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Abstract: Decision support models for offshore wind farm operation and maintenance (O&M)
are required to represent the failure behavior of wind turbine components. Detailed degradation
modelling is already incorporated in models for specific components and applications. However,
component degradation is only one of many effects that must be captured in high-level strategic
decision support models that simulate entire wind farms. Thus, for practical applications, a trade-off
is needed between detailed degradation modelling and the level of simplicity of input data
representation. To this end, this paper discusses two alternative approaches for taking into account
component degradation processes in strategic offshore wind farm O&M simulation models: (1) full
integration of the degradation process in the O&M simulation model; and (2) loose integration where
the degradation process is translated into simplified input to the O&M model. As a proof-of-concept,
a Markov process for blade degradation has been considered. Simulations using the NOWIcob O&M
model show that the difference between full and loose integration is small in terms of aggregated
output parameters such as average wind turbine availability and O&M costs. Although loose
integration models some effects less accurately than full integration, the former is more flexible and
convenient, and the accuracy is for most purposes sufficient for such O&M models.

Keywords: offshore wind energy; maintenance; degradation; deterioration; simulation model; asset
management; condition-based maintenance; inspections

1. Introduction

In order to make offshore wind power competitive with other energy sources, the cost of offshore
wind power, i.e., the levelized cost of energy (LCOE) for offshore wind farms, must be reduced.
For offshore wind farms, operational expenditures (OPEX) are major contributors to the LCOE, with
estimates of this contribution varying from 12–32%, depending on the parameters included in the
OPEX [1]. Thus, substantial LCOE reductions will be difficult to achieve without making offshore
wind farm operation and maintenance (O&M) more cost-effective.

One potential means of achieving O&M cost reductions is to identify improved O&M and logistics
strategies, such as the selection of optimal vessel fleets for carrying out offshore wind farm O&M
and investment in cost-effective O&M concepts (e.g., procurement of improved condition monitoring
systems). Offshore wind farm O&M models and decision support tools (henceforth referred to as
O&M models) are used to assess the economic viability of a wind farm and can assist in evaluations of
alternative O&M strategies with the aim of identifying those that are optimal and cost-effective. Such
models are thus effective tools in the decision-making process.

A large number of different O&M models have been developed during the last 10–15 years, and
reviews carried out by Hofmann [2] and Shafiee [3] provide an overview of these models. Shafiee [3]
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divides O&M and logistics models into the categories strategic, tactical and operational, depending on
the time scale of the decision problem they address. Operational decisions, such as which turbine to
visit the next day, have a typical time-horizon of one or a few days. Tactical decisions, such as when to
charter a jack-up vessel for a maintenance campaign, have a typical time horizon of several weeks or
months, and up to one or two years. Strategic decisions, such as those regarding the optimal vessel
fleet for O&M of an offshore wind farm, have a typical time horizon of several years or the wind farm’s
entire lifetime. Furthermore, models can broadly be subdivided into optimization and simulation
models, where the former use mathematical optimization techniques to find an optimal solution, and
the latter run simulations of a given set of solution alternatives.

This paper focuses on simulation models that support strategic decisions. Examples of such
models include the ECN (Energy Research Centre of the Netherlands) O&M Calculator [4], EDF's
(Électricité de France) ECUME model [5], the Strathclyde University offshore wind OPEX model [6]
and NOWIcob (Norwegian offshore wind power life cycle cost and benefit) model [7]. The last of
these has been used as a basis for the analysis presented in this paper. The aforementioned tools
simulate the operational phase of offshore wind farms with the aim of estimating aggregated result
parameters, such as O&M costs and average wind turbine availability. To achieve this, they must
capture operational factors such as weather conditions, offshore logistics and maintenance activities
for all turbines and components in the wind farm.

The extent of maintenance activities carried out at an offshore wind farm depends on the
degradation of wind turbine components and their rates of failure. Most O&M models, such as those
mentioned above, use only a high-level representation of turbine or component failure behavior [8].
Typically, failure behavior is described in terms of failure rates, which may either be constant or varying
over time. However, the use of more detailed models for component failure behavior may improve
O&M models and their results. Explicit modelling of the interactions between component degradation,
maintenance actions and failures would assist in evaluating the effect of new and advanced inspection
technologies or strategies on the number of maintenance actions and failure rates. For example,
the introduction of a new and better inspection method may increase the probability of detecting
incipient failures and at the same time increase the pre-warning time. Such effects can be modelled by,
for example, using a degradation model instead of a failure rate model.

Full integration of degradation processes in an O&M model requires changes in the model’s
source code, such as replacement of a conventional, simplified failure rate model with a more advanced,
and more complex, degradation model. This increase in O&M model complexity may increase the
computational time for simulations. Thus, for practical application and ease of use, a trade-off is
required between detailed degradation modelling and the simplicity of the models.

Full integration is usually not a feasible approach for model users, because the source code
of most O&M models is not accessible to the end user. Thus, alternative approaches, such as the
“loose integration” approach presented and evaluated in this paper, are potentially very useful. This
approach allows users to add new features that are not initially included in an O&M model, without
requiring changes to the model itself. The approach may also be of interest to model developers since
it avoids over-complexity and time-consuming development processes for very specific and occasional
model applications.

Obviously, simplified integration alternatives, such as the loose integration approach presented
here, should be evaluated in terms of their suitability for the intended purpose. Thus, the aims of
this paper are to evaluate the value of more detailed modelling and to discuss the two alternatives
for degradation model integration; namely full and loose integration. The main contribution of this
paper is thus to present a simple and flexible approach to the representation of degradation and
condition-based maintenance in O&M models and to demonstrate that this approach can, in spite of
its simplicity, be perfectly adequate in many situations.

Degradation models and offshore wind farm O&M and logistics models have already been
the subject of a large number of studies and publications. This is illustrated in Section 2, which
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addresses degradation and maintenance modelling and by the O&M model examples listed above
and in [8–11]. Previous studies have not considered the integration of degradation models in strategic
O&M simulation models, with the exception of a recent paper by Florian and Sørensen [12]. However,
this study does not discuss different integration alternatives. In contrast, the present paper sets out
and discusses two integration approaches, using a similar case study to that employed in [12]. It also
presents a broader discussion of the implications of different approaches to modelling degradation
and condition-based maintenance.

The two integration approaches are described in detail in Section 3. A case study has been carried
out (Section 4) to show the difference between full and loose integration, identify advantages and
disadvantages and provide recommendations on the use of the respective approaches. The results show
that the difference between full and loose integration in terms of aggregated result parameters such as
availability and O&M costs are small. As discussed in Section 5, and summarized in Section 6, we argue
that the accuracy of loose integration is adequate for many O&M model applications. In other words,
we find that the detailed modelling of component degradation combined with weather conditions and
offshore logistics is of limited value for such applications. However, for applications such as providing
decision support for the optimization of inspection strategies, the somewhat greater accuracy of full
integration may be an advantage. The benefits of loose integration are its ease of implementation and
its flexibility with respect to input data availability regarding the degradation and failure behavior of
wind turbine components.

2. Degradation and Maintenance Modelling

Degradation is described as a “detrimental change in ability to meet requirements” [13].
Furthermore, “degradation beyond specified limits may constitute a degraded state or failure” [13].
Note that a degraded state does not mean that a component has failed, but represents a “state of
reduced ability to perform as required, but with acceptable reduced performance” [13]. However,
a degraded state is sometimes called incipient failure because sooner or later, further degradation will
lead to failure.

Degradation is also referred to as deterioration, and serious degradation/deterioration implies
poor technical condition and a degraded state “close” to failure. The terms condition, deterioration
and degradation are thus often interchangeable.

In situations where degradation can be measured, for instance by means of inspections or
condition monitoring, and the measured data combined with a suitable degradation model, it is
possible to estimate the remaining time to failure. Furthermore, the effect of preventive maintenance
(PM) and corrective maintenance (CM) can be described as an improvement in technical condition to
a less degraded state. Degradation models thus offer powerful means of describing and modelling the
effects of inspections and maintenance on remaining lifetime and failure probability. Consequently,
the use of degradation models in offshore wind farm O&M models has the potential to improve the
capabilities and levels of detail of the O&M models.

Degradation can be modelled in different ways. Common to most models is the implication that
degradation can be described or represented by an observable variable such as a direct measure of
a physical degradation process (e.g., the length of a crack), an indirect measure related to product
performance (e.g., the power of a motor) or a qualitative measure as assessed by maintenance personnel
(e.g., condition states such as “good”, “minor degradation”, “major degradation”, etc.). Even though
a single degradation variable is used in most models, cases involving several underlying degradation
processes may require the use of more than one degradation variable. Time is often used as the measure
of usage in degradation models. However, other quantities such as the number of revolutions or
number of operations may be more suitable in some cases [14]. Based on [15], degradation models
can be classified into (1) physical (or physics-based) models; (2) stochastic models and (3) data-driven
models/computational intelligence (CI). Physical models, data-driven models and CI are not discussed



Energies 2017, 10, 925 4 of 18

further here because the main focus of this paper is to address a stochastic degradation model: the
Markov process.

An introduction to degradation modelling can be found in the textbook by Meeker and
Escobar [14], where a description is provided of a stochastic, general degradation path model.
Stochastic processes [16] are frequently-used degradation models, and the Markov, gamma and
Wiener processes are some of those that have been used to model the degradation of technical systems
and components (see [17–20]). For wind turbine applications, examples of the application of stochastic
processes as degradation models can be found in [12,21–28]. A comprehensive review of the use
of Markov models for maintenance optimization in offshore wind contexts can be found in [29].
An example where the degradation of different drivetrain components is modelled by means of Petri
nets is presented in [30].

Assuming that time is a measure of usage, degradation processes can be built on the basis of
either discrete time or continuous time, and degradation itself can be described by either a discrete
variable, such as a discrete condition state, or a continuous variable. Thus, the model selected must
be situation dependent. The gamma and Wiener processes are appropriate for the representation of
continuous degradation variables. In contrast, the Markov process can represent discrete degradation
variables by means of discrete states. It can also be used to model both discrete (the so-called “Markov
chain” model) and continuous time.

A continuous-time degradation process involving discrete states is illustrated in Figure 1a. Such
processes can be modelled as Markov processes (Figure 1b). In this example, it is assumed that
degradation can be described by seven discrete states, where State 0 is a condition without degradation
(“as good as new”), and State 6 represents a condition where the component has failed, i.e., the
fault state.
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Figure 1. Illustration of a degradation process modelled as a continuous-time Markov process:
(a) degradation process, condition states and inspection strategy; (b) the Markov process and
maintenance strategy.

The red stippled line in Figure 1a illustrates that real degradation is the result of a continuous
physical process. An approximation using discrete states is often used in situations where exact
degradation measurement is not possible or difficult, such as when visual inspections are used to
provide qualitative condition assessments. This discretization of the degradation process means
that the process has a residence or sojourn time in each state, illustrated by the parameters T0–T5 in
Figure 1a. When modelling the process using a standard Markov process where the sojourn times of
the various states are assumed to be exponentially distributed, the inverse of the mean value of Ti in
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state i is the transition rate λi from state i to state i + 1 (see Figure 1b). The reader is referred to [16,31]
for more information about modelling Markov processes.

The introduction of inspections, illustrated in Figure 1a by regular inspection intervals, means
that maintenance tasks can be directly linked to condition states. The example in Figure 1 illustrates
a maintenance strategy where the component is preventively replaced or repaired when an inspection
shows that it has entered State 4. State 4 thus becomes the threshold state for condition-based PM
activity. It is assumed that this condition-based maintenance (CBM) activity brings the component
“back” into “as good as new” condition. However, in situations where degradation proceeds rapidly
and the component fails before an inspection reveals an unacceptably poor condition, CM must be
carried out. No maintenance actions are carried out when the degradation state is 0, 1, 2 or 3. In these
situations, the next inspection will be performed after the inspection interval has passed.

The suitability of using the Markov process as a degradation and failure model can be disputed,
because the “standard” Markov process, involving a chain of exponentially-distributed states, results in
a time-to-failure distribution that is gamma distributed, or very similar to a gamma distribution [32,33].
In many cases, this may not represent a realistic failure model. Standard Markov processes make it
difficult to represent other types of failure time distributions, such as, e.g., Weibull distributions [32].
The use of semi-Markov processes, in which the transitions between states are modelled by general
distributions ([31], p. 354), may provide more flexible models. Another general and highly flexible
solution that allows the representation of many types of failure time distributions using a Markov
process is the use of phase-type distributions [34–37]. This approach is a general extension of a standard
Markov process to one consisting of a network of states (phases). However, the unambiguous
distinction of the states and their physical interpretation can make practical applications difficult.
In this paper, a case study is presented based on the work and input data in [12], where a standard
Markov process has been used as a convenient means of describing degradation.

3. Methodology

3.1. The NOWIcob O&M Model and Representation of Condition-Based Maintenance

For this study, approaches to the integration of degradation models into an O&M model are
exemplified using the NOWIcob O&M model [7,38]. NOWIcob is an O&M simulation model that can
be used to analyze and provide decision support for different aspects of offshore wind farm operation
and maintenance. The model is based on a time-sequential (discrete-event) Monte Carlo simulation
technique in which maintenance operations and related logistics are simulated over a number of
years of the wind farm’s operational lifetime using an hourly resolution. The model estimates
key performance parameters such as wind turbine availability and O&M costs. The simulation
methodology is representative for state-of-the-art strategic offshore wind O&M simulation models and
is described in more detail in [7,38].

Several input parameters can be changed in order to assess their impact on performance
parameters. Typical input and output parameters used in the NOWIcob model are illustrated in
Figure 2. Offshore maintenance operations are highly weather-dependent, and weather conditions
and uncertainty are thus accounted for in the model by means of a multi-parameter Markov chain
weather model [7] that generates new and synthetic, but representative, weather time series for each
Monte Carlo iteration (simulation run).

Maintenance tasks can be assigned to individual wind turbine components or can be assigned at
a more aggregated level to the turbine as a whole. The three types of maintenance tasks modelled by
NOWIcob are:

(1) Pre-determined PM tasks, defined by a fixed maintenance interval.
(2) CM tasks, each associated with a failure category.
(3) CBM tasks, described in more detail below.
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In the following, the modelling of a category of maintenance tasks in NOWIcob is referred
to as a module, in which each module has certain input parameters that are used to describe a
particular category. The CM module is based on a failure model in which the time to the next failure of
a given failure category on a given turbine is drawn from an exponential probability density function
p(t) = λe−λt. Here, λ is the underlying failure rate. The corresponding CM task is initiated after
failure occurs.

The CBM module in NOWIcob is based on the following methodology: For each failure category
associated with a CM task, a CBM task can also be defined in cases where condition monitoring or
inspections can be used to detect degradation and an incipient failure. For a CBM task, the overall
probability that an incipient failure is detected and a warning given (pdet) must be specified as input to
the model, together with the pre-warning time (Tdet) and the underlying failure rate (λ).

Note that pdet is the overall probability of detection that applies to a certain inspection strategy
and not the probability of detection (POD) of a flaw/crack of a given size by applying a given
inspection method. See [39], among others, for further discussion of POD. Assuming that an inspection
strategy is applied in situations where a certain inspection method (with corresponding POD) is
regularly performed (e.g., once a year) and where maintenance tasks are initiated depending on the
degradation of the component and inspection results, then pdet is the probability of detecting, with
the given inspection strategy, an incipient failure before failure actually occurs. Consequently, 1-pdet
is the probability of not detecting the incipient failure. pdet and 1-pdet thus describe the probability
of occurrence of the detection and non-detection events, respectively, where detection results in
a preventive maintenance task and non-detection in a corrective maintenance task.

On detection of an incipient failure, a warning is given that initiates the planning and execution of
a CBM task. The pre-warning time Tdet is the number of days between the time of detection/warning
and the time of potential failure. The time of potential failure is the time when failure would have
occurred if the warning had not been given. Tdet can be specified as input to the model either in the
form of a deterministic value or as a probability distribution in which case it is treated as a stochastic
variable in the simulation. This simplified representation of CBM by the two parameters pdet and Tdet
can be used to represent both continuous condition monitoring (i.e., condition monitoring systems)
and inspections.

Figure 3 illustrates two possible outcomes of scenarios in which a potential failure is detected. The
figure also illustrates the concept of the pre-warning time Tdet. Although an underlying degradation
curve is indicated in the figure, it should be noted that degradation is not modelled explicitly in the
CBM module. The time to repair (TR), also shown in the figure, is the time from the issue of the warning
to completion of the maintenance task. The time to repair depends on the active maintenance time for
the task in question plus logistic delays, including weather delays. The active maintenance time is
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defined as a model input parameter, whereas logistic delays are calculated during the simulation of
each maintenance task.

If maintenance can be performed during the pre-warning time, i.e., TR < Tdet, then a CBM task is
performed (see Figure 3a). On the other hand, if TR > Tdet, a CM task for the corresponding failure
category is performed (see Figure 3b). It is also possible to model alternative responses to an early
warning of a potential failure, such as shutting down the turbine when a pre-warning is given. The
CBM task can be specified to require, for example, less expensive spare parts, shorter active repair
times or shorter logistic delays than those for the CM task.Energies 2017, 10, 925  7 of 18 
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Tdet, resulting in CBM; (b) outcome for TR > Tdet, resulting in CM.

Different maintenance and inspection strategies will impact on pdet and Tdet. For example, more
frequent inspections and conservative maintenance thresholds will result in increased pdet and Tdet
values and, as a consequence, fewer failures and a reduced need for CM. However, the number
of preventive maintenance tasks will increase. The relation between the maintenance strategy and
quantities such as pdet and Tdet can be modelled using a degradation and maintenance model. The
following section shows how such relations can be utilized to integrate degradation models and
offshore wind farm O&M models.

3.2. Integration of the Degradation Process

As stated in the Introduction, this paper focuses on two integration alternatives referred to as
full and loose integration. Full integration involves extension of the offshore wind O&M simulation
model with the aim of modelling the degradation process inside the simulation model. Some of the
disadvantages and challenges of this approach, such as increased computational time and the trade-off
between detailed degradation modelling and the simplicity of input data representation, have already
been referred to in the Introduction. Even though all types of degradation model could be applied
using this approach, they must be implemented in the simulation model, and corresponding changes
to the simulation model's user interface must be performed. Thus, integration alternatives should be
evaluated with the aim of simplifying integration.

Loose integration is an alternative approach in which the simulation of degradation and the
maintenance strategy is performed outside the wind farm O&M model using a so-called “translator”.
The translator is a separate and relatively simple Monte Carlo simulator that can estimate more general
(high-level) parameters such as pdet, Tdet and rates of inspection, maintenance and failure. Estimations
are based on parameters describing the degradation process and maintenance strategy, such as Markov
process transition rates, maintenance threshold and condition after maintenance. The translator thus
“translates” the input of the degradation and maintenance model into input that can be applied by the
maintenance modules that are already implemented in existing O&M models, such as NOWIcob’s
module for CBM tasks (see Section 3.1).
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Figure 4 illustrates how the two integration alternatives can be applied in connection with an
O&M model such as NOWIcob. Segments colored yellow in the figure represent new model parts that
are required for degradation process integration. Whereas full integration requires changes within
the O&M model, loose integration keeps the O&M model untouched, because an existing NOWIcob
maintenance module is used to link the degradation and maintenance model to the O&M model.
Energies 2017, 10, 925  8 of 18 
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The two approaches used to integrate degradation processes in O&M models are illustrated in
more detail in Figure 5. The parameters of the degradation and maintenance model, i.e., the variables
that describe a degradation process and associated inspection strategy, are denoted by x. Figure 5a
shows how x represents input parameters to the O&M model in the case where the degradation process
is fully integrated. In contrast, in the loose integration approach, the O&M model input parameters are
represented by the high-level input parameters y from the existing O&M model maintenance modules
(Figure 5b). In this example, the CBM module input parameters are y = [pdet, Tdet, λ]. In mathematical
terms, the translator used for loose integration of a certain type of degradation process and inspection
strategy represents a function f : x→ y. Furthermore, the O&M model represents a function g that
calculates wind farm performance parameters z such as availability and O&M costs. These O&M model
results can be expressed in the form zfull = gfull(x) for a fully-integrated degradation model and as
zloose = gloose(y) = gloose(f (x)) for a loosely-integrated model. The simplified loose integration approach
that decouples the degradation process from the O&M simulation can be viewed as an approximation
of the full integration. The accuracy of this approximation can be assessed by comparing the values of
zfull and zloose, i.e., by comparing the results from the O&M model for the two integration approaches.
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The advantage of using the loose integration approach is that the translator represents a relatively
simple and easily manageable model. In this way, different translators could easily be established for
different types of degradation models and maintenance strategies without requiring changes in the
code of comprehensive and sophisticated O&M simulation models. However, the disadvantage of
loose integration is that it is likely to give less accurate results. Since full integration captures more of
the real-world effects that may be crucial to accurate modelling, it represents the real world in a more
complete and more realistic way than the simplified loose integration approach. This is illustrated
in Table 1, which compares the full and loose integration approaches in terms of which effects are
explicitly captured. Thus, the results of the full integration approach are regarded as a benchmark
against which loose integration results can be compared. However, it is not always clear in advance
which effects are most important for inclusion in the model, and this underlines the importance of
analyzing the impact of different modelling assumptions.

Table 1. Effects captured using full and loose integration of degradation processes. CBM, condition-
based maintenance.

Effect Full Integration Loose Integration

Logistic delay (including weather delay) in the time to repair. X X

Logistic delays (including weather delays) that prevent
detection of potential failure. X -

Dependence of inspection interval on component condition. X (X)

Distribution of inspections over wind farm lifetime. X -

Distribution of CBM tasks over wind farm lifetime. X -

Stochasticity of pre-warning time. X (X)

Costs and resource requirements for inspections. X X

A cross, X, against an effect in the table means that the effect is fully captured by the integration
approach in question. A dash, -, means that the effect is not captured at all. A cross in parentheses,
(X), means that the effect is only approximately captured because the simplified integration approach
based on high-level input parameters estimated by the translator for the maintenance modules in the
O&M model will lead to discrepancies.

4. Case Study

In order to compare the two alternative integration approaches, a Markov model for wind turbine
blade degradation has been used as a case study. Blade degradation is based on the degradation model
presented in [12], which presents a Markov chain consisting of seven states with state definitions and
monthly transition probabilities as shown in Table 2. The Markov chain was transferred to a Markov
process in which the transition time between the different states is exponentially distributed. The
approximation λi = pi/(30 × 24) is used as the hourly transition rate, where the monthly transition
probability from state i to state i + 1 is pi.

A simple annual inspection strategy is assumed, as illustrated in Figure 1, and the first inspection
is scheduled for one year after commissioning of the wind farm. No maintenance actions will be
performed if the blade condition is in States 0, 1, 2 or 3, and the next inspection is scheduled after
one year. CBM will be initiated after an inspection if the blade is classified in States 4 or 5 (“serious
damage” or “critical damage”). However, if the blade passes through degradation States 4 and 5 and
reaches State 6 (“failure”) before this is detected by an inspection, a CM task must be initiated. After a
CBM or a CM task has been carried out, the next inspection is scheduled after one year. The model
assumes that inspections are perfect, i.e., the real deterioration states are detected without error [17].

For the loose integration approach, a translator was developed that simulates the degradation
process and associated inspection strategy by means of a large number of Monte Carlo iterations. The
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proportion of iterations in which CBM is initiated before potential failure occurs is used to represent
pdet. The mean time from the initiation of CBM to potential failure for these iterations is used to
represent Tdet. (The impact of a more sophisticated approach, treating Tdet as a stochastic variable
in NOWIcob, is briefly considered in the Supplementary Materials S2). It should be noted that CBM
activities themselves and associated logistics are not modelled in the translator, but in the O&M model.
The underlying failure rate associated with the degradation process (assuming no inspections) is
calculated using the formula λ = 1/ ∑5

i=0
1
λi

. The interaction between degradation and the associated
inspection strategy is not explicitly represented in the NOWIcob model for loose integration. However,
predetermined PM tasks with a fixed maintenance interval of one year are included in the simulations.

For the full integration approach, inspections, maintenance tasks and associated logistics are
simulated inside the NOWIcob model. In this situation, inspections involve a crew transfer vessel
transferring technicians to the wind turbine, if weather allows. The CBM task is assumed to be
a relatively minor repair operation involving a crew transfer vessel. CM in this case involves a major
blade replacement operation requiring a jack-up vessel. A fix-on-failure jack-up vessel charter strategy
is assumed [40], with a mobilization time of 30 days from the date of vessel charter to the date of its
availability to perform the maintenance task.

Table 2. States of the degradation process and transition probabilities, based on [12].

State i State Definition Transition Probability pi
(1/Month)

0 No damage 0.05
1 Cosmetic damage 0.75
2 Minor Damage, below tear and wear 0.27
3 Minor damage, above tear and wear 0.13
4 Serious damage 0.06
5 Critical damage 0.344
6 Failure n/a

4.1. Wind Farm Scenario

The wind farm scenario assumed for the case study is based on a reference wind farm defined
within the LEANWIND (Logistic Efficiencies And Naval architecture for Wind Installations with Novel
Developments; EU FP7) project, consisting of 125 turbines, each with a power rating of 8 MW, located
30 km offshore from the O&M base. This reference wind farm is described in more detail in [40], and
full specifications of the input data are found in the Supplementary Materials (S1).

The site of the reference wind farm corresponds to the location of West Gabbard in the U.K. North
Sea. Since offshore wind farm O&M is known to be sensitive to on-site weather conditions and because
conditions at the base case site are known to be relatively benign, two additional weather datasets
are considered in the model: (1) data from the FINO (Forschungsplattformen in Nord- und Ostsee)
1 offshore research platform in the German North Sea [41], referred to as “medium weather”; and
(2) data from the Heimdal natural gas field in the Norwegian North Sea [42], referred to as “harsh
weather”. The FINO 1 and Heimdal weather datasets can be found in Supplementary Materials (S3)
and (S4), respectively. Synthetic 25-year weather time series were generated based on the three weather
datasets. This enables the case study to be carried out with a 25-year simulation period for all weather
datasets, capturing variability in weather conditions that is representative for each of the sites.

4.2. Results Considering Single Component (Blades)

For the loose integration approach, the degradation process and inspection strategy described
above were first simulated in the translator, independently of NOWIcob. For the given degradation
process and annual inspection strategy, the overall probability of detection pdet simulated by the
translator was 81.6%, and the pre-warning time Tdet 522 days. In order to consider an input data
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representation for this approach that is as simple as possible, the distribution of pre-warning time
produced by the translator was not used in the O&M model for the results below (see, however,
Supplementary Materials S2). In the absence of any inspections, the transition probabilities in Table 2
correspond to an underlying failure rate of λ = 0.2326 failures per turbine per year. The aforementioned
values for pdet, Tdet and λ were used as input to the CBM module in NOWIcob for loose integration.
For both loose integration and full integration, the 125-turbine wind farm scenario was simulated over
25 years using 1000 Monte Carlo iterations. The results of the simulations are given by the mean of all
of the iterations, with an uncertainty estimate given by the standard error of the mean.

The ratio of simulated CBM tasks to the sum of simulated CM and CBM tasks can be compared
with the pdet value calculated by the translator. For full integration, this ratio was found to be 81.4%
for the base case, which is slightly lower than the value of 81.6% calculated by the translator. The main
reason for this is that, in contrast to the translator, NOWIcob also takes account of the actual time to
repair in the simulations, as illustrated in Figure 3. For loose integration, the 81.6% value calculated
by the translator was used as input to NOWIcob, and the ratio of condition-based tasks calculated by
NOWIcob was found to be 82.3%, i.e., slightly higher than pdet. The reasons for these differences will
be explored further in Section 5.

Figure 6 shows results for average time-based wind turbine availability for the three weather
datasets that were considered in both the full and loose integration approach. The uncertainty estimate
for each data point is indicated by error bars. In both cases, wind turbine availability was reduced as
weather conditions become harsher. Availability using the full integration approach is approximately
between 0.02% and 0.03% lower than for loose integration. Although this difference is consistent and
significant (the half-widths of the error bars are in the range 0.001–0.003%), the relative difference is
only about 3% in terms of corresponding turbine downtime. Note that availability values in Figure 6
above 99% are higher than typical values for offshore wind farms because the case study only considers
failures of a single component (blades). Results for energy-based availability were found to follow
a very similar trend as time-based availability (see Supplementary Materials S2), but with somewhat
larger differences that increased somewhat more for harsher weather conditions.
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Figure 6. Results for average time-based wind turbine availability under different weather conditions.

Figure 7 shows results for O&M costs, which include costs for vessel charter, fuel and spare parts
for the full 25-year simulation period. The general trend indicates that O&M costs increase as weather
conditions become harsher and that cost estimates for full integration are consistently lower than those
for loose integration. The reason for this was found to be that fewer CM tasks are completed per
jack-up vessel charter in simulations using the loose integration approach, which causes higher costs
per CM task. The relative differences in O&M costs are in the range 0.5–0.9% for mild and medium
weather conditions, but are significantly higher (3%) for harsh conditions. Relative uncertainties in the
O&M cost estimates are in the range 0.14–0.18%.
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4.3. Results Considering Multiple Components

The simulations presented in Figures 6 and 7 above only considered failures of a single component
(blades). The reason for this was to isolate the effect of blade degradation in the comparison of full and
loose integration approaches. However, as an additional test, the case study is extended to consider
a more complete failure dataset including failure categories involving all wind turbine components.
This approach permits a comparison of the effect of blade degradation and failures with those for all
other components. In other words, the results will indicate the relative importance of detailed blade
degradation modelling. The dataset for multiple failure categories and failures for all components is
the same as that presented and used in reference [40]. Note that these data include failure rates and
not degradation model data. This has made it necessary to model additional failure categories using
a failure rate model (using the CM module in NOWIcob) for both full and loose integration. Since the
inclusion of all failure categories makes the simulation much more computationally demanding, the
results are based on 500 Monte Carlo iterations. Furthermore, only one of the weather dataset (West
Gabbard) was considered during this test.

As shown in Figure 8, the inclusion of more failure categories causes wind turbine availability to
decrease and O&M costs to increase in comparison with the results presented above. The inclusion
also introduces greater stochasticity to the simulation, so that statistical variability and, hence, also
statistical uncertainty increase for both performance parameters. There are very small differences
between the values for full and loose integration for both performance parameters, compared to their
uncertainty estimates. In the case of wind turbine availability, the difference between the two values
is 0.008% and the uncertainty between 0.007% and 0.008%. However, if variance-reduction due to
common random numbers is also considered in the estimate of the difference, the following inferences
can be made (see Supplementary Materials S2 for details): (1) the availability value in the case of loose
integration is most likely higher than for full integration; and (2) the difference is most likely smaller
than for the case in which only blade failures were considered. In terms of O&M costs, the relative
difference is 0.32% and relative uncertainties about 0.11%. For both availability and O&M costs, the
relative differences between the results of full and loose integration approaches for blade degradation
are smaller when multiple failure categories are included than when only blade failures are considered.
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5. Discussion

The results from a comparison of full and loose integration approaches show that, for the case
study, the differences between the aggregated result parameters for wind turbine availability and
O&M costs are relatively small. More precisely, differences in downtime and O&M costs represent only
very small percentages of total downtime and costs, respectively. Even though the loose integration
approach fails to capture the effect of weather delays that prevent the detection of potential failures,
results from loose integration are still similar to those from the full integration approach, even when
weather conditions are harsher (we note here that differences may become more noticeable under very
harsh weather conditions). Results from the two approaches are also similar when multiple failure
categories are included in the simulations, and although statistical uncertainty increases, the relative
differences decrease. Statistical uncertainty could be reduced further by increasing the number of
Monte Carlo iterations, but in terms of providing an estimate of economic viability for an offshore
wind farm project, we consider the precision to be adequate. Thus, we conclude that accuracy of the
loose integration approach can be regarded as adequate in the context of this O&M model application
when compared to the full integration approach.

Whether the accuracy of the loose integration approach is adequate for applications other than that
presented here will depend on the decision problem in question and the relevant output parameters.
Loose integration is likely to be adequate for decision problems related to maintenance and logistics
that are not directly related to degradation of a specific component and its associated inspection
strategy. For instance, there is little need to employ the full integration approach for an O&M model
used to select the optimal vessel fleet for transferring technicians to wind turbines in order to carry
out O&M.

On the other hand, if the decision is directly related to a problem such as determining the
inspection strategy for blades, one may have to consider a full integration approach to the degradation
model in order to achieve the required accuracy. For instance, if the intention is to co-optimize the
timing of inspections and jack-up vessel campaign periods, one strategy may be to pre-charter a jack-up
vessel for the month following the blade inspection campaign in case it transpires that a blade needs
replacement. However, an analysis of this case will require explicit modelling of the inspection strategy.
Additional results illustrating this interplay between jack-up vessel charter strategy and the inspection
strategy can be found in the Supplementary Materials (S2). Furthermore, inspections and maintenance
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tasks generally do not occur at the same times throughout the year in the simulations of the O&M
model for the two integration approaches. If application of the O&M model requires the study of
a more detailed set of output parameters, such as the development of wind farm availability over time,
one may also have to consider a full integration approach (cf. Supplementary Materials S2). This is
discussed further below.

In the case of applying the loose integration approach to degradation modelling using NOWIcob’s
CBM module as described in Section 3.1, the actual ratio of CBM tasks was found to be greater than
the pdet value calculated by the translator. This effect is explained in Figure 9, which assumes a highly
simplified case for the purposes of illustration: two turbines have one failure mode each and for
which a potential failure can be detected with a probability pdet = 50%. It is also assumed that Tdet is
equal to half of the mean time to failure (Tdet = 0.5 ×MTTF) and that the time to repair is neglected
(TTR = 0). Moreover, in Figure 9, the failures are plotted as occurring deterministically, with every
second incipient failure being detected for each of the turbines. Although all of these assumptions are
somewhat extreme, they do not influence the overall conclusion regarding the mechanisms at work.
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As is seen in Figure 9, pre-warning time causes a “shift” of the CBM tasks to earlier points during
the lifetime of the wind farm compared with a scenario in which the failure had not been detected.
Nevertheless, in the long run, the ratio of CBM tasks remains the same at 50%. However, because
simulations are carried out over a finite period (because the lifetime of the wind farm also is finite), the
actual ratio of CBM tasks simulated will not necessarily be 50%. In the example shown in Figure 9, the
number of CBM tasks exceeds CM tasks by one. This additional CBM task corresponds to a potential
failure occurring after the lifetime of the wind farm. This effect explains why the ratio of CBM tasks
resulting from the loose integration approach is slightly higher than the value of pdet provided by
the translator.

A similar effect, whereby CBM tasks are “shifted backwards in time” relative to corrective tasks,
is also observed for simulations using the full integration approach. However, here, the effect is less
prominent than for loose integration. One reason for this is that the first opportunity for a CBM task to
occur is after the first inspection. In the loose integration approach, on the other hand, a CBM task can
be “shifted” to occur at earlier points in time. This effect is partly counterbalanced in full integration
simulations by logistic delays that prevent inspections from detecting potential failures early enough;
an effect that is not modelled in the calculation of pdet in the translator. The interplay of these different
effects in the O&M model are subtle, but together they result in the actual ratio of condition-based
tasks being slightly higher than the pdet value for loose integration and slightly lower than pdet for
full integration, according to this study. This in turn leads to average wind turbine availability being
slightly higher as a result of the loose integration approach than for full integration.

One may ask whether it is realistic, in the case of a potential failure, for the model to initiate a CBM
task after the end of the lifetime of the wind farm (see Figure 9). However, in reality, when detecting
a degraded state, the wind farm operator would not know whether the potential failure occurs before
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or after the end of the lifetime of the wind farm. Such end-of-life considerations represent an interesting
aspect of overall maintenance strategy optimization, but are outside the scope of this study.

This investigation into the basic mechanisms of CBM also illustrates another effect. A CBM
strategy may contribute towards increasing the number of maintenance tasks relative to a CM strategy.
This proves to be the case not only in reality, but also following modelling using both the full and loose
integration approaches. This effect is illustrated in simplified form in Figure 10. The actual rate of
occurrence of CM tasks is given by 1/MTBF, where MTBF is an abbreviation for “mean time between
failures”. The upper part of Figure 10 shows that MTBF = MTTF + MTTR. The lower part of the figure
shows how MTBF changes for CBM tasks. The notation MTBF is used here, as well, but here relates
to the mean time between maintenance tasks rather than failures. For CBM, MTBF = MTTF − Tdet +
MTTR < MTTF + MTTR, which means that the rate of occurrence of maintenance tasks is higher than
for CM.
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In the case study, Tdet was relatively large compared to MTTF, and it was assumed for both the full
and loose integration approaches that CBM was initiated as soon as an incipient failure was detected.
However, in reality, this might not be a cost-effective maintenance strategy. Depending on the relative
costs of a condition-based and a CM task, a greater number of maintenance tasks during the lifetime of
the turbine might result in higher O&M costs. Furthermore, depending on the relative mean time to
repair for CM and CBM, wind turbine availability may also be reduced as a result of a CBM strategy.

The decision problem of finding the optimal schedule for a CBM task given (imperfect)
information about component condition and the degradation process provides an interesting direction
for future research. However, since this paper focuses on strategic decision support, no sophisticated
modelling of how an operator would solve this operational decision problem is attempted here.
Nevertheless, an option has been implemented in the CBM module of NOWIcob that allows the user
to specify how long after detection the CBM task will be initiated.

The time to repair is not given explicit consideration in the translator utilized for the loose
integration approach. In order to obtain a more realistic pdet value, and thus improve the accuracy of
the loose integration approach, one could also consider how it might be possible to represent repair
of the component in the translator. However, modelling of the time to repair and its dependence on
weather and logistics, etc., is precisely what the simulations in the full O&M model are intended to
perform. Any increase in modelling sophistication in the translator would at some point defeat the
purpose of loose integration, which is to simplify the approach compared to full integration.
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Although the case study described in this paper was carried out using a particular O&M model
(NOWIcob), the methodology for loose and full integration of degradation models is universal and
not restricted to a particular tool. In broad terms, the majority of O&M tools are based on the same
discrete-event simulation approach [1,43], and for this reason, the methodology for representing CBM
and component degradation using a loose integration approach should be equally applicable for other
O&M tools.

6. Conclusions

The full and loose integration approaches to degradation modelling each have their advantages.
Given detailed and accurate input data, full integration provides somewhat more accurate results.
This is at least the case if we consider detailed output parameters such as the time dependence of
wind turbine availability, but less so when considering aggregated output parameters such as average
wind turbine availability. Furthermore, full integration implies a more detailed representation of
the inspection and maintenance strategy and, thus, allows for better decision support if the decision
problem in question is to optimize these strategies.

On the other hand, loose integration is easier to carry out because it does not require the
implementation and integration of each specific degradation model together with corresponding
inspection strategies in the O&M model. Instead, one can use a generic module for condition-based
maintenance in the O&M model that has simpler input data representation based on the high-level
failure data format conventionally used in O&M models. This approach provides flexibility with
respect to data availability. If necessary, and when knowledge of the degradation process is available,
degradation can be represented in this module by implementing a translator that generates the
necessary input parameters. If knowledge is lacking, input parameters such as pdet and Tdet can either
be estimated based on existing failure and maintenance statistics or available data can be supplemented
by input values judged by experts.

Supplementary Materials: The following materials are available online at www.mdpi.com/1996-1944/10/7/
925/s1: Note S1: Input data used for “Integration of Degradation Processes in a Strategic Offshore Wind Farm
O&M Simulation Model”; Note S2: Supplementary results for “Integration of Degradation Processes in a Strategic
Offshore Wind Farm O&M Simulation Model”; Table S3: FINO1 weather data; Table S4: Heimdal weather data.
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