consists of I components
in series. According to Fig. 5.1, component i is further decomposed into Ji subcomponents.
The specific type of the components/subcomponents of all wind turbines in the wind farm
is assumed to be identical and equally critical. More details of the model can be found in
Chapter 3 and a brief explanation is below.

At the beginning of the life cycle, the state of all the units in the offshore wind farm are
brand new. The inspection and RUL prediction of all the turbines are performed at a regular
interval, regardless of the time elapsed since the last maintenance of the individual compo-
nents. It is assumed that inspections and RUL prediction are perfect and non-destructive,
indicating that the true RUL is known accurately. The assumption is consistent with Chap-
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ter 3 while the potential RUL prediction error has been discussed in Chapter 4 but is not
considered in this Chapter. Compared to the repair times and logistics times, the inspection
time is ignored. The real lifetime is accurately forecast after inspecting the wind turbine
and performing lifetime prediction. The influence of maintenance is to restore or recover
the component condition.

In the maintenance model, decision vector
[
Amin,Amax,ζ

]
controls the frequency of

maintenance cycles and the range of components qualified for various types of maintenance.
Replacing a component after the failure occurs is more costly then a preventive replacement.
The maintenance action of components has a priority than the order action of spare parts.
It means when the spare parts are insufficient to support maintenance actions, the necessary
spare parts are ordered urgently rather than cancelling the maintenance actions. Once the
decision of a maintenance cycle is initiated, the service vessels and technicians are mobi-
lized to carry out maintenance. The wind farm operator or maintenance service provider
check whether the current vessels are available to complete all maintenance tasks within the
time limit. The decisions of temporary leasing or sharing may be made to inflate the vessel
fleet. Additionally, considering the weather constriction of different types of vessels, the
vessels have to wait a random period of time for appropriate weathers, which is assumed to
follow a Weibull distribution.

In the maintenance cycle s, a decision is made on whether or not to replace or repair
a component. The binary variables XFR

iks , XPR
iks , XMAR

ik jis , and XMIR
iks represents the decision of

failure replacement, preventive replacement, major repair, and basic repair. If the mainte-
nance action is applied, the binary variable equals 1. Otherwise, it is equal to 0. When
performing replacement for component-level units, a new corresponding component-level
unit is required. If the the replacement is carried out before failure, the removed unit can be
sent back to factory and overhauled or recast. In this case, the old unit can offset part of the
cost of the new unit. Therefore, the cost of units required for preventive replacement is half.

A component is composed of multiple subcomponents. When performing a major re-
pair, a defected component requires the replacement of one of its subcomponents. For
example, a major repair for rotor blade requires one hub, or one rotor bearing, or one blade.
These three subcomponent units have different failure rates. A higher failure rate indicates
this unit has a higher probability to be needed in major repair

The implementation of maintenance actions replies on the service vessels, which are
mobilized once a maintenance cycle is triggered. The spare parts, equipment, and techni-
cians are loaded on board the available vessels. If the current vessels resource is unavail-
able to handle the maintenance workload, the O&M implementer has to seek for available
vessels from the spot market. Then, the vessels have to await proper weather conditions
including wave and wind before departing to the offshore wind farm location. The above
time constitutes the length of lead time of vessels. It is assumed that the mobilization time
of HLVs, FLVs, CTVs follows Weibull distribution (εH, σH), (εF, σF), and (εC, σC) respec-
tively. The random mobilization time in s maintenance cycle mH

s , mF
s , and mC

s are generated
by sampling the Weibull distribution.

The total costs for maintenance activities CM, is the sum of material costs for repair,
vessel costs, technician costs, and mobilization costs.

The decision vector of inventory model is
[
sC,SC,sL,SL

]
. The central warehouse ap-

plies the inventory policy
(
sC,SC

)
while the inventory policy used in the local warehouse is(

sL,SL
)
. At the beginning, the warehouses are full, indicating that the quantity of component-
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level units is SC and the quantity of subcomponent-level unit is SL.
In the maintenance cycle s, while the vessels and technicians are organized after trigger-

ing a maintenance cycle, at the same time, the stock levels of spare parts are inspected and
the required spare parts are delivered. According to the comparison between maintenance
thresholds and component conditions, the requirement of various spare parts is determined.
Suppose that the required number of component-level unit i in maintenance cycle s is γis,
calculated as

γis = ∑
k∈K

(
XFR

iks +XPR
iks
)
. (5.1)

The number of subcomponent-level unit ji located in component i in maintenance cycle s,
κi jis, is also obtained as

κi js = ∑
k∈K

xMAR
ik jis . (5.2)

The current quantity of component-level and subcomponent-level units are −λC
is and

−λS
i jis. If the quantity of the current stock is sufficient enough to support the maintenance

implementation, the needed spare parts are delivered to ports. The remaining quantity of
spare parts in the central and local warehouse is

(−λC
is− γis

)
and

(
−λS

i jis−κi jis

)
respec-

tively. If the spare parts are insufficient, all the components in stock will be delivered out
of the warehouse. In this case, an emergency order is placed to fill the missing quantity of
spare parts, and binary variables yC

is and yL
i jis represent whether an emergency order is place

for component-level units and subcomponent-level units.
After delivering the necessary spare parts to the offshore wind farm, the stock levels in

the warehouses +λC
is and +λS

i jis are compared with the minimum storage limit. In the central
warehouse, if +λC

is is less than sC, a new order is made to restore the quantity of units back
to SC. A binary variable zc

s means a regular order is required. Otherwise, there is no need
to place a new order. In a similar way, the quantity of spare parts is checked in the local
warehouse. When zl

s equals 1, a regular order is placed to replenish the subcomponent-level
units.

The spare parts stored in the warehouses also incur cost to manage the inventory, i.e.,
holding cost. The holding cost is relevant to the cost of materials, the quantity of spare
parts and the length of time the spare parts are stored in the warehouse. Suppose that
Ts represents the time of maintenance cycle s. After completing the regular orders and
emergency orders, the quantity of spare parts in the central and local warehouses are +λC

in
and +λS

i jis respectively.

The total cost for inventory CI is the sum of ordering cost CO, holding cost CH, and
emergency cost CE:

CI =CO +CH +CE =

∑
s∈S


zc

sC
c
s + zl

sC
l
s + ∑

i∈I

+λC
i(s−1)δi (Ts−Ts−1)+ ∑

ji∈Ji
∑
i∈I

+λS
i ji(s−1)δi ji (Ts−Ts−1)

+ ∑
i∈I

yC
isEi
(
γis−−λC

is
)
+ ∑

ji∈Ji
∑
i∈I

yL
i jisEi ji

(
κi jis−−λS

i jis

)


+ ∑
i∈I

+λC
i(S−1)δi (L−TS)+ ∑

ji∈Ji
∑
i∈I

+λS
i ji(S−1)δi ji (L−TS),

(5.3)
where Cc

s and Cl
s are the order cost for component-level and subcomponent-level units; Ei
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Figure 5.4: Illustration of the joint model

and Ei ji are the emergency cost for component i and subcomponent ji at component i.

5.3.2 Cost function and optimization method

The developed maintenance and inventory models are related, as illustrated in Fig. 5.4. The
maintenance requirement of spare parts is delivered to the warehouses, and the spare parts
are prepared at the port to implement the maintenance, which constitute the connection
between the two models.

In addition to the maintenance and inventory cost, the production loss in the downtime
which is caused by turbine failure and maintenance implementation will also generate rev-
enue loss. The total cost of the lost production CP is obtained by

CP = r ∑
s∈S


∑

k∈K

(
Ts−FT

ks−
)
+ ∑

i∈I
∑

k∈K

(
XFR

iks NFR
iks +XPR

iks NPR
iks +XMIR

iks NMIR
iks +

∑
ji∈Ji

XMAR
ik jis NMAR

ik jis

)
+max

(
max

(
mH

s ,m
F
s ,m

C
s
)
,max

(
Ll

i js,L
c
is,η

o
is,η

c
i jis

))
, (5.4)

where r is the expected cost of the lost production per turbine per day; FT
ks− is the failure time

of the turbine k; Ll
i jis,L

c
is are the lead time for regular orders from local and central ware-

houses respectively; ηo
is,η

c
i jis are the lead time for emergency orders for local and central

warehouses.

The decision vector of the joint optimization problem is

~x =
[
Amin,Amax,ζ,sC,SC,sL,SL] (5.5)

where sC,SC,sL,SL are integer variables.
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The objective is to minimize the expected annual cost as

min
x

Ac =
CP+CM+CI

L

s.t sC<SC

sL<SL

sC,SC,sL,SL ∈ Z+

(5.6)

This problem is a non-linear single-objective optimization problem with mixed variables
and constraints. A meta-heuristic algorithm, GA, is employed to solve this optimization
problem with a large solution space. GA has the strengths of dealing with a multivariate and
non-linear problem and has been applied in various engineering optimization problems [82].
A typical GA has five phases: Initialization, evaluation, selection, crossover, and mutation.
More detailed description and explanation can be found in Section 3.2.4 and [169].

5.4 Case study

5.4.1 Scenario set-up

The developed model is applied to a 300-MW offshore wind farm, as shown in Fig. 5.5.
Both the maintenance base and the local warehouse are located at this port. The production
facility for this operational offshore wind farm is located in the central region of Denmark,
which is also the central warehouse is situated. The reason for this is that the wind turbine
provider is in Denmark and there is no manufacturing factory in the Netherlands. The
number of wind turbines in the wind farm is 100. The technical parameter of the wind
turbine can be found in Section 3.3.1. In Table 5.1, the parameters are derived and estimated
from the literature [91, 105]. The parameters in Table 5.2 for subcomponents are estimated
according to [10, 17, 40, 81, 139]. Table 5.3 lists the ordering parameters for components
and subcomponents.

Table 5.1: Parameters for vessels

Vessel HLV FSV CTV

Mobilization
time

Scale parameter
(weeks) 4 2 1

Shape parameter 3.1 3.4 3.3

Cost (kC) Mobilization 80 - -
Day rate 50 18 8

Technician Number 8 4 2
Day rate (kC) 0.6

Working shift (hours) 24 12 12
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Figure 5.5: Geographical location of the offshore wind farm and warehouses

5.4.2 Optimization results

The expected value of the objective function under a specific set of maintenance strategies
and inventory policies is estimated by averaging a large number of repeated Monte Carlo
simulations. The optimization procedure takes around 19 hours to find the optimal solution
on a computer with the configuration of 4-CPU E5-1620 V3 3.5 GHz and 32 GB memory.
The main configuration of GA is:(1) a population size of 40 individuals, (2) a maximum
number of generations of 50, (3) mutation probability of 0.2,(4) crossover probability of
0.8.

The optimization process results are represented in Fig. 5.6. Each generation consist of
a population of individuals and each individual represents a point in search space and pos-
sible solution. With the increase of the generation, the performance of the best individual
gradually converges to a stable value. The optimization results and the values of the corre-
sponding decision variables is shown in Table 5.4. Compared to the inventory policy of the
local warehouse, it is obvious that the values of sC and SC of the central warehouse are both
less. It can be explained that, on the one hand, the holding costs of the component-level
units are higher considering the component-level units are more costly than subcomponent-
level units. It is more economical to keep a low level of spare parts in the warehouse. On
the other hand, the gap between Amin and Amax is larger than the gap between Amax and 1,
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Table 5.2: Parameters for subcomponents

Component Subcomponent
Replacement

probability (%) Cost (kC)

Rotor blade
Hub 60.6 35

Rotor bearing 11.6 10
Blade 27.8 140

Speed train
Low speed train 45.6 26
High speed train 30.4 13

Brake 24 6

Gearbox

Gear 1.1 74
Gear bearing 69.2 70

Auxiliary system 12.6 15
Housing 3.1 7

Shaft 14 64

Generator

Stator 12.7 28
Gnerator rotot 8.5 18

Generator bearing 36.4 7
Auxiliary system 42.4 7

Table 5.3: Parameters for orders

Unit Lead time (days) Reorder
cost (kC)

Holding cost
rate (per day)

Emergency
order cost rateRegular Emergency

Component 3 28 50 0.001 1Subcomponent 1 7 25

indicating the number of preventive replacements and failure replacements are lower than
major repair. Consequently, the requirement of component-level units is lower. This also
means the number of emergency order is less, leading to lower costs for emergency orders.
Therefore, the policy for the central warehouse (4,2) is lower than (9,4).

5.4.3 Sensitivity analysis

The influence of the parameters relevant to the maintenance and inventory model on the
maintenance costs under the optimal strategy is analyzed, in order to determine the signifi-
cance of various parameters to the joint policies. Table 5.5 shows the results for sensitivity
analysis. The benchmark using the parameters in Section 5.4.1. Scenario 1 reduces the
value of the parameters to half, and Scenario 2 doubles the values. The results are fur-
ther compared in terms of percentage in Fig. 5.7. Parameter from 1 to 6 is age reduction,

Table 5.4: Optimal strategies and minimum annual costs

Amin Amax ζ SL sL SC sC AT (kC/year)
Value 0.728 0.884 3.75% 9 4 4 2 21275.7



98 5 A Multi-echelon and Multi-unit Inventory Maintenance Policy

Figure 5.6: Convergence of the optimization results as the generation increases

Table 5.5: Results of sensitivity analysis

Benchmark
(kC/year)

Scenario 1
(kC/year)

Scenario 2
(kC/year)

Age reduction of major repair 30203.60 18371.45
Emergency order cost rate 20285.96 23274.27

Holding cost rate 20139.04 23542.35
Unit cost 16236.26 31349.51

Vessel and technician cost 17245.40 29335.23
Leading time for orders

21275.70

21256.34 21401.97

emergency order cost rate, holding cost rate, unit cost, vessel and technician cost, and lead
time for orders respectively. These parameters are key factors in maintenance strategies and
inventory policies, directly affecting maintenance effectiveness and cost estimates.

The detailed comparison and results are described below:

(1) Sensitivity to the age reduction of major repairs
Age reduction indicates the positive effect of a major repair on component condition. A

higher value of age reduction means that with the same cost, the effect of the major repair
is more obvious, otherwise the effect is reduced. It is noted that the value of age reduction
has a heavy influence of the policy performance. The costs have a significant increase with
the decrease of age reduction. How to ensure the quality of maintenance actions and the
best possible recovery of the component condition is an important factor in pursuing for a
cost-effective.
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Figure 5.7: Comparison of influence of parameters on results

(2) Sensitivity to the emergency order cost rate
A more expensive emergency order will lead to higher costs without uncertainty. The

cost for emergency order only accounts for a small portion of the total cost, which can ex-
plain the increase/decrease is not very obvious. Lowering emergency order costs will reduce
relevant costs. At the same time, it means that the negative impact caused by insufficient
stock level will be reduced, which will further facilitate the stock level to be kept at a low
level and reduce holding costs. It is beneficial to improve the organization and delivering of
an emergency order to lower the relevant costs.

(3) Sensitivity to the holding cost rate
Holding cost rate brings about a little greater influence than emergency order cost rate.

Similar to the change in emergency order costs, a higher holding cost represents it is more
economical to reduce the number of spare parts in the warehouses. In this context, it is
more likely to happen that the spare parts are insufficient, leading to longer lead times for
orders and more emergency orders. In this way, improving the storage of spare parts is very
important for the overall process of O&M.

(4) Sensitivity to the unit costs
Unit costs are the most influential parameters in the model. On one hand, the change

in unit costs affects the costs for maintenance actions including replacements and major re-
pairs. On the other hand, the inventory costs are correspondingly influenced. It is more or
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less costly to hold and order spare parts. From the perspective of O&M, within an equivalent
budget, reducing the manufacturing costs of the wind turbines is conducive to performing
more maintenance actions and ensuring a higher level of inventory to support maintenance
requirements.

(5) Sensitivity to the vessel and technician costs

Vessel and technician costs, these transportation costs, are the second influential factors.
The harsh marine environment and the long distance of offshore wind farms away from the
shore, are the key factors bringing challenges for offshore O&M. Rising the related costs
will incur an obvious increase. In addition, the negative influence is that it is more costly
to trigger a maintenance cycle, thus the frequency of maintenance activities will reduce to
avoid expensive transportation costs. The offshore wind farm state will not be maintained
effectively, resulting in more costs relevant to maintenance. It is important to facilitate the
innovation to improve transportation equipment to reduce costs and lead times.

(6) Sensitivity to the lead times for orders
Although a longer lead time means the spare parts will be prepared more lately and

the available service vessels have to suspend during this period, lead times have the least
influence on the results. It can explained that initiating a maintenance cycle does not only
await spare parts, but also available service vessels and suitable weathers. The lead times
for orders coincide with these waiting times, and the maximum value is taken as the final
lead time. As a result, the cost is not obviously sensitive to lead times for orders.

5.5 Conclusions

The offshore wind turbine, as a complicated equipment, consists of various components and
subcomponents. The O&M of an offshore wind farm is usually supported by an inventory
network containing multiple warehouses. In this context, the past single-unit and single-
echelon spare parts inventory models is not appropriate.

This chapter introduces a multi-unit and multi-echelon inventory network and develops a
joint optimization model for maintenance and inventory for offshore wind farms, addressing
Research Question 4. The most cost-effective joint maintenance strategy and inventory pol-
icy is obtained based on the specific numerical example. It is found that the storage of spare
parts also incurs significant costs, which are usually ignored in the past maintenance models.
This leads to inaccurate calculation of maintenance logistics costs and consequently affects
management policies, especially for the maintenance service providers who are responsi-
ble for both maintenance implementation and spare parts provision. Therefore, instead of
separately studying maintenance and spare parts inventory, the two should be integrated for
overall optimization.

In addition, compared with the results of Chapter 3 and Chapter 4, it can be found that
there are significant differences in maintenance thresholds when considering spare parts or
not, which can be explained by the interdependence between maintenance and spare parts
inventory. Increasing the maintenance thresholds will reduce the frequency of maintenance
and the demand for spare parts, and lower the management cost of spare parts, but it will



5.5 Conclusions 101

worsen the health status of the wind farm. Decreasing the thresholds will maintain the
wind farm in a better state, but require more spare parts, resulting in higher spare parts
inventory costs. Therefore, an overall optimization is beneficial for improving the entire
maintenance logistic for offshore wind farms. Moreover, the sensitivity analysis shows that
the most influential factor in inventory management is unit costs, followed by transportation
costs and maintenance effect. In comparison, lead times for orders, holding cost rates, and
emergency order cost rates are less influential.

In the next chapter, another important maintenance resource for offshore wind farms
is studied, i.e., maintenance vessels, which are organized to support the implementation of
maintenance strategies in a cost-effective manner.





Chapter 6

Maintenance Vessel Fleet
Configuration Management

In Chapter 3, a predictive opportunistic maintenance strategy is proposed to determine the
maintenance tasks required in maintenance cycles. This chapter follows Chapter 3, studying
how to configure the hybrid maintenance vessel fleet to support the implementation of theses
maintenance tasks in a cost-effective manner, aiming to solve the fleet size and mix problem
for O&M activities at offshore wind farms.

This chapter is organized as follows: Section 6.1 introduces the research background.
Section 6.2 formalized the methodology for solving fleet size and mix problems. Section 6.3
presents the case study to evaluate the proposed approach and sensitivity analysis. Section
6.4 concludes the chapter.

Parts of this chapter have been published in [107]1.

6.1 Introduction
After a maintenance strategy is designed as in Chapter 3), the maintenance resources, e.g.,
service vessels, are organized to support the implementation of the maintenance activities
under the instruction of the designed maintenance strategy. The cost of vessels accounts
for a large portion, even more than 70%, of the total O&M costs for offshore wind turbines
[30]. Minimizing the costs associated with the vessel fleet is essential to reduce the LCOE
of offshore wind power, which is required to make offshore wind power commercially more
attractive and boost the installed capacity of this renewable energy source.

Different types of vessels are needed to support maintenance activities. For example,
CTVs can transport technicians to the site to conduct minor repair activities. When lifting
activities are required, a HLV is needed to lift the heavy components to the height of the
cabin. FSVs are designed to transport maintenance personnel, equipment, and supplies.
They have a large deck area for carrying equipment and supplies, as well as accommo-
dations for crew and personnel, which are employed to conduct major repair tasks. The

1M. Li, B. Bijvoet, K. Wu, X. Jiang, and R. R. Negenborn. Optimal size and composition of a hybrid mainte-
nance vessel fleet for offshore wind farms. Submitted to a journal, 2023.
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wind farm operator (or maintenance service provider) usually owns some vessels to con-
duct maintenance tasks, but these vessels may not be sufficient when a high number of
maintenance tasks must be completed. In this case, vessels must be chartered which can be
fairly expensive. Therefore, the determination of the optimal fleet size and mix to support
maintenance activities for an offshore wind farm is crucial. This problem involves the daily
operation of vessel organization. Compared to the strategic and tactical decisions, an im-
portant factor, metocean parameters including wave and wind, should be considered. The
metocean parameters directly affect the coordination and dispatching of service vessels. In
addition, more details relevant to vessels should be added to better evaluate the performance
of the decisions when compared to the models in Chapters 3-5, such as fuel cost, penalty
cost for late return, vessel transfer inside the wind farm, etc.

6.2 Methodology

In this section, the overall framework studying the vessel fleet mix and size problem is
introduced. A simulation method is used to formalize the maintenance logistics activities
in the maintenance cycles, and the input and output of the models are introduced. Then an
optimization method, SA method, is employed to find the determine the optimal vessel fleet
and make leasing decisions.

6.2.1 Overall framework

A vessel fleet management model is developed to support the offshore wind farm operators
in the decision stage, and Fig. 6.1 shows the simulation flowchart illustrating the informa-
tion flow between different parts. The black lines represent the information delivery in the
framework, and the red lines represent the inner interaction among agents in the simulation.
The inputs section is the part where all the information about each simulation is defined and
the information is delivered to the specific agent simulations section. Afterwards, the devel-
opment of the discrete event is simulated based on the input information and the analysis is
performed, in order to output the results and evaluate the performance of the vessel fleet

6.2.2 Assumptions

In this section, the following assumptions are made when developing the model:
1. Maintenance cycles and tasks. A maintenance cycle is started when a wind turbine

stops working or a specific number of components are aged. The maintenance cycles are
ended when all maintenance tasks are completed. Maintenance tasks for different compo-
nents of a turbine can be performed simultaneously. Once a maintenance task is started, the
vessel can only be assigned to a new task after the task is finished. Once the maintenance
task starts, the chartered vessel should always finish it even though its charter period has
ended, and its late return will lead to the extra cost based on late-return days. After the
end of a charter period, a vessel will never be assigned to a new maintenance task. Either
a minor repair or a major repair cannot be performed twice on one component within the
same maintenance cycle. The spare parts are always available and every vessel is equipped
with sufficient spare parts for its maintenance tasks.
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Figure 6.1: The framework for vessel fleet management

2. Metocean condition. The metocean conditions mainly considered are wave height
and wind speed. Wind speed and wave height are assumed to be independent of each other.
Referring to the wind speed at hub, the wind speed at different height at sea can be calcu-
lated. The current weather condition is independent from the previous weather condition.

3. Repair and travelling time. All the repair times are considered constant and inde-
pendent of weather conditions. The travel speed of a vessel is assumed to be constant. The
round trip travelling time between the base and the offshore wind farm is considered to be
constant and independent of weather conditions. The inter-transit time between two turbines
is assumed to be constant, where the detailed layout of the wind farm is ignored.

4. Technicians. Each vessel is equipped with technicians of the maximum number.
The technicians are assumed to be sufficient when any vessel is chartered. The cost for
technicians of an owned vessel is paid based on the entire duration of each maintenance
cycle, and the cost for technicians of a chartered vessel counts from the start of a charter
period until the day when the vessel is returned.

5. Vessel charter and mobilization. It is assumed that the charter rates are fixed and the
charter period can be extended unlimited. Once a charter period starts, the entire charter
period will be charged. The costs of non-maintenance personnel are assumed to be included
in the charter rate. When mobilization is initiated, if one maintenance cycle ends before the
mobilization is finished, the mobilization activity needs to be stopped and the full mobiliza-
tion cost is charged.

6. Charter extension. During each maintenance cycle, the charter period of each vessel
type may need to be extended due to a large number of remaining tasks. The decision logic
to decide whether a charter period should be extended or not is to compare the number of
available vessels in the fleet to the required number of vessels to perform the remaining
tasks. If the vessels are sufficient, there is no need to extend the charter. On the contrary,
it is necessary to extend the contract. Once a charter period is ended, the vessel always
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returns to base, regardless of whether the charter period will be extended. Through this
process, technicians on board need to be renewed and the vessel needs to be resupplied. If
one vessel is decided to extend the charter period, after it arrives at the base, it will return
back to the site after the shift start of the next day if weather permits.

7. Maintenance priority. For maintenance tasks that need the same vessel for mainte-
nance, the component with a higher age is prioritized. For vessels, the on-site vessels are
prioritized over the vessels staying at the base. If there are multiple available vessels on site,
the vessels with more assigned teams are prioritized.

6.2.3 Decision variables

The vessel fleet is configured under the maintenance strategy in Chapter 3. Four types of
maintenance, failure replacement, preventive replacement, major repair, and basic repair
(minor repair), are considered in this model. The components’ health is categorized into
different zones according to its current age and failure age. Replacement requires HLVs,
major repair requires FSVs, and basic repair requires CTVs. Performing these maintenance
tasks requires a hybrid vessel fleet consisting of HLVs, FSVs, and CTVs. In the sth main-
tenance cycle, the numbers of tasks of each vessel type are represented by NHLVT

s , NFSVT
s ,

NCTVT
s respectively.

In this model, the decision variables are the number of vessels to be chartered in each
maintenance cycles. The number of chartered vessels is determined by the number of main-
tenance tasks per vessel type to be completed in the maintenance cycles and the number of
each type of vessel owned. The three variables are NHLVC

s , NFSVC
s , NCTVC

s , representing the
number of the chartered vessel in sth maintenance type respectively. Th variables, XHLV

T ,
XFSV

T , and XCTV
T , indicating the estimation of how many tasks one vessel is expected to ex-

ecute during the maintenance cycles. The given number of owned vessels of each type are
NHLVO

s , NFSVO
s , NCTVO

s . The following equations used to decide how many vessels of each
type to charter can be expressed as

NHLVC
s =

⌈
NHLVT

s

XHLV
T

⌉
−NHLVO

s . (6.1)

NFSVC
s =

⌈
NFSVT

s

XFSV
T

⌉
−NFSVO

s . (6.2)

NCTVC
s =

⌈
NCTVT

s

XCTV
T

⌉
−NCTVO

s . (6.3)

6.2.4 Simulation methods

Simulation inputs

The logistics planning for offshore wind farm operation and maintenance activities is a
complicated process, involving the necessary input parameter which are introduced below.

1. Wind farm and turbines inputs. Table 6.1 and Table 3.1 show the inputs relevant to
wind farm. The input [1] shows the number of turbines in the offshore wind farm. Input
[2] displays the distance between the based onshore and the offshore wind farm. Input [3]
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indicates the simulation time horizon. Inputs [4-5] are the shift start and shift end of the
wind farm, and all the maintenance tasks can only be executed within this period. Input [6]
is the soft time window for each maintenance cycle, once the number is exceeded, the daily
penalty cost will be taken into account.

Table 6.1: Wind farm and turbine inputs

No Name Unit

1 Number of turbines -
2 Distance from shore km
3 Simulation time horizon year
4 Shift start hh:mm
5 Shift end hh:mm
6 Soft time window day

2. Owned vessels inputs. The number of owned vessels of each type is pre-defined as
inputs in the simulation model, because the decision-makers have known how many vessels
have been available at the beginning. On the basis of the number of owned vessels, the
decision-maker can make leasing decisions.

3. Vessel transportation inputs. For three types of vessels, different transportation inputs
are shown in Table 6.2. Input [1] is different travel speeds. Input [2] is the inter-transit time
for different vessels to move between two turbines, where the time of a team entering the
turbine is included. Inputs [1-2] are independent of the weather condition and assumed to
be constant according to the prior assumption section. Input [3] is the minimum working
window, which means that, the time window that at least must be available for a vessel or
team to work on a maintenance task before it starts/resumes. Input [4] is the number of tech-
nicians on the vessel when the vessel travels to execute the maintenance task. As previously
mentioned, it is assumed that every vessel is equipped with technicians of the maximum
number. Input [5] is the maximum number of parallel teams and it indicates the number of
teams on each vessel that can work on different maintenance tasks simultaneously. Inputs
[6-8] are weather-related limitations of each vessel and vessels cannot work if the weather
condition data exceeds any limitation. Inputs [9-10] are the Jack-up/Jack-down time, which
is the time for stabilizing the HLV by stationing its legs on the seabed. Inputs [8-10] are
only considered for HLVs because FSVs and CTVs are not required to lift heavy parts to
the hub level of the turbine. Inputs [11-13] are related to chartering vessels. Input [11],
the mobilization time, indicates the time needed by a chartered vessel to get ready before it
starts maintenance tasks. Input [12] is the length of a charter period. Input [13] indicates
the length of each extended charter period, and this happens when a charter period is ended
but the maintenance tasks are not finished. At the beginning of each maintenance cycle, the
chartered fleet size is decided, and during the cycle, it is periodically checked whether more
vessels need to be chartered, and the interval is indicated as input [14] Input [15] specifies
the daily penalty factor of the exceeded days for those chartered vessels that return after
the charter period has ended. Input [16] is the fuel consumption while travelling, which is
part of the total cost of the objective function. Input [17] is the required time for a team of
technicians to leave the turbine and enter the vessel in terms of safety.
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Table 6.2: Transportation inputs of vessels

No Name Unit

1 Travel speed knot
2 Inter-transit time min
3 Minimum working window min
4 Technicians on-board person
5 Maximum parallel teams team
6 Limit wave height m
7 Limit wind speed at sea m/s
8 Limit wind speed at hub m/s
9 Jack-up time hour

10 Jack-down time hour
11 Mobilization time day
12 Charter length day
13 Extend charter period length day
14 Regular charter check day
15 Penalty factor for late return -
16 Fuel consumption mt/h
17 Safety margin min

4. Failure and maintenance inputs. Four components, rotors and blades, generators,
gearboxes and bearings, are considered in the simulation model, and the lifetime of each
component is generated by using the Weibull distribution with specific shape parameters
and scale parameters. Maintenance type inputs contain the time and cost of different types
of maintenance tasks on the different turbine components.

5. Additional cost inputs. Besides the parameters introduced above, more inputs are
required for the total cost calculation, including electricity price, charter costs, mobilization
costs, fuel costs, technician costs, and penalty costs.

6. Climate inputs. Wind speed and wave height are considered the climate inputs, and
synthetic climate datasets can be generated by using the Weibull distribution. Referring to
[27], the wind power law developed in [79], shown as (6.4), is used to calculate the wind
speed values at sea level and hub level, based on the wind speed value at the reference level
21m.

v2

v1
= (

h2

h1
)α, (6.4)

where v2 is the wind speed at height h2, v1 is the wind speed at height h1, and α is the
constant coefficient for the wind power law equation.

Inputs [1-2] are the Weibull shape parameter and the Weibull scale parameter to generate
the wind speed at the height of 21 m. Inputs [3-4] are the Weibull parameters to generate
the wave height. Input [5] is the relevant height above sea level and is used to obtain the
wind speed at sea level. Input [6] is the coefficient used in the Equation 6.4, to obtain wind
speed of different altitudes.
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Table 6.3: Climate inputs

No Name Unit

1 Weibull shape parameter of wind speed (at 21m) -
2 Weibull scale parameter of wind speed (at 21m) m/s
3 Weibull shape parameter of wave height -
4 Weibull scale parameter of wave height m
5 Relevant height above sea m
6 Wind speed coefficient -

Table 6.4: Maintenance zone

Maintenance type Zone

No maintenance Zone 1
Basic repair Zone 2
Major repair Zone 3

Preventive replacement Zone 4
Failure replacement Failed

Simulation process

The simulation model contains eight different agents, and each agent is responsible for a
certain process. The current status of an agent is represented by its mode, for example, a
turbine can have the modes ‘working’ or ‘not working’, and a vessel can have the modes
‘idle at base’, ‘travel to site’, etc. The three most important process interactions are ‘acti-
vate”, ‘passivate’, and ‘hold’. ‘Activate’ is used to continue an agent’s process at the current
period. ‘Passivate’ is used to stop the agent’s process (the agent becomes passive). ‘Hold’
is used to delay the agent’s process, and the agent becomes active at the scheduled time. All
agents will be described below.

1. Turbine agent. Each turbine in the offshore wind farm is represented by a turbine
agent. One turbine consists of 4 critical components. The turbine starts producing electric-
ity at the start of the simulation and stops working due to failure or maintenance implemen-
tation.

2. Turbine component agent. Each critical component is represented by a turbine com-
ponent agent, with an individual lifetime. Referring to the component age and its lifetime,
the components are categorized in zone 1, zone 2, zone 3, zone 4, or zone f (component
failed), as shown in Table 6.4. More details about maintenance opportunities and actions can
be found in Section 3.2.4. A difference should be explained that the model in Section 3.2.4
only considers replacement and major repair. In this chapter, the previous multi-level major
repair is further categorized into major repair and basic repair. The element, employing
CTVs to perform basic repair, is added in the model.

3. Maintenance cycle trigger agent. Maintenance activities can be performed within a
certain period, which is referred to as the maintenance cycle in this research. A maintenance
cycle can be initiated by any one of two triggers, one is when the number of components in
zone 4 equals or exceeds a defined threshold, and another one is when the number of failed
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components equals or exceeds a defined threshold.
4. Maintenance cycle control agent. The maintenance cycle control agent is used for

the simulation environment. The maintenance cycle control agent is activated if any of the
maintenance cycle triggers is reached. The maintenance cycle control agent is also respon-
sible for chartering vessels. Once the maintenance cycle starts, vessels can be chartered at
the start of a maintenance cycle or during the cycle if additional vessels should be chartered.

5. Scheduler agent. This agent is responsible for assigning maintenance tasks to teams
of technicians as well as vessels. Every time the scheduler agent is activated, it determines
the remaining maintenance tasks of each type and sorts the tasks according to the mainte-
nance priority. Then, the agent assigns the maintenance tasks to teams of technicians and
vessels based on the maintenance priority. If all maintenance tasks are completed and all
the vessels are back at base, the maintenance cycle control agent will end the maintenance
cycle.

6. Vessel agent. Each vessel in the fleet, either chartered or owned, is represented by a
vessel agent. The processes vary for chartered and owned vessels. An owned vessel agent
idle at the base if no maintenance cycle is active. If a decision is made to charter a new
vessel, a chartered vessel agent is created and the vessel is added to the fleet. The chartered
vessel is available after the mobilization is done.

In case the charter period of a chartered vessel has ended during a maintenance cycle,
it is checked in advance whether the charter period should be extended before the charter
expires. If the charter period is not extended, the chartered vessel is removed from the fleet.

The agent simulation vary for different vessel types due to the different characteristics.
HLVs lift heavy parts to the hub level of turbines for preventive and failure replacement
tasks. HLVs work continuously for 24 hours a day and can stay on-site for multiple days,
but can only perform one maintenance task at a time. Jacking up/down is limited by wind
speed and wave height. After jacking up, maintenance tasks can be performed when weather
conditions allow. The HLV can only start a maintenance task if the wind speed at the hub
level does not exceed the limit within a minimum working window plus a safety margin.
Once a task is finished, the HLV jacks down and travels to the next turbine or stays jacked
up to start a new task. If there are no tasks, the HLV returns to the base and stays idle until
the end of the maintenance cycle/charter period.

FSVs are used for major repair maintenance tasks, lifting medium-weighted parts to the
turbine’s platform. FSVs can stay offshore for multiple days but are restricted by shift hours
and can only work on one maintenance task at a time. Weather conditions of wave height and
wind speed at sea constrain FSV operations, which can stay on-site or travel during rough
weather. FSVs only start a maintenance task if the weather window is sufficient and have a
safety margin for technicians to leave the turbine. If a maintenance operation is ceased due
to rough weather or approaching shift end, it will resume the next day if the weather permits
or if the remaining shift time meets the minimum working window. If no tasks are assigned,
FSVs will travel back to base and stay idle until the end of the maintenance cycle/charter
period, or until assigned to a new task.

CTVs are used for minor repairs and maintenance tasks, with strict weather and shift
hour limitations. The vessel is smaller than previous types and can only transport techni-
cians to the turbine. CTV activities are limited by weather conditions and must return to
base before rough weather. Shift hours also limit CTV activities, with teams picked up at
the end of the shift. If more than one team is assigned, the CTV delivers the team with the
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least repair time first. CTVs will wait at a turbine if a team is still working. Before traveling
to the site, the CTV checks for sufficient weather windows and time for all teams to work.
Unassigned teams are only assigned tasks if they can work for the minimum required time.

7. Technician team agent. When a maintenance task is assigned to a team of technicians,
a technician team agent is temporarily created. The created technician team agent will
terminate and be removed once the team has finished the maintenance task and is picked up
by the vessel.

8. Weather control agent. Each vessel in the fleet has its own weather control agent and
the agent has the function to check whether the weather window is sufficient for vessels to
travel to the site for maintenance activities. The weather control agent is responsible for in-
terrupting a vessel that is in operation and must respond to rough future weather conditions,
and the vessel has to stop the maintenance activity, or even travel back to the base if the
vessel type is CTV.

9. Shift control Agent. The shift control agent is the agent for the simulation environment
that ensures the vessels constrained by shift hours are activated at shift start and start picking
up teams at shift end. At the end of each day during a maintenance cycle, an overview of
the location and activity of each vessel in the fleet is obtained.

Constraints for transportation systems

Different types of vessels have different characteristics and their maintenance and opera-
tions are affected by varying conditions. These characteristics are the constraints which
shown are in Table 6.5. In input [1], it is assumed that HLVs and FSVs can stay offshore for
multiple days, while the CTV has to return to the base every day. In input [2], in terms of
shift hours, only HLVs can work 24 hours a day on a three-shift basis. While the FSVs and
CTVs are constrained by shift hours, resulting that, FSVs and CTVs can only work within
the shift hours. Once the shift ends, even if there is any maintenance task not finished,
FSVs and CTVs have to stop the maintenance activity. FSVs have to stay on-site and CTVs
need to return to base. Inputs [3-5] are weather constraints. It is assumed that all the vessel
types are constrained by the wave height and the wind speed at sea level, and only HLVs
are constrained by the wind speed at the hub level.

Table 6.5: Constraints for transportation systems

No Name HLV FSV CTV

1 Stay on-site for multiple days X X
2 Constrained by shift hours X X
3 Constrained by wave height X X X
4 Constrained by wind speed at sea X X X
5 Constrained by wind speed at hub X

Simulation outputs

During the simulation, the process of all maintenance activities in the wind farm will be
checked and recorded every 20 minutes in the log, including turbine information, cycle
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information, component information, vessel charter information, vessel travel information,
as well as vessel time information. These information is collected as simulation outputs.
Based on the above-mentioned outputs, the total cost can be obtained and used for the
objective function.

1. Turbine information. The operating status of every turbine is recorded. Based on this
information, the total electricity production of the offshore wind farm can be calculated.
To determine the wind farm’s total electricity production, individual turbines’ electricity
production during the simulation horizon is calculated. The relationship between the wind
speed at the hub level wt and the generated power Pw

t at day t is given by (4.9).
2. Maintenance cycle information. The model tracks when maintenance cycles start and

end, to calculate the length of maintenance cycles and penalty costs related to prolonged
maintenance cycles.

3. Maintenance tasks information. When a maintenance task is completed, the infor-
mation on the maintenance task is traced, including the turbine and component type, the
maintenance type, the costs, and the time of completion, in order to calculate the number of
each type of maintenance tasks and the corresponding costs.

4. Vessel information. The information include the start and end time of mobilization,
the start and end time of a charter period, whether the charter period is ended by the end of
a maintenance cycle or by the end of the charter period, whether the chartered vessels are
returned on time or late (together with the number of late days), and whether mobilization is
stopped by the end of a cycle. The technicians on chartered vessels are paid for the duration
of the charter period while the technicians on an owned vessel are paid for the duration of
the maintenance cycles. Then the costs of chartering vessels, mobilizations, and technicians
can be calculated. In addition, based on the number of round trips from base to the site and
the number of inter-transits, the fuel cost for travelling can be calculated.

6.2.5 Objective function and optimization method

The aim is to make leasing decisions to configure a vessel fleet, in order to conduct the
required maintenance tasks cost-effectively, thus the optimization objective is minimizing
the total costs in the planning horizon as

min Ac(NHLVC
s ,NFSVC

s ,NCTVC
s ) =

∑
s∈S

(
Ctask

s +Cpenalty
s +Cvessel

s +Closs
s

)
Lp

s.t. NHLVC
s ,NFSVC

s ,NCTVC
s ∈ Z+

(6.5)

where Ctask
s ,Cpenalty

s ,Cvessel
s ,Closs

s are costs for repair tasks, penalty, vessels, and production
losses respectively; LP is the length of planning horizon.

SA is a versatile and robust heuristic solution strategy which offers a good balance
between exploration and exploitation, making it a valuable tool for solving a wide range of
optimization problems, and an acceptable answer for typical problems can be obtained in
a reasonable time [135]. We use this method to solve the problem in this Chapter. More
discussion about the adoption of heuristic methods can be found in Chapter 7.

The algorithm is inspired by the physical process of annealing, which involves heat-
ing and then slowly cooling a material to reduce its defects and increase its stability. The
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algorithm starts with an initial solution to the optimization problem and then iteratively ex-
plores the search space by generating a new solution in each iteration. The new solution is
generated by applying a random perturbation to the current solution, and the perturbation is
controlled by a parameter known as the temperature. During the early iterations, the temper-
ature is set high, allowing the algorithm to accept solutions that are worse than the current
solution with some probability. This helps the algorithm to escape from local minima and
explore a wider region of the search space. As the algorithm progresses, the temperature is
gradually decreased, reducing the probability of accepting worse solutions and allowing the
algorithm to converge towards the global minimum.

6.3 Case study

6.3.1 Scenario set-up
In this section, a case of an offshore wind farm is used to evaluate the performance of the
developed model. The scenario is extended based on the wind farm in Chapter 3.3.1, and
more details related to vessels and metocean is added. The inputs describing the mainte-
nance strategy is summarized in Table 6.6. and Table 6.7. The two-level major repair is
further categorized into major repair requiring FSVs and minor repari requiring CTVs.

Since the model in this chapter considers much more details of maintenance logistics
than the previous models, the calculation time is also greatly increased. For each set of de-
cision variables, 20 Monte-carlo simulations are generated to represent different situations,
which are less than previous chapters. The length of the planning horizon is set as 15 years.
The specified maintenance cycle length is set as 60 days.

Table 6.6: Description of the maintenance strategy

Maintenance type Component age Vessel type

No maintenance [0, 50) -
Minor repair [50, 80) CTV
Major repair [80, 95) FSV

Preventive replacement [95, 100) HLV
Failure replacement ≥ 100 HLV

Table 6.7: Threshold for starting a maintenance cycle

The trigger of starting a maintenance cycle Threshold value

The number of zone 4 components 1
The number of failed components 1

The inputs of wind farm and turbine are listed in Table 6.8. The number of owned
CTVs is one. The parameters related to vessels are listed in the Table 6.9, which estimated
from [27]. The minimum working window for HLV is equal to the time required for its
maintenance task. The safety margin of CTV is the total time of the maximum number of
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parallel teams times the inter-transit time, as well as the time required to travel back to base.
The minor repair costs for rotor, bearing, gearbox, and generator, are 4kC, 1kC, 5kC, and
1.5kC respectively. The additional cost inputs are displayed in the Table 6.10 [27]. Climate
inputs are shown in the Table 6.11. The values are derived from [13, 79].

Table 6.8: The values of wind farm and turbine inputs

No Name Value Unit

1 Number of turbines 50 turbine
2 Distance from shore 50 km
3 Simulation time horizon 15 year
4 Shift start 08:00 hh:mm
5 Shift end 20:00 hh:mm
6 Soft time window 60 day

Table 6.9: Values of vessel inputs

No Name Value Unit
HLV FSV CTV

1 Travel speed 11 13.5 24 knot
2 Inter-transit time 40 40 20 min
3 Minimum working window - 120 60 min
4 Technicians on-board 24 12 12 person
5 Maximum parallel teams 1 1 4 team
6 Limit wave height 2.8 2 1.7 m
7 Limit wind speed at sea 36.1 25 25 m/s
8 Limit wind speed at hub 15.3 − − m/s
9 Jack-up time 3 − − hour

10 Jack-down time 3 − − hour
11 Mobilization time 30 21 7 day
12 Charter length 30 30 30 day
13 Extend charter period length 15 15 15 day
14 Regular charter check 15 15 15 day
15 Penalty factor for late return 2 2 2 -
16 Fuel consumption 0.55 0.2 0.24 mt/h
17 Safety margin 20 20 - min

The simulation is run in Python language and solved using Salabim. All simulations
are run on an Intel Xeon 14-core-28-threads processor with 128G DDR4 memory. The
configuration of the SA algorithm is: (1) Initial starting temperature is 100 and stopping
temperature is 4. (2) Cooling rate is 0.5.(3) Number of moves at each temperature is 40.
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Table 6.10: The values of additional cost inputs

No Name Value Unit

1 Electricity price 150 AC/MWh
2 HLV charter rate 110000 AC/day
3 FSV charter rate 10000 AC/day
4 CTV charter rate 2500 AC/day
5 HLV mobilization cost 800000 AC
6 FSV mobilization cost 200,000 AC
7 CTV mobilization cost 50,000 AC
8 HLV fuel cost 450 AC/mt
9 FSV fuel cost 300 AC/mt
10 CTV fuel cost 300 AC/mt
11 HLV technician cost 100,000 AC/year
12 FSV technician cost 100,000 AC/year
13 CTV technician cost 60,000 AC/year
14 Penalty cost 50,000 AC/day

Table 6.11: The values of climate inputs

No Name Value Unit

1 Weibull shape parameter of wind speed (at 21m) 2.43 -
2 Weibull scale parameter of wind speed (at 21m) 8.58 m/s
3 Weibull shape parameter of wave height 1.58 -
4 Weibull scale parameter of wave height 1.1 m
5 Relevant height above sea 5 m
6 Shear component 0.1 -

6.3.2 Results

The computational time for solving the optimization problem is about 30.3 hours. The
obtained values of variables are XHLV

T = 6, XFSV
T = 24, XCTV

T = 150. The number of HLVs,
FSVs, and CTVs which are chartered in each maintenance cycle are listed in Table 6.12.

Each combination of three numbers illustrates the chartered number of each vessel type
in each maintenance cycle in each scenario. For example, the result is (1,2,0) in 14th cycle
in SET1 simulation, indicating 1 HLV and 2FSVs are charted. Given that 1 CTV has been
owned, the vessel fleet in this maintenance cycle is composed of 1 HLV, 2FSVs, and 1 CTV.

The maintenance cycle length are shown in Fig. 6.2. In the top part of the figure, from a
down-up perspective to the Y-axis, the relative location of each maintenance cycle of each
scenario to the whole time horizon is displayed, and the thickness of each bar illustrates
the relative length of each maintenance cycle. The bottom part of the figure displays the
details of each maintenance cycle. It can be seen that, for each scenario, the number of the
maintenance cycle can be different. The reason leading to the difference is that, in different
scenarios, the lifetime of each turbine component varies, and the component with a longer
lifetime has a lower possibility for replacement, thus the maintenance cycle is not easily
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triggered.
For each maintenance cycle, the duration also varies. This can be affected by the weather

condition and the workload within this period. If the weather condition is suitable for the
task execution, then all the maintenance tasks can be finished faster than those of worse
weather conditions. Also, the less number of maintenance tasks is, the less time required
for each maintenance cycle is, therefore, its duration decreases accordingly.

Unit: day X(tasks_per_HLV) = 6, X(tasks_per_FSV) = 24, X(tasks_per_CTV) = 150

set_1 set_2 set_3 set_4 set_5 set_6 set_7 set_8 set_9 set_10 set_11 set_12 set_13 set_14 set_15 set_16 set_17 set_18 set_19 set_20
cycle 1 length 37 34 75 38 45 38 37 45 38 46 34 48 33 39 45 39 64 37 33 43
cycle 2 length 47 39 33 38 38 55 48 33 89 34 43 35 44 35 37 54 48 48 37 45
cycle 3 length 75 66 77 43 55 52 60 61 44 34 40 36 112 50 41 41 51 34 75 42
cycle 4 length 37 41 33 40 37 64 42 42 37 38 35 49 58 39 40 34 70 60 68 39
cycle 5 length 40 103 42 50 42 65 33 109 52 33 64 42 35 39 85 45 39 39 50 96
cycle 6 length 49 68 67 52 50 39 39 36 38 46 41 51 59 42 63 49 37 39 44 34
cycle 7 length 48 42 37 55 42 45 45 33 47 42 40 50 49 104 49 56 44 46 48 41
cycle 8 length 57 42 42 42 82 104 51 47 61 54 48 68 43 47 52 47 48 64 38 52
cycle 9 length 60 41 44 52 66 55 44 52 56 46 64 69 49 60 44 50 52 53 54 56

cycle 10 length 44 45 51 45 47 51 44 51 56 52 53 52 51 66 50 54 52 48 48 56
cycle 11 length 55 56 46 55 47 45 52 48 50 47 56 44 56 42 47 51 51 43 59 51
cycle 12 length 47 54 56 67 52 51 54 55 59 47 50 51 49 50 48 49 51 62 46 60
cycle 13 length 52 46 50 - 52 50 57 54 60 66 47 56 60 60 54 49 46 45 47 46
cycle 14 length 46 55 56 - 59 61 47 45 43 48 51 53 57 59 51 59 56 - 42 -
cycle 15 length - 60 59 - 55 47 48 62 57 33 50 - 43 - - - - - 44 -
cycle 16 length - - 49 - 51 - - - - - - - - - - - - - - -
cycle 17 length - - - - 53 - - - - - - - - - - - - - - -

total 694 792 817 577 873 822 701 773 787 666 716 704 798 732 706 677 709 618 733 661

X(tasks_per_HLV) = 6, X(tasks_per_FSV) = 24, X(tasks_per_CTV) = 150
set_1 set_2 set_3 set_4 set_5 set_6 set_7 set_8 set_9 set_10 set_11 set_12 set_13 set_14 set_15 set_16 set_17 set_18 set_19 set_20
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Figure 6.2: The results of the maintenance cycle length

In general, most of the duration of each maintenance cycle is less than 60 days because
of the constraint of the soft time window. Once the time is exceeded, the daily penalty cost
and all vessel-related costs will be charged. While for the former cost, the result of the
penalty cost related to prolonged maintenance cycles beyond the soft time window. The
penalty cost is 0 for every maintenance cycle with a duration lower than 60 days, and for
those with over 60 days, the penalty is the product of the number of exceeding days and
the daily penalty. The costs of repair tasks are shown in Fig. 6.3. The cost distribution is
consistent with Fig. 3.12. The difference related to the costs for major repair is because
major repair tasks in Chapter 3 is further classified into major repair and minor repair in this
model.

6.3.3 Sensitivity analysis
As the outputs of the simulation model are affected by many inputs, a sensitivity analysis
on important inputs is performed to test different values for the verification as well as to
evaluate how these inputs influence the results, which could be as a reference by wind
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Unit: k X(tasks_per_HLV) = 6, X(tasks_per_FSV) = 24, X(tasks_per_CTV) = 150

set_1 set_2 set_3 set_4 set_5 set_6 set_7 set_8 set_9 set_10 set_11 set_12 set_13 set_14 set_15 set_16 set_17 set_18 set_19 set_20
corre_replac 500.0 730.0 685.0 165.0 1525.0 1300.0 255.0 590.0 315.0 515.0 525.0 210.0 550.0 700.0 255.0 580.0 790.0 610.0 315.0 730.0
preve_replac 755.0 1060.0 550.0 780.0 685.0 825.0 700.0 540.0 625.0 925.0 825.0 505.0 845.0 1065.0 675.0 1000.0 575.0 770.0 800.0 835.0
major_repair 2348.75 2206.25 1591.25 2316.25 2082.5 1432.5 1941.25 1747.5 1352.5 1497.5 1738.75 930.0 1561.25 1510.0 1432.5 1892.5 1827.5 1651.25 1661.25 2041.25
minor_repair 4632.5 4590.5 5013.0 4370.5 5258.5 4891.0 4433.0 4534.0 5061.0 4978.0 4737.0 5393.0 5082.0 4636.0 4687.0 4534.5 4817.0 4455.5 4687.5 4115.5

total 8236.25 8586.75 7839.25 7631.75 9551.0 8448.5 7329.25 7411.5 7353.5 7915.5 7825.75 7038.0 8038.25 7911.0 7049.5 8007.0 8009.5 7486.75 7463.75 7721.75

X(tasks_per_HLV) = 6, X(tasks_per_FSV) = 24, X(tasks_per_CTV) = 150
set_1 set_2 set_3 set_4 set_5 set_6 set_7 set_8 set_9 set_10 set_11 set_12 set_13 set_14 set_15 set_16 set_17 set_18 set_19 set_20
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Figure 6.3: The result of the cost of maintenance tasks

farm developers/researchers. The concerned input parameters are Weibull scale parameter
of climate input, maximum parallel teams number on CTV, penalty cost, charter length,
range of each component condition zone. These inputs are key parameters in the model,
directly affecting the vessel organization and leasing decisions, thus we perform a sensitivity
analysis on these input parameters. The values of the parameters increase by 50% and
decrease by 50%.

The results of sensitivity analysis are shown in Table 6.13. In the developed model,
under certain weather conditions, the balance between the number of chartering vessels and
the lengths of maintenance cycles is significant to the total costs. The more vessels are
chartered, the faster maintenance tasks are finished and the shorter the maintenance cycle
lengths are. In this case, more vessels lead to more charter costs. On the other hand, if
the vessel size is not enough for the maintenance tasks, the maintenance cycle needs to be
prolonged, thus the penalty cost will be charged when the soft window is exceeded. It can
be seen that the changes in penalty have no influence on the costs except for the annual
penalty cost. Hence, the total O&M costs are very close.

In terms of the changes in the climate Weibull scale parameter, when the parameter de-
creases to be 0.5 times, there is a general decrease in every costs, and the cost of production
loss decreases outstandingly. Nevertheless, when the scale parameter becomes larger, mean-
ing that the weather conditions become worse, the influence is very significant. The costs of
the vessel travelling, vessel chartering, penalty and production loss are extremely different
from the original results. Under extreme weather conditions, the weather changes drasti-
cally, the minimum working window of HLV can never be satisfied and it keeps waiting for
suitable weather conditions. Thus, once the maintenance cycle starts, no one maintenance
cycle is completed and it lasts until the end of the wind farm time horizon. Minor repairs
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Table 6.13: Results of sensitivity analysis

Annual cost (kC/year)

Description Multiple Vessel
traveling

Vessel
chartering

Repair
tasks Penalty

Production
loss Total

Benchmark 1 19.2 5052.8 522.8 88.0 671.6 6354.5

1.5 6.8 15908.8 110.1 17205.2 89655.1 122886.0Climate
parameter 0.5 15.4 4670.8 513.4 40.8 49.2 5289.7

1.5 27.0 4755.9 666.4 63.5 867.6 6380.4Component
zone 0.5 15.8 6543.8 517.4 429.0 712.1 8218.1

1.5 19.2 6653.4 522.9 87.5 672.4 7955.4Charter
length 0.5 19.6 3879.1 525.0 106.0 673.9 5203.6

1.5 19.2 5052.8 522.8 44.0 671.6 6310.5Penalty
cost 0.5 19.2 5052.8 522.8 132.0 671.6 6398.5

1.5 17.5 5094.0 520.9 93.7 699.0 6425.1CTV
teams 0.5 24.9 5290.8 515.1 1020.0 682.6 7533.4

contribute the most to the cost of maintenance tasks while preventive replacement and fail-
ure replacement will never be performed.

The changes in the maximum parallel team result in fluctuations in the output results
differently. The decrease in team number leads to insufficient resources for maintenance
tasks, therefore, more time is needed and maintenance cycles need to be prolonged. More
frequent activities are required and the travelling cost increases. On the other hand, the
increment in the maximum parallel team does not mean a decrease in the total O&M cost.
The number of maintenance cycles might increase due to the fact that maintenance tasks
are completed faster and more triggers of starting a maintenance cycle can be reached. The
reason is that the influence of maintenance activities on components, namely the value of
age reduction, is more influential when the component is more aged. For example, at the
beginning of a maintenance cycle, both components have a life of 1000 days. If the first
component is quickly performed major repair on at day 1, its life is reduced to 1000 ·0.5 =
500 days. If the other component is repaired at day 40, its life is reduced to 1040 ·0.5 = 520
days. At this point, the life of the first component was 500+ 40 = 540 days. In other
words, it is not better to repair the parts earlier and faster. If maintenance are performed too
quickly, the component will degrade sooner, potentially resulting in more failures and more
maintenance cycles.

In the aspect of the charter length, the differences reveal important information. Com-
pared with the benchmark, the cost of maintenance tasks when the charter length is longer is
not significantly different. However, the longer charter length means that in the first several
maintenance cycles with a low number of tasks, vessels quickly finish the tasks and have to
wait until the end of the charter length, during which the charter cost is still charged. When
meeting a similar number of tasks, the longer charter length will lead to the waste of vessel
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utilization and lead to an obvious increment of the total charter cost. Conversely, the short
charter length goes in another direction where the charter is more flexible. Given a shorter
initial charter length, the charter length can be extended when needed, and each charter can
be made good use of, leading to the remarkable saving on the total charter cost.

The changes in the component zone range also result in different costs. When the length
of each component zone becomes 1.5 times larger, it means more components are deter-
mined to repaired. What happens in this situation is that, components have fewer possibili-
ties to fail because they can be fixed at an early age, thus, the number of the most expensive
maintenance task, failure replacement, substantially decreases, and the cost can be saved a
lot. However, the amount of minor repairs and major repairs climbs, leading to a sharp in-
crement in their costs for maintenance tasks. Also, due to the frequent repair, more turbines
need to stop running and the production loss cost climbs. In contrast, the shortening of the
component zone results in the accumulation of maintenance tasks because each component
could only be repaired/replaced when its situation is very bad. Therefore, more vessels need
to be used and longer maintenance cycles are needed to address this situation of increased
tasks.

6.4 Conclusions

Chapter 3 develops a maintenance strategy, and this chapter studies the vessel fleet organiza-
tion under the determined maintenance strategy. The repair workload is determined in each
maintenance cycles, and it is necessary to determine the mix and size of the hybrid vessel
fleet. This chapter addresses Research Question 5, aiming to develop a simulation-based
model that can be used to optimize fleet management decisions, providing decision-makers
to make rational leasing decisions when triggering maintenance cycles.

Given an available number of owned vessels, the decisions involve determining the num-
ber of vessels of each type to be chartered at various moments throughout the wind farm
lifetime. Uncertainties related to turbine component failures and weather conditions are
considered in this model. Under a specific set of fleet configuration, the total costs are eval-
uated by using the developed model. Compared to the models in Chapters 3 and 4, more
vessel parameters and minor changes in vessel dispatching for different maintenance tasks
are introduced to make the model more complete and reasonable. A metaheuristic algo-
rithm, SA method, is used to combine with the model to obtain the optimal solutions. The
proposed methods can make the leasing decision to configure a hybrid maintenance vessel
fleet to support the implementation of maintenance activities with minimum total costs in-
cluding vessel costs, production losses, repair costs, and penalty cost. The results show that
the cost of vessel chartering is higher than in previous chapters because of the refinement of
the scheduling model for vessels. More elements are taken into account, which increases the
cost of vessel charting. There is also a slight change in the division of maintenance tasks, so
the estimate of maintenance costs has changed. The sensitivity analysis shows the offshore
environment is crucial for maintenance implementation and directly affects the progress of
conducting tasks. The followings are the setting of the maintenance strategy, the length of
the charter contract, the team configuration of CTV, and and penalty costs.

Chapter 3-6 focuses on maintenance strategy and resource organization for offshore
wind farms, while an open-loop approach is used for decision-making without considering



6.4 Conclusions 121

the feasibility to update decisions. The next chapter studies the development of a closed-
loop maintenance strategy, which uses new data and captures the dynamic wind farm states
to update the maintenance decisions over the lifetime of wind farm, in order to further
improve the current maintenance strategies.





Chapter 7

A Closed-loop Strategy
Considering Data Updates and
Wind Farm States

Chapter 4 has pointed out that the design of the maintenance strategy which is proposed in
Chapter 3 suffers from the uncertainty or inaccuracy in model parameters, and has identified
the potential types of uncertainties and quantified their influence. Following the research
in Chapter 3 and 4, this chapter proposes a closed-loop maintenance strategy optimization
framework to adjust maintenance strategies periodically according to the dynamic wind
farm states and updated RAM database.

This chapter is organized as follows: Section 7.1 introduces the research background
of the problem. Section 7.2 presents the proposed framework and introduces the individual
models within it. In Section 7.3, a case study for a generic offshore wind farm is provided to
illustrate the applicability. Moreover, a comparative study of five scenarios is performed to
highlight the economic benefit of the proposed approach. Section 7.4 summarizes the main
findings of the results, and discusses the practical implications. Section 7.5 concludes the
chapter.

Parts of this chapter have been published in [106]1 and [108]2.

7.1 Introduction
When determining solutions to maintenance optimization problems, it is helpful to distin-
guish between open-loop, reactive, and closed-loop solutions. As discussed in Chapter 2,
an open-loop strategy indicates to find the optimal maintenance strategy at the beginning of

1M. Li, X. Jiang, J. Carroll, and R. R. Negenborn. Rolling horizon based adjustable maintenance management:
A case study of a 3-MW wind turbine. In Proceedings of the 18th EAWE PhD Seminar on Wind Energy, pages
1–4, Bruges, Belgium, 2022.

2M. Li, X. Jiang, J. Carroll, and R. R. Negenborn. A closed-loop uncertainty-aware strategy for offshore wind
farm maintenance. Submitted to a journal, 2023.
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operation and to implement it over the entire lifetime. This open-loop strategy is the most
widely used in the past studies.

Compared to an open-loop strategy that is applied over the entire optimization horizon
blindly, a reactive strategy is determined step by step. The current strategy is formulated on
the basis of the current state, and it is implemented until the next step in which a new strategy
is determined again. The reactive maintenance strategy has the capacity of making decisions
based on the present situation. Compared to the open-loop strategies, the reactive strategies
are able to capture the wind farm states to update decisions which are more suitable for the
current wind farm state. However, reactive strategies lack the ability to utilize the feedback
(i.e., new RAM data) generated from the wind farm. If the feedback is integrated into
decision-making to update decisions, this approach is called as ’closed-loop’, referring to
a process from information collection and use, to decision-making, action taking, and back
again to information collection.

Therefore, in order to improve the performance of maintenance strategies, it is necessary
to develop such a closed-loop strategy to improve the current open-loop maintenance strat-
egy. In this chapter, we proposes a closed-loop maintenance strategy optimization frame-
work to connect the decision-maker’s maintenance model and the target offshore wind farm.
New data is accumulated with the operation of the offshore wind farm to update inaccurate
parameters in the maintenance model. At each decision-making step, the maintenance strat-
egy is adapted to the current health state of the wind farm while making use of the updated
parameters.

7.2 Method

In this section, we formally introduce the closed-loop maintenance strategy optimization
framework over the wind farm service life in detail, as illustrated in Fig. 7.1. The decision-
maker formulating the maintenance strategy is the wind farm owner and operators. As a
crucial strategic decision in the maintenance management, the maintenance strategy consists
of several thresholds. These thresholds act like maintenance criteria, which determine the
triggering of maintenance cycles and the maintenance actions required for components in
different health states in maintenance cycles. Before the operation of the wind farm, the
decision-maker employs a maintenance model and an optimizer to determine the optimal
maintenance strategy in view of the preferred objective. The resource for values of input
model parameters can be from vendor guidelines, maintenance records, historic failure data,
or even expert survey. Although uncertainty and inadequacy in the data is a serious problem
for decision makers, the development of the current maintenance strategy still has to rely on
these available data.

The sensors installed on the operating wind turbines record the various kinds of signals
including vibration, temperature, and acoustic emission, depending on the type of the com-
ponent that is monitored. Then the signals are transferred to a remote monitoring and con-
trol center where the experts perform fault prognosis for wind turbine RUL estimation. The
health state of components is assessed according to the estimated RUL, and the decision-
maker decides on whether to initiate a cycle of maintenance or not according to the current
maintenance strategy. In the maintenance cycle, the spare parts, maintenance vessels, and
technicians are organized to perform the maintenance actions.
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Figure 7.1: Schematic diagram of the closed-loop maintenance decision-making process

With the accumulation of failure data and maintenance records over the lifespan, new
data can be delivered to the decision-maker’s databases. The previous uncertain input pa-
rameters of the maintenance model are updated using the new data. The decision-maker
periodically adjusts the pre-determined maintenance strategy, and then the new strategy is
delivered to guide the maintenance in the following periods. The entire process introduced
above is regarded as the closed-loop maintenance strategy optimization framework.

7.2.1 Offshore wind farm states

In this section, a mathematical model is developed to represent the dynamics of the offshore
wind farm system. We suppose there is an offshore wind farm consisting of K turbines of
the same type. Each turbine is simplified as a series system consisting of I components.
More details about the maintenance model can be found in Chapter 3 and 4. The length of
the offshore wind farm lifetime is represented by L. We use a discrete manner to represent
this process, where the information of the wind farm state is updated every time period of
∆s. The number of the wind farm states, represented by N, is obtained by N = L

/
∆s

For the state n, where n ∈ {1, . . . ,N}, the wind farm state RRR(n) has a set of variables
representing the start state ξξξ(n), the end state ωωω(n), and the interior state κκκ(n), as:

RRR(n) =
[

ξξξ(n) κκκ(n) ωωω(n)
]
. (7.1)

The interior state is neither start state nor end state, but performs as a transition. The start
state ξξξ(n) and the end state ωωω(n) connect the current time period and the previous or subse-
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quent time period as:
ξξξ(n+1) = ωωω(n). (7.2)

The state RRR(u) incorporates the effects of the failures and repairs that the wind farm system
experiences during the length of period ∆s. It is necessary to model this process in order
to demonstrate how the system state transforms successively with the time going. The state
ξξξ(n) is represented by:

ξξξ(n) =
[

www(n) uuu(n) vvv(n) ṽvv(n) aaa(n) ggg(n)
]
, (7.3)

where www(n) = [wik(n)]I×K contains the variables representing the cumulative time of com-
ponent i at turbine k at state n; uuu(n) = [uik(n)]I×K represents the current age of components;
vvv(n) = [vik(n)]I×K represents the real lifetime of components; ṽ(n) = [ṽik(n)]I×K represents
the predicted lifetime of components; aaa(n) = [aik(n)]I×K are the binary variables implying
whether the component is in a failure state; ggg(n) = [gik(n)]I×K represents the failure moment
of the turbine component if it is in the failure state.

The end state n is given by:

ωωω(n) =
[

w̄ww(n) ūuu(n) v̄vv(n) ¯̃vvv(n) āaa(n) ḡgg(n)
]
, (7.4)

where w̄ww(n)= [w̄ik(n)]I×K , ūuu(n)= [ūik(n)]I×K , v̄vv(n)= [v̄ik(n)]I×K , ¯̃vvv(n)=
[ ¯̂vik(n)

]
I×K , āaa(n)=

[āik(n)]I×K , ḡgg(n) = [ḡik(n)]I×K are the state matrix in the end states.

The updating of variables between the start state and the end state relies on the interior
state κκκ(n), represented by:

κκκ(n) =
[ 1OOO(n) 2OOO(n) 3OOO(n) θθθ(n) qqq(n) bbb(n)

]
, (7.5)

where 1OOO(n) =
[

1Oik(n)
]

I×Kcontains the binary variables meaning whether a repair action
is needed for the degradation failure of component i at turbine k; 2OOO(n) =

[
2Oik(n)

]
I×K

contains the binary variables meaning whether a repair action is needed for the incident
failure; 3OOO(n) =

[
3Oik(n)

]
I×K contains the binary variables meaning whether the compo-

nent i at turbine k is at the ageing stage; θθθ(n) = [θikm(n)]I×K contains the variables repre-
senting the quality of potential maintenance actions performed; qqq(n) = [qik(n)]I×K contains
the variables representing the occurrence time of environmental impact; bbb(n) = [bik(n)]I×K
contains the variables representing the influence of environmental impact.

We use 1OOO(n), 2OOO(n), 3OOO(n) to count the number of aged and failed components in the
wind farm. A binary variable d(n) in (7.6) is used to decide whether a maintenance cycle
should be initiated. In the case that a critical incident arises, or a degradation failure occurs,
or a sufficient number of components are aged, a maintenance cycle is determined to be trig-
gered, and the available maintenance resources are organized to support the implementation
of the determined maintenance strategy (see Fig. 7.1). The transfer among states ξξξ(n), κκκ(n),
ωωω(n) can be referred to Section 3.2.4.

d(n) =

 1 if
I
∑

i=1

K
∑

k=1

1Oik(n)≥ 1or
I
∑

i=1

K
∑

k=1

2Oik(n)≥ 1or
I
∑

i=1

K
∑

k=1

3Oik(n)≥ KIζ

0 otherwise
(7.6)
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The total revenue losses during period n, represented by `(n), composed of material
cost, vessel cost, technician cost, and cost of production loss, are defined as

`(n) = d(n)



MMOB(n)+

∑
k∈K



(
T (n)−FT

k (n)
)

r+

∑
i∈I



[
RFR

ik +NFR
ik

(
QJ +W FRT C + r

)]
XFR

ik (n)+[
RPR

ik +NPR
ik

(
QJ +W PRT C + r

)]
XPR

ik (n)+[
RMIR

ik +NMIR
ik

(
QC +W MIRT C + r

)]
XMIR

ik (n)+

M−1
∑

m=2

 RMAR
ik (n)+

NMAR
ikm (n)(
QS +W MART C + r

)


XMAR
ikm (n)







. (7.7)

7.2.2 Decision-maker’s virtual maintenance model

The state transition of the actual offshore wind farm and the execution of the maintenance
cycles are modelled, which can be considered as the real O&M situation of the wind farm
under a specific maintenance strategy. The strategy is a kind of control action that is decided
on by the decision-maker. In order to design a sound maintenance strategy, the decision-
maker relies on a virtual maintenance model to simulate the O&M in the real offshore
wind farm and predict the expected annual revenue losses Ȧr under the specific maintenance
strategy.

Running such a maintenance model definitely requires input parameters. These param-
eters are derived from the database available to the decision-maker. In the decision-maker’s
maintenance model, the wind farm states are represented as:

ṘRR(u) =
[

ξ̇ξξ(n) ω̇ωω(n) κ̇κκ(n)
]
. (7.8)

The state ṘRR(u) is different from RRR(u) due to the uncertainty in the parameters. These
uncertainties induce an incorrect estimation of the system state. In this model, we suppose
that the uncertain parameters include component lifetime parameters, RUL prediction error
parameters, and maintenance consequence parameters, as introduced in Chapter 4. In the
maintenance model, the component lifetime is also modelled following a two-parameter
Weibull distribution as:

v̇ik = σ̇ik[− ln(1− γ)]
1
˙εik (7.9)

where the shape and scale parameters σ̇ik and ε̇ik are unequal to the parameters in (3.4),
which represent the actual component failure information is still not fully recognizable by
the decision-maker.

The decision-maker has realized the possible error between the predicted and real com-
ponent age when developing the maintenance model. The prediction error modelling is
based on the past performance of the adopted RUL prediction technology. However, once
the RUL technique is applied in practice, it is very likely that the real prediction accuracy
is far from our expected result given the negative influences from the actual operating envi-
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ronment. In this situation, the prediction error in the maintenance model is modelled as:

ėik(n)∼ N(µ̇ik(n), δ̇ik(n)2). (7.10)

The modelling of the maintenance consequences represents the decision-maker’s esti-
mation of maintenance effect, cost, and time, that result from the execution of the mainte-
nance action. This estimation is dependent on the historic maintenance database. As dis-
cussed before, the historic database may be inaccurate and incomplete to derive the explicit
estimation. Therefore, the coefficients input to the maintenance model is η̇c(n)∼ N(µ̇c, δ̇

2
c)

and η̇t(n) ∼ N(µ̇t, δ̇
2
t ). The maintenance quality is θ̇ikm(n) with the parameters α̇m and β̇m.

The expected value and the variance is µ̇θikm(n) and σ̇θikm(n), respectively.

7.2.3 Rolling horizon and information updating
The earlier wind energy maintenance models mostly adopt a kind of open-loop method for
decision-making. For a large time horizon, such a fixed strategy is likely to be inappropriate
due to the ignorance of periodic properties and accumulated data. A decomposition based
approach is needed to exploit the temporal structure and decompose the entire optimization
problem into multiple optimization problems.

The decision-maker is assumed to employ a time interval 4T for decision making,
where 4T = ρ∆s. On the basis of the maintenance model proposed in Section 7.2.2, the
decision-maker here uses a so-called shrinking-horizon approach [54] and decomposes the
optimization problem into finite sub-problems {P1, ...,PZ}, as illustrated in Fig. 7.2. Each
optimization problem belongs to a step of decision-making z, where z ∈ {1, ..., Z} , and is
only dependent on the maintenance strategy and the present monitoring state of the wind
farm. The maintenance strategy is designed for future T z

H steps at zth decision-making step.

 

Figure 7.2: Schematic representation of the shrinking planning horizon over the wind farm
lifetime

At the step z, the maintenance strategy that controls the maintenance management is
implemented, and the process starts over when the step is at (z+ 1). The strategy cz is
represented as:

cz =
[
Az

max,A
z
min,ζ

z] . (7.11)
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A series of consequent strategies ccc= col(c1, ...,c2, ...,cZ) constitute the overall maintenance
strategy during the wind farm lifetime, controlling maintenance timing and actions. We use
a strategy consisting of two phases as an example, as shown in Fig. 7.3. Compared to
Fig. 7.3(a), the maintenance thresholds are separated into two phases in Fig. 7.3(b), where
the thresholds keep the same in period 1 and change in period 2. The moments of mainte-
nance cycle 3 and 4, as well as the determined maintenance actions on component 1 and 2,
are consequently different from Fig. 7.3(a).

 

(a) A conventional maintenance strategy

 

(b) A maintenance strategy separated in two periods

Figure 7.3: An illustration of changes in maintenance thresholds
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The problem, Pz, defined to start at step z and cover the future horizon from z to (z+T z
H),

can be formulated as (7.12) to find the optimal solution cz. In (7.12), the optimization objec-
tive, the annual revenue loss in the horizon, is calculated by dividing the sum of losses over
by the horizon length. The final result, that is also the performance of the developed main-
tenance strategy, is the annual revenue losses Ar in reality when the maintenance strategy
ccc = col(c1, ...,cz, ...,cZ) is implemented.

min
c(z)

n=(z−1+T z
H)ρ

∑
n=(z−1)ρ

˙̀(n,cz,R(zρ))

LρT z
H

N

. (7.12)

The input parameters for the optimization problem are estimated using the existing wind
farm failure and maintenance databases. The decision-making is inevitably influenced by
the lack of data, especially in the early operational phase of the wind farm. The design of the
maintenance strategy is based on limited useful information, including the life test data from
the original equipment manufacturer and subjective judgement of maintenance experts. In
addition to the incompleteness of data, as [143] pointed out, much of the available field data
may be inaccurate, undetailed, or redundant, leading to a negative effect on the estimation
of maintenance model parameters.

The amount of wind turbine failure and maintenance data gradually increases as the
offshore wind farm operates. Although the raw data gathered from the wind farm is not
always ready and useful, We assume it has been well-prepared to identify the relations
among the data variables. At the beginning of operation, the original database the decision-
maker has known is XXX = [1XXX ,2XXX ,3XXX ]. The sub-dataset 1XXX = {1x1,

1x2, ...,
1xε1}, 2XXX =

{2x1,
2x2, ...,

2xε2}, 3XXX = {3x1,
3x2, ...,

3xε3} contains component lifetime data, RUL predic-
tion performance data, and maintenance implementation data respectively.

The initial lifetime parameters input into the maintenance model are derived from the
database 1XXX . The new lifetime sample consists of n1 observations before decision-making
step z is 1XXX z,D1 = {1xz,D1

1 ,1xz,D1
2 , ...,1xz,D1

n1 }. Hence the updated database is:

1X̂XX
z,D1 = {1XXX ,1XXX z,D1}=

{
1x1, ...,

1x1 ,
1xz,D1

1 , ...,1xz,D1
n1

}
=
{

1x̂z,D1
1 ,1x̂z,D1

2 , ...,1x̂z,D1
1+n1

}
.

(7.13)

The probability distribution D1 is associated with a vector θθθ
D1 =

[
θ

D1
1 ,θD1

2

]
of parameters.

The probability that the sample can be observed is:

P(1X̂XX
z,D1 ;θθθ

D1) = fD1(
1x̂z,D1

1 ,1x̂z,D1
2 , ...,1x̂z,D1

ε1+n1

∣∣∣θD1
1 ,θD1

2 ). (7.14)

We use the maximum likelihood estimation to update the parameters used in the mainte-
nance model. The likelihood function is obtained as:

L(1X̂XX
z,D1 ;θθθ

D1) =
ε1+n1

∏
τ=1

fD1(
1x̂z,D1

τ ;θθθ
D1). (7.15)

The maximum likelihood estimation aims to find the values of the model parameters which
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can maximize the likelihood function, namely:

θ̂ = argmaxL(1X̂XX
z,D1 ;θθθ

D1). (7.16)

The lifetime of components is modelled as a Weibull distribution with shape parameter ε̇

and scale parameter σ̇. The probability density function is:

f (1x̂z,D1
τ ) =

ε̇

σ̇

(
1x̂z,D1

τ

σ

)ε−1

e
−

(
1 x̂

z,D1
τ
σ

)ε

. (7.17)

Then, the likelihood function of the sample is:

L(1X̂XX
z,D1 ;θθθ

D1) =
ε1+n1

∏
τ=1

ε

σ̇

(
1x̂z,D1

τ

σ

)ε̇−1

e
−

(
1 x̂

z,D1
τ
σ̇

)ε̇

. (7.18)

It is usually more convenience to use the natural logarithm of the likelihood function [22],
which is called the log-likelihood:

ln(L(1X̂XX
z,D1 ; ε̇, σ̇)) = (ε1 +n1) ln(ε̇)− (ε1 +n1)ε̇ ln(σ̇)+(ε̇−1)

ε1+n1
∑

τ=1
ln(xz

τ)

−
ε1+n1

∑
τ=1

(
1 x̂

z,D1
τ

σ̇
)ε̇.

(7.19)

The score equations are:

∂ lnL
∂σ̇

=− (ε1 +n1)ε̇

σ
+

ε̇

σ̇ε̇+1

ε1+n1

∑
τ=1

(1x̂z,D1
τ )

ε̇

= 0, (7.20)

∂ lnL
∂ε̇

=− ε1+n1
ε̇
− (ε1 +n1) ln σ̇+

ε1+n1
∑

τ=1
ln(1x̂z,D1

τ )+ ln σ̇

σ̇ε̇

ε1+n1
∑

τ=1
(1x̂z,D1

τ )
ε̇

− 1
σ̇ε̇

ε1+n1
∑

τ=1
(1x̂z,D1

τ )
ε̇

ln(1x̂z,D1
τ ) = 0.

(7.21)

Thereby, the parameters of lifetime of components are estimated at step z through calculat-
ing Equation (7.20) and (7.21). In the similar way, the updated databases for RUL prediction
performance and maintenance implementation are:

2X̂XX
z,D2 = {2XXX ,2XXX z,D2}=

{
2x̂z,D2

1 ,2x̂z,D2
2 , ...,2x̂z,D1

ε2+n2

}
, (7.22)

3X̂XX
z,D3 = {3XXX ,3XXX z,D3}=

{
1x̂z,D3

1 ,1x̂z,D3
2 , ...,1x̂z,D3

ε3+n3

}
. (7.23)

The parameters in the Normal distribution of the prediction error or repair cost/time coeffi-
cient are updated as:

L(2X̂XX
z,D2 ;θθθ

D2) =

(
1√
2πσ̇

)ε2+n2

exp

(
−

ε2+n2

∑
τ=1

(2x̂z,D2
τ − µ̇)

2

2σ̇2

)
, (7.24)
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∂ lnL
∂µ̇

=
1

σ̇2

ε2+n2

∑
τ=1

(
2x̂z,D2

τ − µ̇
)
= 0, (7.25)

∂ lnL
∂σ̇

=−ε2 +n2

2σ̇2 +
ε2 +n2

2σ̇4

ε2+n2

∑
τ=1

(
2x̂z,D2

τ − µ̇
)2

= 0. (7.26)

The parameters modelling the maintenance quality, which follows a Beta distribution, is
estimated as:

L(3X̂XX
z,D3 ;θθθ

D3) =

(
Γ(α̇+ β̇)

Γ(α̇)Γ(β̇)

)ε3+n3 ε3+n3

∏
τ=1

3x̂z,D3
τ

α̇−1 ε3+n3

∏
τ=1

(1− 3x̂z,D3
τ )

β̇−1
, (7.27)

∂ lnL
∂α̇

=
(ε3 +n3)Γ

′(α̇+ β̇)

Γ(α̇+ β̇)
− (ε3 +n3)Γ

′(α̇)

Γ(α̇)
+

ε3+n3

∑
τ=1

ln(3x̂z,D3
τ ) = 0, (7.28)

∂ lnL
∂β̇

=
(ε3 +n3)Γ

′(α̇+ β̇)

Γ(α̇+ β̇)
− (ε3 +n3)Γ

′(β̇)

Γ(β̇)
+

ε3+n3

∑
τ=1

ln(1− 3x̂z,D3
τ ) = 0. (7.29)

7.2.4 Optimization method

The maintenance optimization problem here is complicated, involving nonlinearities, com-
binatorial relationships, and uncertainties, and it is more efficient and feasible to use a
heuristic algorithm to solve it. The optimization method used to find the optimal solu-
tion is the PSO algorithm with constriction coefficient. PSO algorithm was first proposed
in [86], with the advantages including simple concept, easy implementation, robustness to
control parameters, and computational efficiency [92]. The PSO algorithm has been widely
used in solving maintenance optimization problems [6, 12]. The algorithm was originally
inspired by the regularity of flocking activity of birds, which led to a simplified model using
swarm intelligence. After that, new elements are introduced to improve its performance,
such as constriction coefficient [48]. Compared to the original PSO algorithm, the particle
converges over time due to a constriction coefficient. The amplitude of a particle’s oscilla-
tion decreases as it concentrates on the local and neighbourhood previous optimal points.
The convergence of the algorithm can be insured by using the constriction factor.

PSO has two primary operators: velocity update and position update. At the beginning,
initial random positions and velocities are possessed to all the particles in the space. During
each generation, every particle moves towards its previous best position and the best position
found so far by the whole swarm. In iteration ϖ, the position of λth particle is changed as:

xλ(ϖ) = xλ(ϖ−1)+ yλ(ϖ), (7.30)

while the velocity of λth particle is updated as:

yλ(ϖ) = η
o [yλ(ϖ−1)+β

o
1υ

o
1
(
xIB

λ
− xλ(ϖ−1)

)
+β

o
2υ

o
2
(
xGB

λ
− xλ(ϖ−1)

)]
, (7.31)

η
o =

2∣∣∣∣2− (βo
1 +βo

2)−
√
(βo

1 +βo
2)

2−4(βo
1 +βo

2)

∣∣∣∣ , (7.32)
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where βo
1 and βo

2 are two acceleration coefficients, ηo is constriction coefficient, υo
1 and υo

2
are two positive random numbers uniformly sampled from [0,1], xGB

λ
is the neighborhood

best state found so far, and xIB
λ

is the individual best state found so far.
The velocity and position of each particle is updated in iterations where the position of

each particle is evaluated by the Equation (7.30) and (7.31). This process repeats until the
maximum iteration number to capture the optimum solution.

7.3 Case study

7.3.1 Scenario set-up

The developed O&M framework is applied to the cased expanded based on Chapter 4. The
farm consists of a group of five 3-MW wind turbines individually containing five critical
components. Compared to the models in Chapter 3 and 4, this model requires more times
of optimization times, and the workload of calculation is also greatly increased, thus the
numerical example is reduced to a 5-turbine wind farm. The accuracy of the RUL technique
is about 87.2 % under the error parameter µa and δa are both 0.01, and the value of as and
ap are 0.02. The variance of maintenance quality is 0.01. The value of µc and µt is 2, and δc
and δt is 0.5.

The parameter setting of the PSO optimizer is: (1) maximum number of iterations is 40,
the swarm size is 30 (2) acceleration coefficients βo

1 and βo
2 are 2.05, constriction coefficient

ηo is 0.73. The fitness value of each particle is estimated with a Monte Carlo simulation
with 400 repetitions.

Table 7.1: Maintenance vessel parameters

Vessel
Mobilization

cost (kC)
Daily

cost (kC)
Technician

number
Daily technician

cost (kC)
HLV 57 50 8

0.6FSV - 18 4
CTV - 8 2

7.3.2 Computational results and comparative study

In this section, we present five scenarios in which different assumptions, conditions, and
decision-making processes are introduced. The simulation is implemented in Matlab®,
using one node with 48 cores, 2x Intel XEON E5-6248R 24C 3.0GHz, and 192 GB memory
at DelftBlue (TU Delft supercomputer) [39]. The simulation time for the scenarios using an
open-loop approach is about 0.2 hours. The time for each other scenario is about 150 hours,
much higher than open-loop approach. The reason is that the optimizer is conducted once
in the open-loop approach while the optimizer is performed much more times in the other
scenarios, as illustrated in Fig. 7.4.

Below is a list of the different scenarios where the maintenance strategy is optimized:
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(a) An open-loop maintenance strategy optimization process

 

(b) A reactive or closed-loop maintenance strategy optimization process

Figure 7.4: An illustration of differences between optimization processes

• O-K scenario: An open-loop maintenance strategy disregarding uncertainty

This scenario demonstrates an ideal situation where the model parameters listed in
Section 7.3.1 are accurately known by the decision-maker, which is an assumption
commonly used in the existing maintenance models. Once the maintenance strategy
is optimized at the beginning phase, it will be implemented over the entire lifetime.

• O-U scenario: An open-loop maintenance strategy considering uncertainty

A common situation in actual O&M is that the decision maker’s information is devi-
ated from the actual information. The inaccurate parameters input into the model are:
RUL accuracy is about 93.1 %, under the value of as and ap is 0.01; the variance of
maintenance quality is 0.001; the value of δc and δt is 0.3. The determined strategy is
also employed over the entire lifetime without any adjustment.

• R-K scenario: A reactive maintenance strategy disregarding uncertainty

A scenario similar to O-K scenario, supposes the model parameters are known. The
difference is that the decision-maker periodically updates the maintenance strategy.
The number of decision-making step is set as Z = 4. In other words, the maintenance
strategy is adjusted every 5 years according to the current monitoring state of the
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wind farm. The prediction horizon for decision-making steps gradually shrinks from
20 years to 5 years.

• R-U scenario: A reactive maintenance strategy considering uncertainty

Instead of the open-loop optimization method, the maintenance strategy is also re-
designed every 5 years. The decision-maker ignores the potential parameter uncer-
tainties, only considering the monitoring state of the wind farm and using the initial
parameters to optimize the maintenance strategy.

• C-U-A scenario: A closed-loop uncertainty-aware maintenance strategy

The decision-maker has been aware of the model parameter uncertainty and con-
sciously change the strategy based on an updated database containing historic O&M
data and new cumulative data. Until a sufficient amount of new data is collected, the
decision-maker cannot update the decisions as there is no basis to support the update.
The volume of data in the database expands at a rate of 5% per year, and the strategy
is updated every five years in line with the expanded database.

The expected annual revenue losses in O-K scenario, as a function of the maintenance
thresholds and the number threshold of aged components, are given in Fig. 7.5. The surface
has convexity, indicating there exists an optimal solution. By using the optimizer to solve
the optimization problem, the optimal combination of the decision variables is given by
(0.451, 0.962, 4%). In O-K scenario, the parameters in the model are accurate, thus the
model output is the corresponding optimal result 806.4 kC/year.

 

Figure 7.5: Annual revenue losses versus decision variables in O-K scenario

Fig. 7.6 shows the estimated annual revenue losses in O-U scenario. In comparison
with Fig. 7.5, the expectation of the revenue losses is lower due to the inaccuracy of the
model parameters. The optimal solution (0.409, 0.925, 4%) corresponds to the minimum
annual revenue losses in the maintenance model. The actual performance of the solution
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is estimated by inputting the solution into the wind farm system with accurate parameters,
given by 826.4 kC/year.

 

Figure 7.6: Annual revenue losses versus decision variables in the maintenance model in
O-U scenario

The O-K and O-U scenarios adopt an open loop where the optimizer is run once, so
that only one optimal solution is obtained. In R-K, R-U, and C-U-A scenarios, the number
of decision-making step is set as 4, indicating the global maintenance strategy consists of
4 sub-strategies in one simulation. Hence a total of 4×400 optimizations are performed in
each scenario, as the number of Monte Carlo simulation is 400.

We use Fig. 7.7 to illustrate the variety of the maintenance thresholds in C-U-A scenario.
The number of the optimal combination of decision variables derived is 1600, belonging to
four different phases, and the duration of each phase is 5 years. In Fig. 7.7(a), the thresholds
mostly concentrate in the range 0.38 to 0.48. The reason for the various thresholds at first
phase is that the PSO is a heuristic algorithm, so the near-optimal solutions with close
performance are obtained. Then the range of fluctuation increases over time in the following
phases. In phase 4, the minimum thresholds even fluctuate from about 0.28 to 0.65. In
addition, in the region composed of light blue dots at different phases, the shade of blue
represents the concentration of the thresholds. The graph shows that the thresholds become
more diverse as the operational time increase, because the state of the wind farm is more
various, and the thresholds are determined according to the state.

Fig. 7.7(b) reveals a similar trend: the maximum thresholds become more fluctuating.
Compared to the minimum thresholds, the range of maximum thresholds is smaller, around
0.92-0.98 in phase 4. That can be explained by the different feature of these two thresholds.
Minimum threshold ψmin is more relevant to the determination of major repairs, while max-
imum threshold ψmax controls the component replacement. For different wind farm states,
it is more cost-effective to adjust the scope of application of the major repair rather than
extending the scope of replacement. It should be explained here that the value of the third
decision variable ϑ is always equal to 4%, because the case is a small-scale offshore wind
farm and the change of ϑ is not influential.
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Figure 7.7: Health thresholds in C-U-A scenario

The comparison of annual revenue losses over the lifespan and different phases is shown
in Table 7.2 and Fig. 7.8. The utilization of reactive approach is able to reduce the cost in
O-K scenario and O-U scenario from 806.4 kC/year and 836.4 kC/year to 798.0 kC/year
and 823.3 kC/year in R-K and R-U scenario respectively. If the parameters are updated in
the process, the annual revenue losses further decreases from 823.3 kC/year in R-U scenario
to 808.1 kC/year in C-U-A scenario.
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Table 7.2: Comparison of different scenarios in different phases of the wind farm

O-K
scenario

O-U
scenario

R-K
scenario

R-U
scenario

C-U-A
scenario

Annual revenue losses
in phase 1 (kC/year) 723.0 732.4 722.2 733.8 731.2

Annual revenue losses
in phase 1 (kC/year) 886.1 914.7 881.4 906.4 900.3

Annual revenue losses
in phase 1 (kC/year) 824.1 856.2 815.9 840.4 824.8

Annual revenue losses
in phase 1 (kC/year) 792.4 842.1 772.4 812.4 776.1

Annual revenue losses
in the lifespan (kC/year) 806.4 836.4 798.0 823.3 808.1

Figure 7.8: Comparison of annual revenue losses in different scenarios

A more detailed comparison is shown in Fig. 7.9. The annual revenue losses in the sce-
narios under unknown parameters are greater than the scenarios where the parameters are
known accurately. This is easily understood, since the inaccurate parameters induce neg-
ative influence on decision-making, leading to a non-optimal solution and corresponding
worse performance. The benefits of reactive approach are mainly reflected in two aspects.
Firstly, the revenue loss decrease by 1.0% and 1.6%, regardless of whether the parameters
are known or not, and the performance is better under unknown parameters. Moreover, com-
pared with the open-loop method, the negative impact of parameter uncertainty on revenue
losses is smaller, approximately 3.2% which is less than 3.7%.

R-K, R-U, and C-U-A scenarios represent the best, the worst, and the intermediate con-
sequences if the maintenance strategy is periodically adjusted. When decision-makers are
aware of the potential uncertainty in the model parameters, they will attempt to remove this
uncertainty in pursuit of the optimal consequence, which is represented by R-K scenario. As
shown in Fig. 7.9, a reduction around 1.8% has been realized owning to the new collected
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data. A further reduction about 1.2% is hopefully be achieved if more data are available to
realize the ideal case. As discussed before, O-U scenario is the situation the decision maker
is most likely to face in reality. In comparison to it, the C-U-A scenario proposed in this
study makes a 3.4% reduction.

Figure 7.9: Comparison of annual revenue losses

Fig. 7.10 illustrates the annual revenue losses in different phases of the wind farm. No
matter the wind farm operates in which scenario, the highest revenue losses always arise
in the phase 2, followed by phase 3 and phase 4, and the losses are always lowest in the
first phase. The reason for this situation is related to component failure modelling. In this
paper, Weibull distribution is used to randomly generate the component lifetime, and the
failure parameters determine the rough time to failure. In the early phase of the wind farm,
the components are mostly in a healthy state. The impact of deterioration and failure is
therefore small, and the revenue losses are lowest. In the later phases, especially the phase
2, the ageing of the wind farm leads to a peak in maintenance, so the revenue losses are
higher. Then after that, the state of the wind farm improved and therefore the losses in
phase 4 are relatively low.

From the beginning to the end, O-U scenario always lead to the highest revenue losses,
and R-K scenario gives the best performance. In phase 1, the performance of O-K, R-
K is similar, and the results in O-U, R-U, and C-U-A are close. The slight deviations
in the calculation results are due to the randomness in the simulation. In this phase, the
implemented strategy is determined at the beginning, and the uncertain parameters induce
a higher revenue losses. In phase 2, C-U-A scenario is located in the midstream. With the
continuous revision of the parameters, its performance gradually surpasses R-U scenario
and finally approaches R-K scenario.
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Figure 7.10: Change of annual revenue losses in different phases

7.4 Discussion

It is known to us all that the availability of RAM data has been the biggest challenge bringing
about obstacles in O&M studies of wind energy. The O-K and O-U scenario assume that
the model parameters are known to the decision-maker, which is an ideal situation cannot
be realized up to now. However, this is the decision-making environment we are pursuing,
where the prior knowledge is sufficient to support the estimation of the parameters. On the
contrary, the other scenarios where the original model parameters differ from the practical
information are more real O&M situations. Until more new data is added to the database, it
is difficult to make a judgement on how to adjust the strategy. Once the enough amount of
reliable data is accumulated, the new decisions based on the updated parameters are able to
achieve a further cost reduction.

The results are relevant and beneficial for decision-makers and practitioners in wind en-
ergy industry. The developed maintenance strategy can provide decision-makers with health
management criteria as a basis for determining when maintenance cycles are triggered and
which component requires what kind of maintenance. A closed-loop approach can help the
wind farm owners or operators to reduce revenue loss and gain more profit. The value of
information and the significance of a reliable RAM database is revealed. Without accurate
and precise information, maintenance decisions are determined on the basis of unreliable
data, which may lead to sub-optimal or even inadequate strategies. The introduction of ad-
vanced condition monitoring, fault prediction, and health management technologies has the
capability to provide high quality data at the right time to assist the decision-maker to make
the best maintenance decisions.

This study shows that a sound maintenance strategy should not be determined at one
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blow. Whether or not there is sufficient new data to update the model parameters, it is worth
looking forward to periodically adjusting the maintenance strategy according to the mon-
itoring state of the wind farm. Instead of a static and fixed one, the maintenance strategy
should be more flexible and dynamic. With the support of the condition monitoring tech-
nique, the maintenance strategy can be re-optimized and adapted to better manage the future
wind farm states.

In addition, we can notice that the negative influence which non-optimal solutions bring
about is not so notable. It can be attributed to the benefits of the applied preventive oppor-
tunistic maintenance strategy, where most of the maintenance actions are performed before
the component failure. Variations in thresholds control the range of maintenance. Higher
thresholds lower the number of the components subject of maintenance, indicating that the
corresponding maintenance costs are lower. However, less maintenance is not beneficial to
the wind farm state, perhaps result in more failure in the future. The results are the oppo-
site when the thresholds are lower. In other words, changing thresholds is a double-edged
sword. That can explain the revenue losses are not very sensitive when slightly changing
the combinations of thresholds. In other words, the application of the maintenance strategy
using the failure prognosis of component as the decision basis is robust and reliable from
the perspective of economics.

Finally, the future offshore wind farm will be large-scale. Due to the limitation of the
computing capacity, the case study in this paper is set as a five-turbine wind farm. The
improvement in small wind farms is relatively insignificant, as the overall state is not very
various and the dependence on parameters is not strong enough. Considering the offshore
wind farm is tend to be much bigger in the future, the potential of the proposed model in
terms of reducing revenue loss is expected to be more significant.

7.5 Conclusions

This chapter proposes a closed-loop maintenance strategy optimization framework to adjust
maintenance strategies periodically, addressing the Research Question 6. A mathematical
model is developed to use a series of matrices to represent the discrete wind farm states
under a predictive opportunistic maintenance strategy. Moreover, the information about
the component condition received by the decision-maker and the maintenance actions per-
formed are modelled, and the potential uncertainties therein are identified. Then, the main-
tenance model on which the decision-maker relies is formalized. This model serves as a
tool to predict the maintenance performance, namely revenue losses, when a specific main-
tenance strategy is conducted. Compared to the real wind farm, the prediction produced
by this maintenance model is inaccurate as there is a discrepancy between the model pa-
rameters derived from the database and the actual parameters. New data is accumulated
with the operation of the offshore wind farm to update inaccurate parameters in the main-
tenance model. Finally, the underlying optimization problem is modelled repeatedly for a
certain period of time, then solved, and then moved forward for a period of time. The entire
problem is decomposed into a series of multi-period sub-optimization problems. At each
decision-making step, the maintenance strategy is adapted to the current health state of the
wind farm while making use of the updated parameters.

The proposed model is applied on a generic offshore wind farm to test its performance
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in terms of revenue losses. Compared to the revenue losses in Chapter 4, a higher degree
of uncertainty is taken into account, so the estimated revenue losses is larger. The five
scenarios in the comparative study have revealed that the closed-loop maintenance strategy
exploiting feedback from offshore wind farm system and capturing wind farm states is able
to reduce about 3.4% of revenue loss in comparison to conventional open-loop strategies.
The research provides a new approach for designing long-term maintenance strategies for
offshore wind farms.



Chapter 8

Conclusions and Future Research

In this thesis, we have developed approaches to improve effectiveness of maintenance strate-
gies and resource organization for offshore wind farms. The effectiveness refers to organiz-
ing maintenance logistics in a cost-effective manner. The maintenance logistics is developed
to move towards closed-loop decision-making to utilize new data and capture dynamics of
the wind farms. This last chapter concludes the thesis. Firstly the key questions and the main
research question are answered. Subsequently, directions for future research are provided.

8.1 Conclusions

Over the past decades, there has been a significant increase in offshore wind power capacity.
Maintenance logistics plays a crucial role in the offshore wind energy industry, as it directly
affects the profitability of wind projects and is a key factor in maintaining a competitive
advantage for offshore wind energy. The goal of this thesis is to improve maintenance
logistics for offshore wind farms. More specifically, maintenance strategies and resource
organization are developed to be more effective and efficient, and a closed-loop approach is
introduced to improve maintenance logistics.

This research goal can be partially achieved through the last four years of research. The
determination of maintenance strategies is improved by: (1) considering predictive analyt-
ics and maintenance opportunities; (2) analyzing influence of model parameter uncertainty;
and (3) adopting a closed-loop approach to mitigate model parameter uncertainty. The or-
ganization of maintenance resources is improved by: (1) developing a multi-echelon and
multi-unit inventory network; and (2) developing a vessel fleet configuration model. The re-
search can serve decision-makers (offshore wind farm owners/operator, maintenance service
providers) to arrange sound maintenance logistics to enhance profitability of offshore wind
energy. The performance of the proposed approaches is evaluated on a generic offshore
wind farm. This generic case is gradually developed and expanded, where more details and
parameters are added depending on the research focus. However, there are still limitations
of the research, which will be discussed in Section 8.2.

The main research question and key research questions are addressed as below.

143
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8.1.1 Main research question

The main question addressed in this thesis is: How to improve effectiveness of maintenance
strategies and resource organization for offshore wind farms and move towards a closed-
loop decision-making approach?

Strategic and tactical maintenance logistics decisions have long-lasting impacts on wind
farm O&M. Maintenance logistics is composed of multiple links, from designing a main-
tenance strategy to implement maintenance activities. In order to develop an effective and
efficient maintenance logistics plan to address this main research question, the first step is
to use the life prediction of the wind turbine components and potential maintenance op-
portunities to design the optimal maintenance criteria over the lifetime of offshore wind
farms. The maintenance criteria can assist decision-makers to make decisions about when
to perform which types of maintenance on which component. Then, the implementation
of maintenance decisions requires assurance of available maintenance resources. Mainte-
nance resources, including maintenance spare parts and maintenance vessels, need to be
adequately prepared in advance, but controlled to a reasonable amount. The final step is to
utilize the data accumulated over time to dynamically adjust the maintenance criteria over
the offshore wind farm lifetime. Negative effects caused by model parameter uncertainty
are gradually mitigated to reduce revenue losses over the life cycle.

8.1.2 Key research questions

More specifically, the key research questions that are related to the main research question
are answered as follows.

1. What is the state of the art in the area of wind energy maintenance logistics, especially
in the maintenance strategy and resource organization?

Through Chapter 2, we generally overview the classification scheme of offshore wind
energy maintenance logistics, then give a detailed review on state-of-the-art in main-
tenance strategy optimization and maintenance resource organization. Maintenance
logistics for offshore wind farms is categorized into strategic, tactical, and operational
levels from the perspective of the planning horizon. The decisions at the strategic
level determine the maintenance logistics over the lifetime, indicating that improve-
ments to strategic decisions may lead to life cycle effect on offshore wind farm O&M,
followed by tactical decisions.

In the maintenance strategy optimization studies, there are several research gaps to be
filled. First, it is necessary to develop a predictive opportunistic maintenance strategy
considering predictive analytics and maintenance opportunities. Multiple-component
age-based preventive dispatch and environmental impact can be taken into account
to improve triggers of maintenance cycles and models of wind turbine failures. Sec-
ond, it is important to study and quantify the influence of uncertainty on maintenance
strategies and corresponding performance in an uncertain decision-making environ-
ment. Third, the maintenance strategy should be improved to realize a closed-loop
decision-making manner, integrating new data to assist in updating the maintenance
strategy.
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In the maintenance resource organization, the problems include spare parts manage-
ment and vessel fleet configuration. A joint multi-unit and multi-echelon inventory
and predictive opportunistic maintenance optimization problem is a significant issue
deserving attention. When configuring mix and size of vessel fleet, combining the
simulation modelling methods with heuristic solving methods under novel mainte-
nance strategies needs our attention.

2. How to develop a maintenance strategy for an offshore wind farm that uses predicted
component failure times and captures various types of maintenance opportunities?

In Chapter 3, a predictive opportunistic maintenance strategy is developed for off-
shore wind farms. The offshore wind turbines are subject to degradation and impact
from the environment simultaneously. Three types of maintenance opportunities are
considered. Failures due to ultimate degradation and critical impact will create main-
tenance opportunities, namely failure-based opportunity and incident-based opportu-
nity. Another maintenance opportunity considering the number of aged components,
age-based opportunity, is also considered to balance costly failure replacement and
over-frequent maintenance cycles. Decisions determining the maintenance actions
on components are decided based on component predicted failure times. The case
study shows that introducing age-based opportunity is able to decrease up to 11.9%
maintenance costs compared to past predictive opportunistic maintenance strategies,
balancing the maintenance frequency to avoid over- and under-maintenance.

3. How to quantify the influence of model parameter uncertainty on maintenance strate-
gies and corresponding performance?

Based on the predictive opportunistic maintenance strategy model in Chapter 3, Chap-
ter 4 focuses on quantifying the influence of model parameter uncertainty on mainte-
nance strategy and performance. Three types of uncertainties, i.e., statistical uncer-
tainty of component reliability, uncertain performance of component lifetime predic-
tion, and ambiguous estimation of maintenance consequences, affecting the mainte-
nance strategy are identified and quantified in a probabilistic method. A case study is
used to estimate their influence on the performance of different representative so-
lutions. The most influential uncertainty is uncertain performance of component
lifetime prediction, followed by statistical uncertainty of component reliability and
ambiguous estimation of maintenance consequences. In addition, two Pareto fronts
disregarding and considering uncertainties are compared to show the influence of
uncertainties on determined maintenance strategies. In the specific case study, the
uncertainties result in negative influence, about 21.5% - 25.5% and 32.4% - 37.9%
increase in maintenance costs and production losses respectively. In an uncertain
decision-making environment, we find it is more effective to relax maintenance con-
ditions to allow more components to be repaired and replaced in order to ensure the
good condition of wind turbines and avoid potential failure events. The negative in-
fluence on maintenance costs and production losses are reduced to as low as 18.7%
and 31.5% respectively.
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4. How to manage the maintenance inventory to support the implementation of the main-
tenance actions?

In Chapter 5, an integrated framework containing an inventory model and a predictive
opportunistic model based on Chapter 3 is proposed. The inventory model considers
4 critical units at the component level and 15 units at the subcomponent level. A
multi-echelon inventory network containing local warehouses and central warehouses
is developed for storing the necessary spare parts for maintenance implementation.
A case study is used to evaluate the performance of the joint policies. Sensitivity
analysis shows that item costs is the most influential factors on total cost, as high as
47.3%, followed by maintenance effect (up to 42.0%), vessel and technician costs
(about 37.9%), emergency order costs (about 9.4%), holding costs (about 5.3%), and
lead time for orders (about 0.6%).

5. How to make suitable leasing decisions to configure the maintenance vessel fleet?

In Chapter 6, a model to investigate the most cost-effective allocation of hybrid main-
tenance vessels is proposed. A time-domain simulation method is used to simulate the
scenarios where the maintenance activities are performed under the specific configu-
ration of the maintenance vessel fleet. The decisions about the leasing decisions are
made during the maintenance cycles to adjust the configuration of the vessel fleet. In
the case study, the maintenance vessel fleets are configured in a cost-effective manner
to support the implementation of the maintenance activities. The sensitivity analy-
sis shows that the most influential factors affecting vessel mix and fix is metaocean
conditions, followed by maintenance strategies, chartering length, number of mainte-
nance teams and penalty costs.

6. How to periodically update the maintenance strategy based on new data and wind
farm state to realize closed-loop decision making?

In Chapter 7, a closed-loop maintenance strategy optimization framework over the
wind farm service life is proposed for decision-makers to identify a more profitable
manner of wind farm maintenance management. In this framework, the life-cycle
maintenance optimization problem is decomposed into a series of sub-optimization
problems covering multiple time periods by using a rolling-horizon approach. Each
sub-optimization problem is intentionally designed based on the monitored farm con-
dition and the current RAM database. Meanwhile, parameter uncertainty in the main-
tenance model is gradually mitigated by updating the current database. The proposed
approach was applied in simulation experiments, a generic small-scale offshore wind
farm, to assess its performance. Computational results show that capturing dynamic
wind farm states can reduce about 1.6% revenue losses in comparison to conven-
tional strategies, which is value of wind farm condition monitoring. If the updates of
the RAM database is considered, the economic benefit of the maintenance strategy is
further reducing 1.8% of revenue loss, representing a high value of new RAM data.
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8.2 Future research
With respect to the proposed methodological framework and its applications addressed in
this thesis, challenging issues that require future research are:

Limitation of the research

• Utilizing real data to make decisions for specific real wind farms and verify models

Data availability is still one of the biggest challenge in RAM studies of offshore wind
farms. Although this issue has been highlighted in many conferences, presentations
and papers, much more efforts are still needed to address this issue. A good mainte-
nance logistics plan should be aimed at a specific wind farm, using its historical data
or data from similar wind farms in similar marine environments. In this thesis, due to
the limited availability of RAM data, the model parameters are obtained from several
papers and reports rather than real historical data obtained for a specific actual wind
farm.

In addition, due to incompleteness in data and practical limitations, it is very difficult
to verify the developed maintenance logistics model by comparing to actual offshore
wind farms. Instead, we have to compare the results with the past studies and perform
sensitivity analysis to verify the models. This problem is not only encountered in this
paper, but is also a common obstacle in current maintenance logistics studies. In fact,
maintenance logistics models involve some uncertain concepts and details of main-
tenance implementation. For instance, the concepts of major and minor repairs are
distinguished in this thesis based on the maintenance effect, but in some literature,
they are classified according to expenditures. This leads to an unclear relationship
between maintenance consequences (such as money) and maintenance effects (im-
provement in the health of components). This relationship can only be evaluated
relying on a large amount of real RAM data.

These details vary in maintenance models in different studies, and it is difficult to
find results from actual cases to clarify them. Different settings for these parameters
or models can potentially bring significant changes to the results and decisions. For
example, in the model of Chapter 3, we assume that maintenance is not necessary
for very young (healthy) components. This assumption is very common in current
models on system reliability and maintenance. However, considering that the main-
tenance frequency of wind turbines is based on years, a more reasonable setting is
to perform some basic maintenance on these components. We gradually add this de-
tail to the following chapters, which will inevitably affect the results. For one more
example, the concept of multi-level maintenance is mentioned in this thesis. Based
on the model in Chapter 3, we subdivide the required maintenance vessels for differ-
ent levels of maintenance in Chapter 6. Low-level major repairs require CTVs, and
high-level major repairs require FSVs. In Chapters 4, 5, and 7, we further refined the
model, assuming that minor repairs require CTVs, major repairs require FSVs, and
replacements require HLVs. In actual situations, vessel dispatch is determined based
on task requirements. However, when actual task situations do not fully correspond
to the theoretical maintenance model’s concepts, it can cause confusion and lead to
changes in the results due to changing some settings.
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To solve this problem, the only way to get more reasonable and reliable results is to
use real data to prove the setting of some parameters in the theoretical maintenance
model when a large amount of data is available.This thesis mainly focuses on devel-
oping generic models to improve maintenance logistics. If more data can be added
and details can be clarified, the model will be more reliable after modification. In the
future, it is necessary to utilize more real data to clarify and verify the concepts and
parameters in the model, and organize maintenance logistics decisions for specific
wind farms and test its effectiveness in real wind farms.

• Fully coordinated closed-loop maintenance logistics architecture.

Maintenance logistics are categorized into strategic, tactical, and operational levels.
This thesis addresses the maintenance logistics problems from a strategic and tactical
perspective and attempts to integrate the strategic and tactical decisions, providing a
pathway to manage offshore wind farm O&M in a long planning horizon. However,
maintenance logistics is a complicated process where details at an operational level
are also important but out of consideration in this thesis. In addition, the strategic
model and tactical model have not been fully integrated in this thesis. For instance, in
the maintenance strategy optimization model in Chapters 3, 4, and 7, the spare parts
organization and vessel fleet configuration are considered roughly, but the specific de-
tails are only modelled in Chapters 5 and 6. The reason is that the details in the lower
level models introduces a significant computational burden in the higher level models,
thus rough consideration is more feasible. However, this may result in inaccurate es-
timation of outcome (cost/power production), leading to non-optimal solutions from
a global view. Future research should fully explore the coordination among decisions
at three levels and integrate the models at different levels. A fully closed-loop mainte-
nance logistics architecture is realized, in which lower-level decisions are made under
the guidance of higher-level decisions, while higher-level decisions take into account
the feedback of lower-level decisions. The entire architecture is able to continuously
update decisions based on new data and real-time situations.

• Considering specific failure modes and maintenance action for various types of com-
ponents

The thesis designs maintenance strategies for entire offshore wind farms. The condi-
tion of critical components is assessed in terms of their expected lifetime and opera-
tional states. The types of repair are divided into replacement, major repair, and basic
repair. In this process, no specific computational model is built for each component,
and the specific failure modes of different components and the corresponding repair
behaviour are not considered. For example, the failure mode of a wind turbine blade
may include surface and delamination cracks, for which injection repair can be used.
In future research, it is necessary to model the state of the component more specifi-
cally, perform more targeted repair actions, and evaluate the maintenance results more
accurately.

Addressing new related topics

• Autonomous offshore wind inspection and repair
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This thesis mainly focuses on maintenance logistics decision-making after inspection,
thus remote and on-site inspection are not considered when developing the models.
The challenging sea conditions pose safety risks, potential delays, cancellations, and
prolonged turbine downtime for human-only missions, making it difficult to operate
and inspect the large offshore wind farms that will be located in deep waters far away
from the shore. For instance, inspection and repair missions on wind turbine blades
are typically performed by rope-access technicians, working in extreme marine con-
ditions and during restricted weather windows. If the missions can be conducted
by autonomous vessels, aerial vehicles, and crawling robots, offshore operation and
maintenance will be more efficient. Future research will address how to consider au-
tonomous inspection and repair in the models to evaluate its impact on offshore wind
farm operation and maintenance.

• Utilizing digital twins and developing prescriptive maintenance.

A digital twin can provide a detailed representation of the physical and functional
characteristics of wind turbines throughout their lifespan, and facilitate the exchange
of information between physical and virtual models. It has the capability to antici-
pate how the wind turbine will react to unforeseen events before they occur and can
forecast the performance of wind turbines in various situations, while considering the
impact of different factors. In order to enable technicians to understand the effect of
specific maintenance actions on the wind turbine, various maintenance scenarios can
be simulated by using digital twins.

Predictive maintenance involves collecting data on the condition of the wind turbine
and identifying potential failures, but requires human analysis and decision-making
to create a work order. Prescriptive maintenance goes beyond predictive maintenance
by automatically generating work orders and managing maintenance tasks through
artificial intelligence, with minimal human intervention. Prescriptive maintenance
can even use historical data to identify patterns and provide recommendations, such
as reducing wind turbine efficiency to prolong its lifespan if necessary parts are not
readily available. In summary, predictive maintenance predicts potential issues, while
prescriptive maintenance goes one step further by recommending specific actions to
prevent problems from occurring in the first place. Future research will consider
digital twins in the current models and develop prescriptive maintenance, facilitating
the connection between digital twins and maintenance decisions and finally enabling
higher productivity and more profitability in the wind industry.

• Cooperation and conflicts among stakeholders.

Various stakeholders are involved in offshore wind farm O&M as mentioned in Fig. 2.1.
Their interests may align or conflict with each other in different scenarios. For ex-
ample, the maintenance tasks can be conducted by wind farm owner or maintenance
service provider. In this process, their interests may conflict. Wind farm owners’
purpose is to hire a service provider for less money and keep the wind farm in a sat-
isfactory operating state. Service providers want to get higher quotes and meet the
wind farm owner’s mission targets with less money. When more than one service
providers are hired to maintain offshore wind farms, they should determine whether
to select maintenance services and when to execute services for the wind turbines.
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In this process, stakeholders playing as different player may cooperate or compete
with each other. This thesis focuses on generic maintenance logistics models, where
cooperation and conflicts among stakeholders are not considered. Future research
will address how to design maintenance strategies for multiple plays to balance their
profits.

• Operational decisions and improving heuristics algorithm

Decisions at an operational level are important as they involve detailed planning for
maintenance implementation. This research is out of consideration in this thesis but
will be left for future work. Different from strategic and tactical decisions, the oper-
ational decisions have much shorter time horizon for planning, from hourly to daily.
When dealing with the problems requiring solutions in a short time, improving per-
formance of selected heuristics algorithms is significant.

The selection of heuristics algorithms and the setting of parameters consider two main
aspects. Firstly, the algorithm shall ensure sufficiently broad range searching to find
the approximate optimal solutions. Secondly, the computation shall be efficient - sim-
ulation would converge in a time-effective manner. In this thesis, the models involves
a small number of decision variables. For example, in Chapter 3, the maintenance
optimization problem only involve three decisions variables which do not have much
space for variation. The number of constraints is also small. The solution space does
not involve local optimum, indicating that it is easy to avoid getting stuck in a solu-
tion that is optimal within a local neighborhood, which will be shown in Section 3.3.2.
In this context, the complexity and specificity of this optimization problem is small
and does not create a lot of difficulties when using heuristic algorithms. Moreover,
the strategic decisions do not have a requirement for solution time, indicting the ef-
ficiency of the algorithm is unnecessary to be concerned. We have also done several
preliminary tests with different heuristic algorithms before and found that this model
is not very sensitive to the selection of heuristic algorithms. Considering this is not
the focus of the maintenance model, these results are not shown in the thesis. How-
ever, operational (day-to-day) decisions have a strict requirement on performance of
heuristics algorithm, aiming to obtain the acceptable solutions within a limited time
horizon. Future research will address how to use improved heuristics algorithm to
organize operational activities.



Bibliography

[1] First hydrogen-powered crew transfer vessel ready for op-
eration. URL https://www.offshorewind.biz/2022/05/11/
first-hydrogen-powered-crew-transfer-vessel-ready-for-operation/.

[2] New X-JACK heavy lift jack-up strengthening Ulstein’s ambi-
tions in offshore wind. URL https://www.heavyliftnews.com/
new-x-jack-heavy-lift-jack-up-strengthening-ulsteins-ambitions-in-offshore-wind/.

[3] Leel laying ceremony for Deme’s first dedicated service operation vessel for
offshore wind farm maintenance. URL https://www.deme-group.com/news/
keel-laying-ceremony-demes-first-dedicated-service-operation-vessel-offshore-wind-farm.

[4] New offshore wind energy roadmap. URL https://english.rvo.nl/information/
offshore-wind-energy/new-offshore-wind-energy-roadmap#:~:text=On%2011%
20February%202022%2C%20the,however%20expected%20to%20increase%
20further.

[5] F. Abderrahmane, S. Bouslikhane, Z. Hajej, S. Dellagi, and W. Trabelsi. An improved
integrated maintenance/spare parts management for wind turbine systems with adopt-
ing switching concept. Energy Reports, 8:936–955, 2022.

[6] H. Abdollahzadeh, K. Atashgar, and M. Abbasi. Multi-objective opportunistic main-
tenance optimization of a wind farm considering limited number of maintenance
groups. Renewable Energy, 88:247–261, 2016.

[7] A. Alrabghi and A. Tiwari. State of the art in simulation-based optimisation for
maintenance systems. Computers & Industrial Engineering, 82:167–182, 2015.

[8] J. April, F. Glover, J. P. Kelly, and M. Laguna. Simulation-based optimization: prac-
tical introduction to simulation optimization. In Proceedings of the 35th Conference
on Winter Simulation: Driving Innovation, pages 71–78, New Orleans, USA, 2003.

[9] H. Arabian-Hoseynabadi, H. Oraee, and P. J. Tavner. Failure modes and effects anal-
ysis (FMEA) for wind turbines. International Journal of Electrical Power & Energy
Systems, 32(7):817–824, 2010.

[10] H. Arabian-Hoseynabadi, H. Oraee, and P. J. Tavner. Wind turbine productivity con-
sidering electrical subassembly reliability. Renewable Energy, 35(1):190–197, 2010.

151

https://www.offshorewind.biz/2022/05/11/first-hydrogen-powered-crew-transfer-vessel-ready-for-operation/
https://www.offshorewind.biz/2022/05/11/first-hydrogen-powered-crew-transfer-vessel-ready-for-operation/
https://www.heavyliftnews.com/new-x-jack-heavy-lift-jack-up-strengthening-ulsteins-ambitions-in-offshore-wind/
https://www.heavyliftnews.com/new-x-jack-heavy-lift-jack-up-strengthening-ulsteins-ambitions-in-offshore-wind/
https://www.deme-group.com/news/keel-laying-ceremony-demes-first-dedicated-service-operation-vessel-offshore-wind-farm
https://www.deme-group.com/news/keel-laying-ceremony-demes-first-dedicated-service-operation-vessel-offshore-wind-farm
https://english.rvo.nl/information/offshore-wind-energy/new-offshore-wind-energy-roadmap#:~:text=On%2011%20February%202022%2C%20the,however%20expected%20to%20increase%20further.
https://english.rvo.nl/information/offshore-wind-energy/new-offshore-wind-energy-roadmap#:~:text=On%2011%20February%202022%2C%20the,however%20expected%20to%20increase%20further.
https://english.rvo.nl/information/offshore-wind-energy/new-offshore-wind-energy-roadmap#:~:text=On%2011%20February%202022%2C%20the,however%20expected%20to%20increase%20further.
https://english.rvo.nl/information/offshore-wind-energy/new-offshore-wind-energy-roadmap#:~:text=On%2011%20February%202022%2C%20the,however%20expected%20to%20increase%20further.


152 Bibliography

[11] E. Artigao, S. Martín-Martínez, A. Honrubia-Escribano, and E. Gómez-Lázaro. Wind
turbine reliability: A comprehensive review towards effective condition monitoring
development. Applied Energy, 228:1569–1583, 2018.

[12] K. Atashgar and H. Abdollahzadeh. Reliability optimization of wind farms consid-
ering redundancy and opportunistic maintenance strategy. Energy Conversion and
Management, 112:445–458, 2016.

[13] S. Barth and P.J. Eecen. Description of the relation of wind, wave and current charac-
teristics at the offshore wind farm egmond aan zee (OWEZ) location in 2006. 2008.

[14] L. Battisti, R. Fedrizzi, A. Brighenti, and T. Laakso. Sea ice and icing risk for off-
shore wind turbines. In Proceedings of the OWEMES, pages 20–22, Citavecchia,
Italy, 2006.

[15] F. Besnard, M. Patriksson, A.-B. Strömberg, A. Wojciechowski, and L. Bertling. An
optimization framework for opportunistic maintenance of offshore wind power sys-
tem. In Proceedings of the 2009 IEEE Bucharest PowerTech, pages 1–7, Bucharest,
Romania, 2009.

[16] F. Besnard, K. Fischer, and L. B. Tjernberg. A model for the optimization of the
maintenance support organization for offshore wind farms. IEEE Transactions on
Sustainable Energy, 4(2):443–450, 2013.

[17] U. Bhardwaj, A. P. Teixeira, and C. G. Soares. Reliability prediction of an offshore
wind turbine gearbox. Renewable Energy, 141:693–706, 2019.

[18] K. H. Bolstad, Ma. Joshi, L. M. Hvattum, and M. Stålhane. Composing vessel fleets
for maintenance at offshore wind farms by solving a dual-level stochastic program-
ming problem using grasp. Logistics, 6(1):6, 2022.

[19] R. S. Burachik, C. Y. Kaya, and M. M. Rizvi. A new scalarization technique to
approximate pareto fronts of problems with disconnected feasible sets. Journal of
Optimization Theory and Applications, 162(2):428–446, 2014.

[20] J. Carroll, A. McDonald, and D. McMillan. Failure rate, repair time and unscheduled
O&M cost analysis of offshore wind turbines. Wind Energy, 19(6):1107–1119, 2016.

[21] J. Carroll, S. Koukoura, A. McDonald, A. Charalambous, S. Weiss, and S. McArthur.
Wind turbine gearbox failure and remaining useful life prediction using machine
learning techniques. Wind Energy, 22(3):360–375, 2019.

[22] J.-F. Castet and J. H. Saleh. Satellite and satellite subsystems reliability: Statistical
data analysis and modeling. Reliability Engineering & System Safety, 94(11):1718–
1728, 2009.

[23] F. Chang, G. Zhou, C. Zhang, Z. Xiao, and C. Wang. A service-oriented dynamic
multi-level maintenance grouping strategy based on prediction information of multi-
component systems. Journal of Manufacturing Systems, 53:49–61, 2019.



Bibliography 153

[24] C. Chen, G. Delefortrie, and E. Lataire. Experimental investigation of practical au-
topilots for maritime autonomous surface ships in shallow water. Ocean Engineering,
218:108246, 2020.

[25] M. Compare, F. Martini, and E. Zio. Genetic algorithms for condition-based main-
tenance optimization under uncertainty. European Journal of Operational Research,
244(2):611–623, 2015.

[26] L. Dai, M. Stålhane, and I. B. Utne. Routing and scheduling of maintenance fleet for
offshore wind farms. Wind Engineering, 39(1):15–30, 2015.

[27] Y. Dalgic, I. Lazakis, I. Dinwoodie, D. McMillan, and M. Revie. Advanced logis-
tics planning for offshore wind farm operation and maintenance activities. Ocean
Engineering, 101:211–226, 2015.

[28] Y. Dalgic, I. Lazakis, I. Dinwoodie, D. McMillan, M. Revie, and J. Majumder. Cost
benefit analysis of mothership concept and investigation of optimum chartering strat-
egy for offshore wind farms. Energy Procedia, 80:63–71, 2015.

[29] Y. Dalgic, I. Lazakis, and O. Turan. Investigation of optimum crew transfer vessel
fleet for offshore wind farm maintenance operations. Wind Engineering, 39(1):31–
52, 2015.

[30] Y. Dalgic, I. Lazakis, O. Turan, and S. Judah. Investigation of optimum jack-up vessel
chartering strategy for offshore wind farm O&M activities. Ocean Engineering, 95:
106–115, 2015.

[31] C. D. Dao, B. Kazemtabrizi, and C. J. Crabtree. Offshore wind turbine reliability and
operational simulation under uncertainties. Wind Energy, 23(10):1919–1938, 2020.

[32] F. R. S. De Gusmao, E. M. M. Ortega, and G. M. Cordeiro. The generalized inverse
Weibull distribution. Statistical Papers, 52(3):591–619, 2011.

[33] B. de Jonge and P. A. Scarf. A review on maintenance optimization. European
Journal of Operational Research, 285(3):805–824, 2020.

[34] B. de Jonge, A. S. Dijkstra, and W. Romeijnders. Cost benefits of postponing time-
based maintenance under lifetime distribution uncertainty. Reliability Engineering &
System Safety, 140:15–21, 2015.

[35] B. de Jonge, W. Klingenberg, R. Teunter, and T. Tinga. Optimum maintenance strat-
egy under uncertainty in the lifetime distribution. Reliability Engineering & System
Safety, 133:59–67, 2015.

[36] D. N. De Regt. Economic feasibility of offshore service locations for maintenance
of offshore wind farms on the dutch part of the north sea. Master’s thesis, Delft
University of Technology, The Netherlands, 2012.

[37] K. S. de Smidt-Destombes, M. C. van der Heijden, and A. van Harten. Joint optimisa-
tion of spare part inventory, maintenance frequency and repair capacity for k-out-of-n
systems. International Journal of Production Economics, 118(1):260–268, 2009.



154 Bibliography

[38] K. Deb, A. Pratap, S. Agarwal, and T. Meyarivan. A fast and elitist multiobjective
genetic algorithm: NSGA-II. IEEE Transactions on Evolutionary Computation, 6
(2):182–197, 2002.

[39] Delft High Performance Computing Centre (DHPC). DelftBlue Supercomputer
(Phase 1). https://www.tudelft.nl/dhpc/ark:/44463/DelftBluePhase1, 2022.

[40] A. Dewan. Logistic and service optimization for O&M of offshore wind farms; model
development & output analysis. Master’s thesis, Delft University of Technology,
2014.

[41] H. Díaz and C. G. Soares. Review of the current status, technology and future trends
of offshore wind farms. Ocean Engineering, 209:107381, 2020.

[42] F. Ding and Z. Tian. Opportunistic maintenance optimization for wind turbine sys-
tems considering imperfect maintenance actions. International Journal of Reliability,
Quality and Safety Engineering, 18(05):463–481, 2011.

[43] F. Ding and Z. Tian. Opportunistic maintenance for wind farms considering multi-
level imperfect maintenance thresholds. Renewable Energy, 45:175–182, 2012.

[44] I. Dinwoodie, O.-E. V. Endrerud, M. Hofmann, R. Martin, and I. B. Sperstad. Ref-
erence cases for verification of operation and maintenance simulation models for
offshore wind farms. Wind Engineering, 39(1):1–14, 2015.

[45] M. A. Djeziri, S. Benmoussa, and R. Sanchez. Hybrid method for remaining useful
life prediction in wind turbine systems. Renewable Energy, 116:173–187, 2018.

[46] T. Dohi, N. Kaio, and S. Osaki. On the optimal ordering policies in maintenance
theory—survey and applications. Applied Stochastic Models and Data Analysis, 14
(4):309–321, 1998.

[47] C. Duan, C. Deng, A. Gharaei, J. Wu, and B. Wang. Selective maintenance schedul-
ing under stochastic maintenance quality with multiple maintenance actions. Inter-
national Journal of Production Research, 56(23):7160–7178, 2018.

[48] R. C. Eberhart and Y. Shi. Comparing inertia weights and constriction factors in
particle swarm optimization. In Proceedings of the 2000 Congress on Evolutionary
Computation, volume 1, pages 84–88, La Jolla, USA, 2000.

[49] I. El-Thalji, I. Alsyouf, and G. Ronsten. A model for assessing operation and main-
tenance cost adapted to wind farms in cold climate environment: based on onshore
and offshore case studies. In Proceedings of the European Offshore Wind 2009 Con-
ference, Stockholm, Sweden, 2009.

[50] O. V. Endrerud, J. P. Liyanage, and N. Keseric. Marine logistics decision support for
operation and maintenance of offshore wind parks with a multi method simulation
model. In Proceedings of the Winter Simulation Conference 2014, pages 1712–1722,
Savannah, USA, 2014.

https://www.tudelft.nl/dhpc/ark:/44463/DelftBluePhase1


Bibliography 155

[51] A. Erguido, A. C. Márquez, E. Castellano, and J. F. G. Fernández. A dynamic op-
portunistic maintenance model to maximize energy-based availability while reducing
the life cycle cost of wind farms. Renewable Energy, 114:843–856, 2017.

[52] A. Erguido, A. Crespo, E. Castellano, and J. L. Flores. After-sales services op-
timisation through dynamic opportunistic maintenance: a wind energy case study.
Proceedings of the Institution of Mechanical Engineers, Part O: Journal of Risk and
Reliability, 232(4):352–367, 2018.

[53] M. D. Esteban, J. J. Diez, J. S. López, and V. Negro. Why offshore wind energy?
Renewable Energy, 36(2):444–450, 2011.

[54] R. Estrella, G. Belgioioso, and S. Grammatico. A shrinking-horizon, game-theoretic
algorithm for distributed energy generation and storage in the smart grid with wind
forecasting. IFAC-PapersOnLine, 52(3):126–131, 2019.

[55] Eurostat. Electricity price statistics. URL https://ec.europa.eu/eurostat/
statistics-explained/index.php?title=Electricity_price_statistics#Electricity_prices_
for_household_consumers.

[56] J. Fan, S. G. Ghurye, and R. A. Levine. Multicomponent lifetime distributions in the
presence of ageing. Journal of Applied Probability, 37(2):521–533, 2000.

[57] M. Fan, Z. Zeng, E. Zio, and R. Kang. Modeling dependent competing failure pro-
cesses with degradation-shock dependence. Reliability Engineering & System Safety,
165:422–430, 2017.

[58] M. Fischetti and D. Pisinger. Mathematical optimization and algorithms for offshore
wind farm design: An overview. Business & Information Systems Engineering, 61
(4):469–485, 2019.

[59] M. Fouladirad and A. Grall. Condition-based maintenance for a system subject to a
non-homogeneous wear process with a wear rate transition. Reliability Engineering
& System Safety, 96(6):611–618, 2011.

[60] H. Fox, A. C. Pillai, D. Friedrich, M. Collu, T. Dawood, and L. Johanning. A re-
view of predictive and prescriptive offshore wind farm operation and maintenance.
Energies, 15(2):504, 2022.

[61] M. Gad-el Hak. Modern developments in flow control. Applied Mechanics Reviews,
49(7):261–293, 1996.

[62] A. Ghigo, L. Cottura, R. Caradonna, G. Bracco, and G. Mattiazzo. Platform op-
timization and cost analysis in a floating offshore wind farm. Journal of Marine
Science and Engineering, 8(11):835, 2020.

[63] P. Giorsetto and K. F. Utsurogi. Development of a new procedure for reliability
modeling of wind turbine generators. IEEE Transactions on Power Apparatus and
Systems, (1):134–143, 1983.

[64] Global Wind Energy Council. Global wind report 2022, 2022.

https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Electricity_price_statistics#Electricity_prices_for_household_consumers
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Electricity_price_statistics#Electricity_prices_for_household_consumers
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Electricity_price_statistics#Electricity_prices_for_household_consumers


156 Bibliography

[65] C. Gundegjerde, I. B. Halvorsen, E. E. Halvorsen-Weare, L. M. Hvattum, and L. M.
Nonås. A stochastic fleet size and mix model for maintenance operations at offshore
wind farms. Transportation Research Part C: Emerging Technologies, 52:74–92,
2015.

[66] Y. Guo, M. Zhong, C. Gao, H. Wang, X. Liang, and H. Yi. A discrete-time bayesian
network approach for reliability analysis of dynamic systems with common cause
failures. Reliability Engineering & System Safety, 216:108028, 2021.

[67] A. Gutierrez-Alcoba, G. Ortega, E. M. T. Hendrix, E. E. Halvorsen-Weare, and
D. Haugland. A model for optimal fleet composition of vessels for offshore wind
farm maintenance. Procedia Computer Science, 108:1512–1521, 2017.

[68] E. E. Halvorsen-Weare, C. Gundegjerde, I. B. Halvorsen, L. M. Hvattum, and L. M.
Nonås. Vessel fleet analysis for maintenance operations at offshore wind farms. En-
ergy Procedia, 35:167–176, 2013.

[69] E. E. Halvorsen-Weare, I. Norstad, M. Stålhane, and L. M. Nonås. A metaheuristic
solution method for optimizing vessel fleet size and mix for maintenance operations
at offshore wind farms under uncertainty. Energy Procedia, 137:531–538, 2017.

[70] K. Hansen. Decision-making based on energy costs: Comparing levelized cost of
energy and energy system costs. Energy Strategy Reviews, 24:68–82, 2019.

[71] W. H. Hausman and N. K. Erkip. Multi-echelon vs. single-echelon inventory control
policies for low-demand items. Management Science, 40(5):597–602, 1994.

[72] M. Hofmann. A review of decision support models for offshore wind farms with an
emphasis on operation and maintenance strategies. Wind Engineering, 35(1):1–15,
2011.

[73] International Energy Agency. Offshore wind outlook 2019, 2019.

[74] C. A. Irawan, D. Ouelhadj, D. Jones, M. Stålhane, and I. B. Sperstad. Optimisation
of maintenance routing and scheduling for offshore wind farms. European Journal
of Operational Research, 256(1):76–89, 2017.

[75] J. Izquierdo, A. Crespo Márquez, J. Uribetxebarria, and A. Erguido. Framework for
managing maintenance of wind farms based on a clustering approach and dynamic
opportunistic maintenance. Energies, 12(11):2036, 2019.

[76] J. Izquierdo, A. C. Márquez, J. Uribetxebarria, and A. Erguido. On the importance of
assessing the operational context impact on maintenance management for life cycle
cost of wind energy projects. Renewable Energy, 153:1100–1110, 2020.

[77] T. Jin, Z. Tian, and M. Xie. A game-theoretical approach for optimizing maintenance,
spares and service capacity in performance contracting. International Journal of
Production Economics, 161:31–43, 2015.

[78] S. G. Johansen. Emergency orders in the periodic-review inventory system with fixed
ordering costs and stochastic lead times for normal orders. International Journal of
Production Economics, 209:205–214, 2019.



Bibliography 157

[79] C. G. Justus and A. Mikhail. Height variation of wind speed and wind distributions
statistics. Geophysical Research Letters, 3(5):261–264, 1976.

[80] J. Kang, L. Sun, H. Sun, and C. Wu. Risk assessment of floating offshore wind
turbine based on correlation-FMEA. Ocean Engineering, 129:382–388, 2017.

[81] J. Kang, L. Sun, and C. G. Soares. Fault tree analysis of floating offshore wind
turbines. Renewable Energy, 133:1455–1467, 2019.

[82] S. Katoch, S. S. Chauhan, and V. Kumar. A review on genetic algorithm: past,
present, and future. Multimedia Tools and Applications, 80(5):8091–8126, 2021.

[83] A. Kaygusuz. Closed loop elastic demand control by dynamic energy pricing in smart
grids. Energy, 176:596–603, 2019.

[84] M. C. A. O. Keizer, S. D. P. Flapper, and R. H. Teunter. Condition-based maintenance
policies for systems with multiple dependent components: A review. European Jour-
nal of Operational Research, 261(2):405–420, 2017.

[85] M. C. A. O. Keizer, R. H. Teunter, and J. Veldman. Joint condition-based mainte-
nance and inventory optimization for systems with multiple components. European
Journal of Operational Research, 257(1):209–222, 2017.

[86] J. Kennedy and R. Eberhart. Particle swarm optimization. In Proceedings of the 1995
International Conference on Neural Networks, pages 1942–1948, Perth, Australia,
1995.

[87] A. Khatab and E.-H. Aghezzaf. Selective maintenance optimization when quality
of imperfect maintenance actions are stochastic. Reliability Engineering & System
Safety, 150:182–189, 2016.

[88] M. Kijima. Some results for repairable systems with general repair. Journal of
Applied Probability, 26(1):89–102, 1989.

[89] H. Kim and C. Singh. Reliability modeling and simulation in power systems with
aging characteristics. IEEE Transactions on Power Systems, 25(1):21–28, 2009.

[90] A. Kusiak and Z. Song. Design of wind farm layout for maximum wind energy
capture. Renewable Energy, 35(3):685–694, 2010.

[91] B. Le and J. Andrews. Modelling wind turbine degradation and maintenance. Wind
Energy, 19(4):571–591, 2016.

[92] K. Y. Lee and J.-B. Park. Application of particle swarm optimization to economic
dispatch problem: advantages and disadvantages. In Proceedings of the 2006 IEEE
PES Power Systems Conference and Exposition, pages 188–192, Atlanta, USA, 2006.

[93] Y. Lei, N. Li, S. Gontarz, J. Lin, S. Radkowski, and J. Dybala. A model-based method
for remaining useful life prediction of machinery. IEEE Transactions on Reliability,
65(3):1314–1326, 2016.



158 Bibliography

[94] Y. Lei, N. Li, L. Guo, N. Li, T. Yan, and J. Lin. Machinery health prognostics: A
systematic review from data acquisition to rul prediction. Mechanical Systems and
Signal Processing, 104:799–834, 2018.

[95] N. Leonenko, E. Scalas, and M. Trinh. The fractional non-homogeneous poisson
process. Statistics & Probability Letters, 120:147–156, 2017.

[96] D. Y. C Leung and Y. Yang. Wind energy development and its environmental impact:
A review. Renewable and Sustainable Energy Reviews, 16(1):1031–1039, 2012.

[97] P. A. W. Lewis and G. S. Shedler. Simulation of nonhomogeneous poisson processes
by thinning. Naval Research Logistics Quarterly, 26(3):403–413, 1979.

[98] H. Li, A. P. Teixeira, and C. G. Soares. A two-stage failure mode and effect analysis
of offshore wind turbines. Renewable Energy, 162:1438–1461, 2020.

[99] M. Li, J. Kang, L. Sun, and M. Wang. Reliability analysis of offshore wind turbine
gearbox. In Proceedings of the 6th International Conference on Marine Structures,
pages 923–930, Lisbon, Portugal, 2017.

[100] M. Li, J. Kang, L. Sun, and M. Wang. Development of optimal maintenance policies
for offshore wind turbine gearboxes based on the non-homogeneous continuous-time
markov process. Journal of Marine Science and Application, 18(1):93–98, 2019.

[101] M. Li, X. Jiang, H. Polinder, and R. R. Negenborn. A review of maintenance strategy
optimization for wind energy. In Proceedings of the 4th International Conference on
Renewable Energies Offshore, pages 469–480, Lisbon, Portugal, 2020.

[102] M. Li, M. Wang, J. Kang, L. Sun, and P. Jin. An opportunistic maintenance strat-
egy for offshore wind turbine system considering optimal maintenance intervals of
subsystems. Ocean Engineering, 216:108067, 2020.

[103] M. Li, X. Jiang, J. Carroll, and R. R. Negenborn. Influence of uncertainty on perfor-
mance of opportunistic maintenance strategy for offshore wind farms. In Proceedings
of the OCEANS 2021, pages 1–10, San Diego, USA, 2021.

[104] M. Li, X. Jiang, and R. R. Negenborn. Opportunistic maintenance for offshore wind
farms with multiple-component age-based preventive dispatch. Ocean Engineering,
231:109062, 2021.

[105] M. Li, X. Jiang, J. Carroll, and R. R. Negenborn. A multi-objective maintenance
strategy optimization framework for offshore wind farms considering uncertainty.
Applied Energy, 321:119284, 2022.

[106] M. Li, X. Jiang, J. Carroll, and R. R. Negenborn. Rolling horizon based adjustable
maintenance management: A case study of a 3-mw wind turbine. In Proceedings of
the 18th EAWE PhD Seminar on Wind Energy, pages 1–4, Bruges, Belgium, 2022.

[107] M. Li, B. Bijvoet, K. Wu, X. Jiang, and R. R. Negenborn. Optimal size and compo-
sition of a hybrid maintenance vessel fleet for offshore wind farms. Submitted to a
journal, 2023.



Bibliography 159

[108] M. Li, X. Jiang, J. Carroll, and R. R. Negenborn. A closed-loop uncertainty-aware
strategy for offshore wind farm maintenance. Submitted to a journal, 2023.

[109] M. Li, X. Jiang, J. Carroll, and R. R. Negenborn. Joint optimization of multi-echelon
inventory and predictive opportunistic maintenance: A case study of an offshore wind
farm in the north sea. Submitted to a journal, 2023.

[110] M. Li, X. Jiang, J. Carroll, and R. R. Negenborn. Joint optimization of multi-echelon
inventory and predictive opportunistic maintenance for an offshore wind farm in the
north sea. Submitted to a conference, 2023.

[111] M. Li, X. Jiang, and R. R. Negenborn. Cost-driven multi-echelon inventory opti-
mization for offshore wind farms. Submitted to a conference, 2023.

[112] S. Li, R. R. Negenborn, and G. Lodewijks. Closed-loop coordination of inland
vessels operations in large seaports using hybrid logic-based benders decomposi-
tion. Transportation Research Part E: Logistics and Transportation Review, 97:1–21,
2017.

[113] Z. Lin, D. Cevasco, and M. Collu. A methodology to develop reduced-order models
to support the operation and maintenance of offshore wind turbines. Applied Energy,
259:114228, 2020.

[114] Q. Liu, Z. Li, T. Xia, M. Hsieh, and J. Li. Integrated structural dependence and
stochastic dependence for opportunistic maintenance of wind turbines by considering
carbon emissions. Energies, 15(2):625, 2022.

[115] Y. Liu and H.-Z. Huang. Optimal selective maintenance strategy for multi-state sys-
tems under imperfect maintenance. IEEE Transactions on Reliability, 59(2):356–
367, 2010.

[116] L. Lu, Y.and Sun, J. Kang, H. Sun, and X. Zhang. Opportunistic maintenance opti-
mization for offshore wind turbine electrical and electronic system based on rolling
horizon approach. Journal of Renewable and Sustainable Energy, 9(3):033307, 2017.

[117] Y. Lu, L. Sun, X. Zhang, F. Feng, J. Kang, and G. Fu. Condition based maintenance
optimization for offshore wind turbine considering opportunities based on neural net-
work approach. Applied Ocean Research, 74:69–79, 2018.

[118] T. Lv and Q. Ai. Interactive energy management of networked microgrids-based
active distribution system considering large-scale integration of renewable energy
resources. Applied Energy, 163:408–422, 2016.

[119] R. Martin, I. Lazakis, S. Barbouchi, and L. Johanning. Sensitivity analysis of offshore
wind farm operation and maintenance cost and availability. Renewable Energy, 85:
1226–1236, 2016.

[120] A. P. Marugán, F. P. G. Márquez, J. M. P. Perez, and D. Ruiz-Hernández. A survey of
artificial neural network in wind energy systems. Applied Energy, 228:1822–1836,
2018.



160 Bibliography

[121] K. S. Moghaddam and J. S. Usher. Optimal preventive maintenance and replacement
schedules with variable improvement factor. Journal of Quality in Maintenance En-
gineering, 16(3):271–287, 2010.

[122] T. A. T. Nguyen and S.-Y. Chou. Maintenance strategy selection for improving cost-
effectiveness of offshore wind systems. Energy Conversion and Management, 157:
86–95, 2018.

[123] M. Pandey, M. J. Zuo, R. Moghaddass, and M. K. Tiwari. Selective maintenance for
binary systems under imperfect repair. Reliability Engineering & System Safety, 113:
42–51, 2013.

[124] S. A. Pastromas, K. Sandros, K. N. Koutras, and E. C. Pyrgioti. Investigation of
lightning strike effects on wind turbine critical components. In Proceedings of 2018
IEEE International Conference on High Voltage Engineering and Application, pages
1–4, Athens, Greece, 2018.

[125] R. Poore and C. Walford. Development of an operations and maintenance cost model
to identify cost of energy savings for low wind speed turbines. Technical Report
NREL/SR-500-40581, National Renewable Energy Laboratory, 2008.

[126] W. Qiao and D. Lu. A survey on wind turbine condition monitoring and fault diagno-
sis—Part II: Signals and signal processing methods. IEEE Transactions on Industrial
Electronics, 62(10):6546–6557, 2015.

[127] W. Qiao and D. Lu. A survey on wind turbine condition monitoring and fault diag-
nosis—Part I: Components and subsystems. IEEE Transactions on Industrial Elec-
tronics, 62(10):6536–6545, 2015.

[128] L. W. M. M. Rademakers, H. Braam, T. S. Obdam, and R. P. van de Pieterman.
Operation and maintenance cost estimator (OMCE) to estimate the future o&m costs
of offshore wind farms. In Proceedings of European Offshore Wind 2009 Conference,
volume 1, pages 14–16, Stockholm, Sweden, 2009.

[129] K. Rafiee, Q. Feng, and D. W. Coit. Reliability modeling for dependent competing
failure processes with changing degradation rate. IIE Transactions, 46(5):483–496,
2014.

[130] Z. Ren, Y. Verma, A. S.and Li, J. J. E. Teuwen, and Z. Jiang. Offshore wind turbine
operations and maintenance: A state-of-the-art review. Renewable and Sustainable
Energy Reviews, 144:110886, 2021.

[131] M. Rezamand, M. Kordestani, M. E. Orchard, R. Carriveau, D. S.-K. Ting, and
M. Saif. Improved remaining useful life estimation of wind turbine drivetrain bear-
ings under varying operating conditions. IEEE Transactions on Industrial Informat-
ics, 17(3):1742–1752, 2020.

[132] J. Rogelj, O. Geden, A. Cowie, and A. Reisinger. Three ways to improve net-zero
emissions targets. Nature, 591(7850):365–368, 2021.



Bibliography 161

[133] C. R. Rojas, G. C. Goodwin, M. M. Seron, and M. Zhang. Open-cut mine plan-
ning via closed-loop receding-horizon optimal control. In Identification and Control,
pages 43–62. Springer, 2007.

[134] J. E. Ruiz-Castro. Markov counting and reward processes for analysing the perfor-
mance of a complex system subject to random inspections. Reliability Engineering
& System Safety, 145:155–168, 2016.

[135] R. A. Rutenbar. Simulated annealing algorithms: An overview. IEEE Circuits and
Devices Magazine, 5(1):19–26, 1989.

[136] F. Santos, Â. P. Teixeira, and C. G. Soares. Modelling and simulation of the op-
eration and maintenance of offshore wind turbines. Proceedings of the Institution
of Mechanical Engineers, Part O: Journal of Risk and Reliability, 229(5):385–393,
2015.

[137] B. R. Sarker and T. I. Faiz. Minimizing maintenance cost for offshore wind turbines
following multi-level opportunistic preventive strategy. Renewable Energy, 85:104–
113, 2016.

[138] M. N. Scheu, T. Kolios, A.and Fischer, and F. Brennan. Influence of statistical uncer-
tainty of component reliability estimations on offshore wind farm availability. Relia-
bility Engineering & System Safety, 168:28–39, 2017.

[139] M. N. Scheu, L. Tremps, U. Smolka, A. Kolios, and F. Brennan. A systematic failure
mode effects and criticality analysis for offshore wind turbine systems towards in-
tegrated condition based maintenance strategies. Ocean Engineering, 176:118–133,
2019.

[140] A. H. Schrotenboer, M. A. J. uit het Broek, B. Jargalsaikhan, and K. J. Roodbergen.
Coordinating technician allocation and maintenance routing for offshore wind farms.
Computers & Operations Research, 98:185–197, 2018.

[141] A. H. Schrotenboer, E. Ursavas, and I. F. A. Vis. Mixed integer programming models
for planning maintenance at offshore wind farms under uncertainty. Transportation
Research Part C: Emerging Technologies, 112:180–202, 2020.

[142] Helene Seyr and Michael Muskulus. Decision support models for operations and
maintenance for offshore wind farms: a review. Applied Sciences, 9(2):278, 2019.

[143] M. Shafiee. Maintenance logistics organization for offshore wind energy: Current
progress and future perspectives. Renewable Energy, 77:182–193, 2015.

[144] M. Shafiee and F. Dinmohammadi. An FMEA-based risk assessment approach for
wind turbine systems: a comparative study of onshore and offshore. Energies, 7(2):
619–642, 2014.

[145] M. Shafiee and J. D. Sørensen. Maintenance optimization and inspection planning
of wind energy assets: Models, methods and strategies. Reliability Engineering &
System Safety, 192:105993, 2019.



162 Bibliography

[146] M. Shafiee, M. Patriksson, and A.-B. Strömberg. An optimal number-dependent pre-
ventive maintenance strategy for offshore wind turbine blades considering logistics.
Advances in Operations Research, pages 1–12, 2013.

[147] M. Shafiee, M. Finkelstein, and C. Bérenguer. An opportunistic condition-based
maintenance policy for offshore wind turbine blades subjected to degradation and
environmental shocks. Reliability Engineering & System Safety, 142:463–471, 2015.

[148] A. Sharma, G. S. Yadava, and S. G. Deshmukh. A literature review and future per-
spectives on maintenance optimization. Journal of Quality in Maintenance Engineer-
ing, 17(1):5–25, 2011.

[149] M. Shields, P. Beiter, J. Nunemaker, A. Cooperman, and P. Duffy. Impacts of turbine
and plant upsizing on the levelized cost of energy for offshore wind. Applied Energy,
298:117189, 2021.

[150] S. Simani. Overview of modelling and advanced control strategies for wind turbine
systems. Energies, 8(12):13395–13418, 2015.

[151] S. Song, Q. Li, F. A. Felder, H. Wang, and D. W. Coit. Integrated optimization of
offshore wind farm layout design and turbine opportunistic condition-based mainte-
nance. Computers & Industrial Engineering, 120:288–297, 2018.

[152] M. Stålhane, H. Vefsnmo, E. E. Halvorsen-Weare, L. M. Hvattum, and L. M. Nonås.
Vessel fleet optimization for maintenance operations at offshore wind farms under
uncertainty. Energy Procedia, 94:357–366, 2016.

[153] M. Stålhane, M. Christiansen, O. Kirkeby, and A. J. Mikkelsen. Optimizing jack-up
vessel strategies for maintaining offshore wind farms. Energy Procedia, 137:291–
298, 2017.

[154] M. Stålhane, E. E. Halvorsen-Weare, L. M. Nonås, and G. Pantuso. Optimizing
vessel fleet size and mix to support maintenance operations at offshore wind farms.
European Journal of Operational Research, 276(2):495–509, 2019.

[155] M. Stålhane, K. H. Bolstad, M. Joshi, and L. M. Hvattum. A dual-level stochastic
fleet size and mix problem for offshore wind farm maintenance operations. INFOR:
Information Systems and Operational Research, 59(2):257–289, 2021.

[156] G. Tagaras and D. Vlachos. A periodic review inventory system with emergency
replenishments. Management Science, 47(3):415–429, 2001.

[157] P. Tchakoua, R. Wamkeue, M. Ouhrouche, T. Andy Slaoui-Hasnaoui,
F.and Tameghe, and G. Ekemb. Wind turbine condition monitoring: State-of-
the-art review, new trends, and future challenges. Energies, 7(4):2595–2630,
2014.

[158] É. Thomas, É. Levrat, and B. Iung. Overview on opportunistic maintenance. IFAC
Proceedings Volumes, 41(3):245–250, 2008.



Bibliography 163

[159] Z. Tian. An artificial neural network method for remaining useful life prediction of
equipment subject to condition monitoring. Journal of Intelligent Manufacturing, 23
(2):227–237, 2012.

[160] Z. Tian, T. Jin, B. Wu, and F. Ding. Condition based maintenance optimization for
wind power generation systems under continuous monitoring. Renewable Energy, 36
(5):1502–1509, 2011.

[161] M. I. H. Tusar and B. R. Sarker. Spare parts control strategies for offshore wind
farms: a critical review and comparative study. Wind Engineering, 46(5):1629–1656,
2022.

[162] M. A. J. uit het Broek, J. Veldman, S. Fazi, and R. Greijdanus. Evaluating resource
sharing for offshore wind farm maintenance: the case of jack-up vessels. Renewable
and Sustainable Energy Reviews, 109:619–632, 2019.

[163] G. J. W Van Bussel and C. Schöntag. Operation and maintenance aspects of large off-
shore windfarms. In Proceedings of European Wind Enery Conference 1997, pages
272–275, Dublin, Ireland, 1997.

[164] A. Van Horenbeek, J. Buré, D. Cattrysse, L. Pintelon, and P. Vansteenwegen. Joint
maintenance and inventory optimization systems: A review. International Journal of
Production Economics, 143(2):499–508, 2013.

[165] K. Vázquez, R. R. Rodríguez, and M. D. Esteban. Inventory proposal for monopiles
in offshore wind farms. Ocean Engineering, 247:110741, 2022.

[166] J. Wang, Q. Qiu, and H. Wang. Joint optimization of condition-based and age-based
replacement policy and inventory policy for a two-unit series system. Reliability
Engineering & System Safety, 205:107251, 2021.

[167] W. Wang, D.and Teng, G. Zhang, X. Qu, Y. Liu, Z. Ma, and A. Kusiak. An oppor-
tunistic maintenance strategy for wind turbines. IET Renewable Power Generation,
15(16):3793–3805, 2021.

[168] Y. Wang and Q. Deng. Optimization of maintenance scheme for offshore wind tur-
bines considering time windows based on hybrid ant colony algorithm. Ocean Engi-
neering, 263:112357, 2022.

[169] D. Whitley. A genetic algorithm tutorial. Statistics and Computing, 4(2):65–85,
1994.

[170] I. L. Wijnant, H. W. van den Brink, and A. Stepek. North Sea wind climatology
part 2: ERA-interim and harmonie model data. Technical Report TR-343, Royal
Netherlands Meteorological Institute, 2014.

[171] T. Xia, Y. Dong, E. Pan, M. Zheng, H. Wang, and L. Xi. Fleet-level opportunistic
maintenance for large-scale wind farms integrating real-time prognostic updating.
Renewable Energy, 163:1444–1454, 2021.



164 Bibliography

[172] C. Xu and P. Dowd. A new computer code for discrete fracture network modelling.
Computers & Geosciences, 36(3):292–301, 2010.

[173] B. Yan, Y. Zhou, M. Zhang, and Z. Li. Reliability-driven multiechelon inventory
optimization with applications to service spare parts for wind turbines. IEEE Trans-
actions on Reliability, 2022.

[174] T. Yan, Y. Lei, B. Wang, T. Han, X. Si, and N. Li. Joint maintenance and spare parts
inventory optimization for multi-unit systems considering imperfect maintenance ac-
tions. Reliability Engineering & System Safety, 202:106994, 2020.

[175] L. Yang, R. Peng, G. Li, and C.-G. Lee. Operations management of wind farms
integrating multiple impacts of wind conditions and resource constraints. Energy
Conversion and Management, 205:112162, 2020.

[176] M. Yildirim, N. Z. Gebraeel, and X. A. Sun. Integrated predictive analytics and op-
timization for opportunistic maintenance and operations in wind farms. IEEE Trans-
actions on Power Systems, 32(6):4319–4328, 2017.

[177] C. Zhang, W. Gao, S. Guo, Y. Li, and T. Yang. Opportunistic maintenance for wind
turbines considering imperfect, reliability-based maintenance. Renewable Energy,
103:606–612, 2017.

[178] C. Zhang, W. Gao, T. Yang, and S. Guo. Opportunistic maintenance strategy for
wind turbines considering weather conditions and spare parts inventory management.
Renewable Energy, 133:703–711, 2019.

[179] J. Zhang, X. Zhao, Y. Song, and Q. Qiu. Joint optimization of condition-based main-
tenance and spares inventory for a series–parallel system with two failure modes.
Computers & Industrial Engineering, 168:108094, 2022.

[180] X. Zhang and J. Zeng. Joint optimization of condition-based opportunistic mainte-
nance and spare parts provisioning policy in multiunit systems. European Journal of
Operational Research, 262(2):479–498, 2017.

[181] X. Zhang, L. Sun, H. Sun, Q. Guo, and X. Bai. Floating offshore wind turbine
reliability analysis based on system grading and dynamic FTA. Journal of Wind
Engineering and Industrial Aerodynamics, 154:21–33, 2016.

[182] X. Zhang, J. Zeng, and J. Gan. Joint optimization of condition-based maintenance
and spare part inventory for two-component system. Journal of Industrial and Pro-
duction Engineering, 35(6):394–420, 2018.

[183] X. Zhang, H. Liao, J. Zeng, G. Shi, and B. Zhao. Optimal condition-based oppor-
tunistic maintenance and spare parts provisioning for a two-unit system using a state
space partitioning approach. Reliability Engineering & System Safety, 209:107451,
2021.

[184] X. Zhao, Z. Lv, Z. He, and W. Wang. Reliability and opportunistic maintenance for a
series system with multi-stage accelerated damage in shock environments. Comput-
ers & Industrial Engineering, 137:106029, 2019.



Bibliography 165

[185] H. Zheng, R. R. Negenborn, and G. Lodewijks. Robust distributed predictive control
of waterborne agvs—a cooperative and cost-effective approach. IEEE Transactions
on Cybernetics, 48(8):2449–2461, 2017.

[186] S. Zhong, A. A. Pantelous, M. Beer, and J. Zhou. Constrained non-linear multi-
objective optimisation of preventive maintenance scheduling for offshore wind farms.
Mechanical Systems and Signal Processing, 104:347–369, 2018.

[187] A. Zhou, D. Yu, and W. Zhang. A research on intelligent fault diagnosis of wind
turbines based on ontology and FMECA. Advanced Engineering Informatics, 29(1):
115–125, 2015.

[188] P. T. Zhou, P.and Yin. An opportunistic condition-based maintenance strategy for
offshore wind farm based on predictive analytics. Renewable and Sustainable Energy
Reviews, 109:1–9, 2019.

[189] X. Zhu, J. Wang, and D. W. Coit. Joint optimization of spare part supply and op-
portunistic condition-based maintenance for onshore wind farms considering main-
tenance route. IEEE Transactions on Engineering Management, 2022.





Glossary

List of symbols and notations
Below follows a list of the most frequently used symbols and notations in this thesis.

− (·) Parameter at the beginning of maintenance cycle
+ (·) Parameter at the end of maintenance cycle
˙(·) Parameter in the virtual maintenance model
(·)i Parameter of component i
(·) j Parameter of subcomponent j
(·)k Parameter of turbine k
(·)m Parameter of maintenance level m
(·)(n) Parameter at wind farm state n
(·)s Parameter at maintenance cycle s
(·)s− Parameter before s maintenance cycle
(·)t Parameter at time t
(·)y Parameter at inspection y
(·)z Parameter at decision-making step z
4s Length of time periods for wind farm state
4T Time interval for decision making
A Health indicator
Ã Health state indicator based on predicted failure times
Ac Annual maintenance cost
Amax Maximum age percentage threshold
Amin Minimum age percentage threshold
Ap Annual production loss
Ar Annual revenue loss in the wind farm system
AT Expected annual cost for maintenance and inventory
ap Proportional parameter of mean of prediction error
as Proportional parameter of standard deviation of prediction error
aaa Failure state matrix in end state
āaa Failure state matrix in start state
B Number of aged components
bbb Influence matrix for impact
b Age increase of component due to influential impact
CE Emergency cost
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CH Holding cost
CI Total cost for inventory
CM Total maintenance costs
CMAT Total cost of material for repair
CMOB Total mobilization cost
CO Ordering cost
CP Cost of lost production
Cc Order cost for component-level units
Cl Order cost for subcomponent-level units
CT Total costs related to maintenance effort
CTEC Total technician cost
CVES Total vessel cost
Ctask Repair task related costs
Cpenalty Penalty related costs
Cvessel Vessel related costs
Closs Production losses related costs
ccc A series of maintenance strategy during lifetime
c Maintenance strategy
d Binary variable determining whether a maintenance cycle is trigged
E Emergency cost for component
ē Average Prediction Error
e Prediction error
F Failure time of component
FT Failure time of turbine
f p() Probability density function
ḡgg Failure moment matrix in end state
ggg Failure moment matrix in start state
I Set of components at one wind turbine
i Index of component
Ji Set for subcomponents at component i
j Index for j subcomponent
K Set of offshore wind turbines
k Index of offshore wind turbine
L Offshore wind farm lifetime
Lc Lead time for regular orders from central warehouses
Ll Lead time for regular orders from local warehouses
Lp Length of the planning horizon
` Revenue loss in the wind farm system
l maintenance level
M Set of maintenance levels
MFR Total cost of failure replacement
M f Total fixed cost
MMAR Total cost of major repair
MMOB Mobilization cost
MPR Total cost of preventive replacement
MTR Total transportation cost
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m Index for m maintenance level
mC Mobilization time for CTVs
mF Mobilization time for FSVs
mH Mobilization time for HLVs
N Set of time period
NFR Repair time of failure replacement
NMAR Repair time of major repair
NMIR Repair time of basic repair
NPR Repair time of preventive replacement
NT Total downtime
NHLVC The number of chartered HLV
NFSVC The number of chartered FSV
NCTVC The number of chartered CTV
NHLVO The number of owned HLV
NFSVO The number of owned FSV
NCTVO The number of owned CTV
NHLVT The number of tasks requiring HLV
NFSVT The number of tasks requiring FSV
NCTVT The number of tasks requiring CTV
n Index for offshore wind farm states
1OOO Binary variable matrix for degradation failure
2OOO Binary variable matrix for incident failure
3OOO Binary variable matrix for ageing stage
P̃ Predicted remaining useful life percentage
P Real remaining useful life percentage
PC Occurrence probability of critical impact
PI Occurrence probability of influential impact
PM Occurrence probability of minor impact
Prated Rated capacity of wind turbine
PT Total production losses
Pw Power production
P Sub-optimization problem
QC Daily cost of CTVs
QJ Daily cost of heavy-lift vessels
QS Daily cost of field support vessels
qqq Occurrence moment matrix for impact
RRR State of wind farm system
RFR Material cost of failure replacement
Rf Fixed cost to trigger a cycle of maintenance
RMAR Material cost of major repair
RMIR Material cost of basic repair
RPR Material cost of preventive replacement
RTR Transportation cost to turbine
r Expected cost of the lost production per turbine per day
S Set of maintenance cycles
SC High limit of inventory in central warehouses
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SL High limit of inventory in local warehouses
s Index of maintenance cycle
sC Low limit of inventory in central warehouses
sL Low limit of inventory in local warehouses
T Arrival time of maintenance cycle
T C Daily personnel cost
T period time period in wind farm lifetime
TH Future horizon at decision-making step
uuu Current age matrix in start state
ūuu Current age matrix in end state
u Age of component
vvv Real lifetime matrix in start state
v̄vv Real lifetime matrix in end state
ṽ Predicted lifetime matrix in start state
¯̃vvv Predicted lifetime matrix in end state
v Failure age of component
ṽ Predicted lifetime of component
W MAR Number of required technicians for major repair
W MIR Number of required technicians for basic repair
W FR Number of required technicians for failure replacement
W PR Number of required technicians for preventive replacement
www Cumulative time matrix in start state
w̄ww Cumulative time matrix in end state
w Wind speed
win Cut-in wind speed
wout Cut-out wind speed
wrated Rated wind speed
1X̂XX

D1 Updated database for parameters D1
1XXX Original component lifetime database
1XXXD1 New component lifetime data sample for parameters D1
2X̂XX

D1 Updated database for parameters D1
2XXX Original RUL prediction performance database
2XXXD1 New RUL prediction performance data sample for parameters D1
3X̂XX

D1 Updated database for parameters D1
3XXX Original maintenance implementation database
3XXXD1 New maintenance implementation data sample for parameters D1
Xa Binary variable for age-based opportunity
Xc Binary variable for critical impact
XEI Binary variable for environmental impact
XFR Binary variable for failure replacement
X f Binary variable for failure-based opportunity
X i Binary variable for incident-based opportunity
XMAR Binary variable for major repair
XMIR Binary variable determining basic repair
XPR Binary variable for preventive replacement
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XTR Binary variable determining turbine is visited.
XHLV

T Decision variable determining chartering HLVs
XFSV

T Decision variable determining chartering FSVs
XCTV

T Decision variable determining chartering CTVs
Y Total number of inspection
y Index for y inspection
yC Binary variable for emergency component-level unit orders
yL Binary variable for emergency subcomponent-level unit orders
Z Set for decision-making steps
z Index for z decision-making step
zc Binary variable for regular component-level unit orders
zl Binary variable for regular subcomponent-level unit orders
αr Shape parameter of maintenance quality
βr Shape parameter of maintenance quality
γ Required number of component
δ Holding cost rate
δa Fixed parameter of standard deviation of prediction error
δc Standard deviation of coefficient determining maintenance cost
δR Standard deviation of prediction error of component
δt Standard deviation of coefficient determining repair time
ε Shape parameter of component failure distribution
ζ Percentage threshold of number of aged components
ηc Lead time for emergency orders for central warehouses
ηc Coefficient determining maintenance cost
ηo Lead time for emergency orders for local warehouses
ηt Coefficient determining repair time
θθθ

D1 Probability parameters D1 in maximum likelihood estimation
θθθ

D2 Probability parameters D2 in maximum likelihood estimation
θθθ

D3 Probability parameters D3 in maximum likelihood estimation
θθθ Maintenance quality matrix
θ Maintenance quality
κκκ Interior state of wind farm system
κ Required number of subcomponent
λC Current quantity of component
λS Current quantity of subcomponent
λ Intensity function of environmental impact
µR Mean of prediction error of component
µa Fixed parameter of mean of prediction error
µc Mean of coefficient determining maintenance cost
µr

θ
Expected value of maintenance quality

µt Mean of coefficient determining repair time
ξξξ Start state of wind farm system
σr

θl
Standard deviation of maintenance quality

σ Scale parameter of component failure distribution
ρ Number of covered wind farm state in a decision-making step
ωωω End state of wind farm system
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List of symbols and notations
The following abbreviations are used in this thesis.

ANN Artificial Neural Network
CTV Crew Transfer Vessel
FMEA Failure Mode and Effects Analysis
FMECA Failure Mode Effects and Criticality Analysis
FSV Field Support Vessel
FTA Fault Tree Analysis
GA Genetic Algorithm
GRASP Greedy Randomized Adaptive Search Procedure
HLV Heavy Life Vessel
IPCC Intergovernmental Panel on Climate Change
LCOE Levelized Cost of Energy
MABO Multiple Age based Opportunity
MILP Mixed-Integer Linear Programming
MIP Mixed-Integer Programming
MTTF Mean Time To Failure
NABO None Age based Opportunity
NSGA− II Non-dominated Sorting Genetic Algorithm II
OAV Offshore Assistance Vessel
OEM Original Equipment Manufacturer
O&M Operation and Maintenance
PSO Particle Swarm Optimization
RAM Reliability, Availability and Maintainability.
RUL Remaining Useful Life
SA Simulated Annealing
SAA Sample Average Approximation
SABO Single Age based Opportunity
SCADA Supervisory Control and Data Dcquisition
SOV Service Operation vessels
SP Stochastic Programming
SV Supply Vessel
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Samenvatting

De offshore windcapaciteit van Europa zal naar verwachting in 2050 450 GW bereiken, wat
30% van de elektriciteitsvraag van Europa zal dekken. Met de toename van de geïnstalleerde
capaciteit zullen de kosten voor O&M ook aanzienlijk toenemen, aangezien de O&M-kosten
een van de grootste bijdragers zijn aan de levenscycluskosten. De verbetering van het O&M-
management voor offshore windparken, met name onderhoudslogistiek, vertegenwoordigt
een aanzienlijke kostenverlagingsmogelijkheid en zal blijven zorgen voor de belangrijkste
factor bij het vormgeven van de toekomstige ontwikkeling van de offshore windsector.

Recent onderzoek biedt duidelijke inzichten in het beheer van onderhoudslogistiek,
waarbij beslissingen worden gecategoriseerd in drie niveaus: strategisch, tactisch en opera-
tioneel. Onderhoudsstrategieën en resource-organisatie zijn respectievelijk strategische en
tactische beslissingen met een langdurige invloed op offshore windparken. Met sensoren en
communicatietechnologieën kunnen eigenaren en exploitanten van windparken en service-
providers de gezondheidsinformatie van windparken gebruiken om onderhoudsstrategieën
te ontwerpen en onderhoudsresources te organiseren, en nieuwe gegevens gebruiken om
beslissingen bij te werken om zo in een gesloten lus te realiseren. Daarom luidt de onder-
zoeksvraag van deze scriptie: hoe kan de effectiviteit van onderhoudsstrategie en resource-
organisatie voor offshore windparken worden verbeterd en hoe kan er worden overgegaan
naar een besluitvormingsbenadering in gesloten lus?

In deze scriptie wordt eerst een open-lus voorspellende opportunische onderhoudsstra-
tegie ontwikkeld die gebruik maakt van voorspelde componentfouten en onderhoudsmoge-
lijkheden. Vervolgens wordt de invloed van onnauwkeurigheid of onzekerheid in modelpa-
rameters gekwantificeerd op onderhoudsprestaties en -strategieën. De significantie van ver-
schillende onzekerheden wordt gerangschikt en er worden suggesties gedaan om om te gaan
met de onzekere besluitvormingsomgeving. Vervolgens worden benaderingen voorgesteld
om de belangrijkste onderhoudsbronnen, namelijk reserveonderdelen en servicevaartuigen,
te organiseren om de implementatie van de open-lus onderhoudsstrategie op een kostenef-
fectieve manier te ondersteunen. Ten slotte ontwikkelt de open-lus onderhoudsstrategie zich
tot een gesloten-lus onderhoudsstrategie die in staat is om dynamische windmolenparksta-
ten vast te leggen en de invloed van onzekerheden in modelparameters te verminderen,
waardoor meer inkomstenverlies wordt voorkomen dan bij open-lus benaderingen.

Over het geheel genomen biedt deze scriptie een reeks benaderingen voor eigenaren en
exploitanten van offshore windmolenparken en onderhoudsdienstverleners om strategische
en tactische onderhoudslogistiek voor offshore windmolenparken te instrueren, waarbij het
potentieel wordt aangetoond om de effectiviteit te verbeteren en over te gaan naar een ge-
sloten kringloop.
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Europe’s offshore wind capacity is expected to reach 450 GW by 2050, meeting 30% of Eu-
rope’s electricity demand. With the increase of installed capacity, the costs invested in O&M
will also increase significantly considering O&M cost is one of the biggest contributors to
life cycle costs. The improvement of O&M management for offshore wind farms, especially
maintenance logistics, represents a significant cost-reduction opportunity and will continue
to be a primary factor in shaping the future development of the offshore wind sector.

Recent research provides clear insights into maintenance logistics management, catego-
rizing decisions into three levels, strategic, tactical, and operational. Maintenance strate-
gies and resource organization are strategic and tactical decisions respectively, with a long-
lasting influence on offshore wind farms. With sensors and communication technologies,
wind farm owners/operators and service providers can use the health information of wind
farms to design maintenance strategies and organize maintenance resources, and utilize new
data to update decisions to realize a closed-loop manner. Thus the research question of this
thesis is how to improve the effectiveness of maintenance strategy and resource organization
for offshore wind farms and move towards a closed-loop decision-making approach?

In this thesis, an open-loop predictive opportunistic maintenance strategy utilizing pre-
dicted component failures and maintenance opportunities is developed first. Then, the
influence of inaccuracy or uncertainty in model parameters is quantified on maintenance
performance and strategies. The significance of different uncertainties is ranked, and sug-
gestions are provided to cope with the uncertain decision-making environment. Next, the
approaches are proposed to organize the primary maintenance resources, i.e., spare parts
and service vessels, to support the implementation of the open-loop maintenance strategy
in a cost-effective manner. Finally, the open-loop maintenance strategy develops towards
a closed-loop maintenance strategy that is able to capture dynamic wind farm states and
mitigate the influence of model parameter uncertainties, reducing more revenue losses than
open-loop approaches.

Overall, this thesis provides a series of approaches for offshore wind farm owners and
operators and maintenance service providers to instruct the strategic and tactical mainte-
nance logistics for offshore wind farms, showing the potential for improving the effective-
ness and moving towards a closed-loop manner.
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