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1 Introduction

Operation and maintenance can strongly affect the cost of energy from offshore wind-farms
through its effect on lost energy production. Difficulty of maintenance access, particularly due
to adverse sea-state, has a major impact on turbine availability, and there is a need for
improved understanding of this effect. A probabilistic event-tree model has been developed
as an alternative to conventional Monte Carlo methods that require repeated extensive
simulations. Expected values of delays due to sea-state can be expressed as closed form
expressions depending on the probability distributions of sea-state ‘storm’ and ‘calm’ duration.

Using records of significant wave height, sea-state duration distributions for a given threshold
wave height can be computed directly from level-crossings and ‘storm’ and ‘calm’ durations.
Weibull distributions are generally a good fit for these distributions and relevant parameters
can be calculated using maximum likelihood methods. The contribution from each branch of
the event-tree to the expected delay time is a function of a small set of parameters calculated
from the duration probability distributions. If these distributions are used in Weibull form, they
can be calculated directly from the calm and storm duration Weibull parameters for the
particular wave-height.

Using subsystem reliability and repair time data, a simple spreadsheet can then be used to
estimate annual expected delays due to each subsystem as well as the sensitivities of delays
to site, turbine and access parameters. In this work, subsystem reliabilities and repair times
are based on operational data from Danish and German turbines based on land.
Assumptions are also made about access methods for repairing different subsystems and
consequently permissible sea conditions.

Calculations for wind turbines located at North Sea sites for which wave data are available
indicate that annual down-times are dominated by repairs to the blades, generator and
gearbox. These are not necessarily the subsystems with the highest failure rates but those
requiring long repair windows and whose repairs currently require large crane vessels, the
use of which is severely restricted by sea-state. The greatest influence on down-time and
availability is found to come from changes in the access conditions for repairs, by reducing
reliance on ‘sensitive’ vessels, by reducing repair time at the turbine and by reducing vessels’
sensitivity to sea-state.

The advantage of the approach developed is that it is possible to explore the impact of
changing access thresholds, reliabilities or site parameters quickly and easily without having
to run a long series of simulations for each new situation.

2 Methodology for estimating access delays

The aim of this study is to arrive at estimates of non-availability of wind turbines recently
and/or currently being installed offshore in Europe, overall and broken down by sub-system.
The approach used is that of a probability ‘event tree’ in order to be able to look quickly at a
wide range of input data and scenarios. Simplifying assumptions are made to keep the event
tree manageable.

This paper is concerned solely with unplanned repairs, and the problem of whether access is
possible immediately or only after a delay. No attempt has been made to model planned
maintenance. In particular, the access conditions have been simplified somewhat. For any
given fault, it has been assumed that the necessary repair requires the use of a certain vessel
type that has known access limits that can be expressed in their simplest terms as a threshold



wave height Hi.. It has further been assumed that the repair takes a certain time, ¢, and
(perhaps simplistically) that the wave height restriction applies throughout that time.

There are clearly other possible sources of delay, particularly the availability of suitable
vessels, spares and personnel but these are outside the scope of the study at present.

2.1 Requirements for model

There are several possible approaches to modelling offshore access and its effect on
operation and maintenance and thereby on turbine availability. Any such approach will
always require certain key elements:

- wind and wave data
— failure rate data for each relevant component or sub-system and each type of failure.

— actions required in response to each type of failure, particularly materials, personnel,
tools and plant and time needed and by implication the vessels to be used.

- the limiting operational conditions, expressed as threshold wind speeds and wave
heights for safe operation (characteristic of the vessel required and the transfer
systems).

— travel and operating times required
— a statistical model

How these elements fit together in almost any model of offshore access is shown
schematically in Figure 1.
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Figure 1: Schematic diagram of offshore access delay calculation

The most widespread method of estimating offshore delays and system down-time is to
employ Monte Carlo methods. The advantage of the Monte Carlo method is that quite
complex strategies and scenarios can be modelled. The disadvantages are that many long
runs are required to achieve any statistically significant results and that uncertainties are not
very ‘transparent’.

A more direct approach to modelling delays is to construct an ‘event tree’. This describes
every conceivable event and its alternatives, prerequisite conditions and consequences, with
probabilities assigned to each ‘branch’. The advantage is transparency and speed and
simplicity of computation and this makes it straightforward to explore trends by varying input
parameters. However, the event tree can rapidly become hard to manage as complexity
increases.

2.2 Probabilistic delay model

The probabilistic model of operational delay developed here is based on a number of
simplifying assumptions that, for the sake of clarity, allow the presentation of a very simple
event tree and the derivation of relatively simple expressions for expected delay. However,



this is by no means exhaustive and the same principles can be applied with care to more
complex event trees.

For any given offshore operation, the starting point is to define the wave statistics of the given
site, the operational limits, which may be expressed as a limiting or threshold wave height for
the given vessel, as well as the operation time required (consisting of travel time plus repair
time). The expected or mean delay time can then be calculated and thereby down-time.

A number of assumptions have been made:
— Faults occur randomly and independently.

- Offshore, after a lead time for preparation, mustering etc., the aim is to travel to the
turbine, transfer, carry out the repair in one go, transfer back and return to land, and
to avoid multiple trips for any one repair.

— Only a single operational limit applies to each operation considered, in this case,
significant wave height. Although a more comprehensive model would also consider
wind speed as a limiting condition, this has been left out for simplicity.

— Short term forecasts of sea state are assumed to be available up to at least the
period of time corresponding to the length of the required operation. An operation
should only be initiated when the sea-state is forecast to be favourable for a sufficient
time. It would be unsafe to leave a crew stranded on the turbine in a high sea-state.
It would also be unacceptable to leave a repair incomplete unless unavoidable
through mistaken forecasts of unexpected difficulties and delays with the repair.

In reality this is possibly too restrictive, though probably more realistic and acceptable than
repairs being left unfinished between periods of hostile seas. It may, however, be possible to
plan the splitting of some of the longer repairs into multiple sessions.

Modelled outcomes:

The event tree can be represented as in Figure 2 below. This accounts both for the threshold
wave height and the required time window and is deceptively simple.
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Figure 2: Simplified event tree for offshore repairs
Even with this tree, it is possible to identify 4 distinct situations when a fault occurs (see
Figure 3):
0: the sea state is low enough and there is sufficient time left to carry out the operation
(no delay)

1: the sea state is too high to gain access. The next period of low sea must be waited
for. (1*' order delay)

' Wind speed and wave height are generally quite well correlated at any given site, albeit differently at each site, as
seen in analysis of joint wind/wave distribution tables such as those found in [ 1]. For example, grid point 15631
from the NEXT database, near North Somercotes, Lincs, the Pearson correlation coefficient for annual figures is
0.88.



2a: the sea state is low enough but is predicted to be too short to effect repair. Th|s
period and the subsequent period of high sea-state must be waited through. (2"
order delay, type a)

2b: the sea state is low enough and the predicted period is long enough but there is
insufficient time left in the current period to complete the operation, ie the fault
occurred too late in the weather window. As above, thls period and the subsequent
period of high sea-state must be waited through. (2" order delay, type b)

In the event of high waves, eventually there will be a period of suitably low wave height but it
too may or may not be long enough to effect the repair. If not, this would lead to a further
cycle of delays. Similarly, after a 2™ order delay, there will be a period of high waves followed
by a period of low waves and as above this may or may not be long enough.
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Figure 3: Example wave-height time-series with illustration of types of delay

The probabilities of occurrence of periods of different duration as expressed in the probability
distribution are based on numbers of occurrences expected in, say, a year. In contrast a fault
is more likely to occur in a long period than a short one so whether an initial fault occurs in
period of type 0, 1, 2a, or 2b, must be time biased. Thus, the expectation of delay resulting
from the fault is determined by the ‘time-biased’ ‘storm’ (exceedence) and ‘calm’ (non-
exceedence) duration probability distributions. On the other hand, the probability of a
subsequent perlod being long or short is not biased in this way and, assuming
independence?, follows the original unbiased occurrence probability distribution.

The derivation of the relevant expressions for the probabilities of each of the above and the
respective expected values of delays is omitted here but will, it is hoped, be published at a
later date. The resulting expression for expected delay is calculated directly from the
probability distributions of the wave height itself, and of calm and storm durations for the
threshold wave height being considered. It consists of probabilities, mean durations and 1%
and 2™ moments of the distributions — all standard calculations from a probability distribution.

The expected value of the delay, taking into account all contributions, and with arguments
omitted for clarity, is given by

2
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9 2
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% This assumption of statistical independence is essential for realisable calculation.



where P(H.) is the probability that wave height exceeds Hyx
qx(Hu, t) and qn(Hu, t) are the storm and calm duration probability density
functions for a threshold wave height of Hu
Tx (Hin) is the mean storm duration
Qn( Hun , treq ) is the probability that a < Hi» calm has a duration longer than ¢..q, and
is found by integrating qn(Hin, t) up t0 treq
Man( Hun , treq ) is the normalised partial 1% moment of qn(Hur, t) Up 10 treq
Mqx( Hi ) is Y2 the normalised complete 2™ moment of qx(H, t)
and Mggqn( Hun , treq ) is V2 the normalised partial 2nd moment of qn(Hin, t) Up tO treq.

The outcome of the probability tree calculation is a set of curves giving delay time as a
function of limiting sea-state (threshold wave height) and operational time required. An
example family of curves in Figure 4 is based on the same Dowsing site data used later in
time series calculations. They show delay time against operation time for a range of
threshold wave heights. It can be seen that the delay time is very sensitive to both operation
time and threshold. It should also be noted that they are highly sensitive to the specific site’s
sea conditions.

expected delay time (days)
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Figure 4: Expected delay time vs repair time, for different wave height thesholds

2.3 Wave data and statistics

The expressions for probabilities and expected delays can be calculated in different ways
depending on the type of wave data available.

2.3.1 Time series data

Records of measured wave time-series data are the ideal source. It might be argued that in
that case, one should simply time-step through the data series and simulate fault occurrence
using Monte-Carlo methods. However, as has been mentioned before, this requires multiple
runs, each of which should use a different run of data, in order for results to be credible. It is
rare for such long runs of data to be available. Obviously, using any method, the results can
be expressed with a greater degree of confidence when based on a long data series.
However, it is still possible to derive useful statistics using shorter runs as long as it is done
with caution. It is even possible to derive statistics from an aggregation of several shorter
data runs.

An alternative to measured data is to employ so-called hindcast data. The NESS, NEXT and
NEXTRA studies ([1], [2]) used wave generation, propagation and attenuation models with
Bathymetric data and forcing from recorded Meteorological data in order to hindcast a
potentially complete ‘record’ of winds, waves, currents and water levels for the North
European continental shelf. Unfortunately, full time-series data from these studies appear to
be proprietary, only available to paid-up members of the NESS Users Group (NUG), though
synoptic statistics for a number of sites around the UK are publicly available in [1].
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Figure 5: Numerical distribution of significant wave height and Weibull fit
Given time-series data, it is relatively straightforward to generate a numerical probability
distribution of wave height directly, both in the form of probability density, p(H:x),and
cumulative/exceedence probability P(Hw). The former tends to be somewhat noisy, as can
be seen above in Figure 5 but this does not matter as it is never used in its ‘raw’ form; it is

only ever used in integrations in order to calculate other statistics. Data used here is from the
Dowsing site from Nov 2005 to Jan 2008, and was downloaded from CEFAS’s Wavenet web-

page [3].
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Figure 6: Numerical calm duration distribution with Weibull fit and K&H estimate

The remaining statistics require the use of a level-crossing detection algorithm. For any given
threshold wave height, the time series is divided up into periods above and below the
threshold, or storms and calms, as shown in the pink line in Figure 3. The durations of the
periods are calculated and assembled into 2 numerical distributions, for storms and for calms,

qx(Hu, t) and qn(Hum, t) respectively. An example can be seen in Figure 6. Although the
density distribution is noisy (not shown), it can clearly be seen that its integral form, the
exceedence probability, has a reasonably smooth curve. The relevant results for calculation
of expected delays may all be calculated by numerical integration.



2.3.2 Fitting Weibull parameters to time series data

An alternative approach is to fit probability distribution functions to the numerical wave height
distribution and to the calm and storm duration distributions for the relevant threshold wave
height. There is no unique approach to this but it has generally been found that Weibull
distributions are a reasonably good fit to (non-extreme) wave data [6,7,8,9 and others]. For
the significant wave height distribution, it is generally best to employ a 3-parameter fit, having
a location parameter, a scale parameter, and a shape parameter.

In general, the preferred method of fitting parameters is the maximume-likelihood method,
though it is difficult to find a stable result when estimating all 3 parameters and at least one
author describes it as mathematically impossible [4]. Least squares and least distance
methods suffer from similar difficulties. According to Cran [5], it is possible to use moment
methods, which yield a stable, though unfortunately inaccurate, result. Once a location
parameter has been estimated, maximum likelihood estimation of the scale and shape
parameters is straightforward.

The storm and calm duration distributions present less of a problem as only 2 parameter fits
are necessary and the maximum-likelihood method is ideal.

Once these distributions have been fitted to the data, calculation of the 6 relevant quantities
follows directly from standard probabilities and moments of the Weibull distribution, involving
the exponential and gamma functions.

2.3.3 Without time series data

In some cases storm and calm duration statistics are available in the form of tables or curves,
in which case it may be possible to calculate estimated delays from them either by numerical
integration of the curves/data or by fitting Weibull parameters to them.

However, although the situation has improved to some extent, in general time-series data and
even tabulated duration statistics are scant in the public domain. This makes it difficult to
estimate the distribution of calm and storm durations. This was a problem that was
recognised by a number of authors who attempted solutions, particularly in the context of
early exploration of the North Sea for oil. [6, 7, & 8]

In particular, Kuwashima and Hogben [9] carried out regression analysis on calm and storm
duration distribution parameters for sites predominantly in the North Sea. Given the 3 Weibull
parameters of the wave height exceedence distribution, for any threshold wave height, it is
possible to estimate, according to their schema, the corresponding mean storm and calm
durations Tx (H:») and Tn (H:x) and respective shape factors ax (Hwm) and an (Hin).

From these, the moments can be calculated, and thereby the expected delay as set out
above in eqn.
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though the estimates may not be very accurate and the errors are exacerbated somewhat by
the exponential and gamma functions in the delay calculation.

3 Example application of model: assessing influences on
turbine availability

3.1 Reliability and maintenance data sources

In order to estimate the impact of maintenance access on revenue, it is necessary to estimate
total down-time. Ideally, data are needed for each fault type on failure rate, operation type
and time required, ‘muster time’, vessel required and its operational limits and speed.

Data used in this study have been selected to be as credible as possible. However, there are
virtually no detailed data in the public domain regarding offshore wind farms. All the reliability
and down-time data available come from land-based wind-farms.



Four sources of reliability data were identified and four research teams have analysed these
data:

— LWK S-H (report not available) used data from Schleswig Holstein,
— Durstewitz et al [10] at ISET, Kassel used the WMEP data from all of Germany,

— Ribrant and Bertling [11] at KTH, Stockholm using overlapping Swedish data from Elforsk
and Vattenfall, (compared to German and Finnish data)

— van Bussel & Zaaijer [12] at Delft used Danish and German data published in Windstats
as well as EPRI data from California

— Tavner et al [13] at Durham also used Windstats Danish and German data, as well as
reanalysing some of the LWK S-H data.

Not all the sources gave corresponding values for down-time. The WMEP data and the
Elforsk/Vattenfall data did include down-time figures, as did the LWK S-H data, but for a much
more limited turbine population. The Windstats data gave no indication of downtime.

Furthermore, where down-times were presented, no indication was given of the split between
actual repair-times and waiting times. Absolute values for downtime and availability should
therefore be treated with caution. It is expected that more confidence can be placed in
relative values, trends and sensitivities.

For this reason, the model has been applied first to a baseline case (for which failure rates
and land-based down-times are shown in Figure 7) and then to a series of departures from it,
a parameter set at a time, in order to explore how each set of parameters influences delay
time and availability. The baseline case uses Windstats failure rate data from Germany as
presented by Tavner [13], down-time figures from Durstewitz [10] and sea conditions and
distance to shore as presented in Fugro [1] from a site 16km 062° (ENE) from North
Somercotes in Lincs.

0.50 200
Bl failure rate
0.45 r 180
0.40 Bon-land downtime per |+ 160
failure

r 140

5030 F 120
] s
£ o025 100 @
- K=
8 020 L 80
0.15 - 60
0.10 E F 40
0.05 - :: 20
0.00 m -0
2 3 @ ) S+ $ > @ & .
& v*"* ~o"§. & & &° é‘d@ o\\\‘o Ny 2 \"*9
O & . i & < B (&) @ & &
DIV & J & &
& RS S & o S B3 &S
B * \
& & & &
«

Figure 7: Baseline case failure rates & down-time per failure

All calculations were performed in a standard spreadsheet. (A small macro is required to
calculate the incomplete gamma function, though there are routines and numerical recipes in
the public domain). For any one fault class calculation, an appropriate threshold is set, the
total offshore operation time is estimated from a travel time and a repair time and the
corresponding expected delay time is calculated. The expected annual delay caused by that
fault class is the product of failure rate per year with the delay time per fault. The sum of all
the subsystems’ annual contributions of down-time gives the total expected annual down-time
and thereby the (un)availability.

4 Sample results & sensitivities

The base line case gives an expected annual loss of approx. 2000 hours or 83 days,
equivalent to an availability of about 77%. As can be seen in Figure 8, the annual delay is
clearly dominated by the large subsystems, generator, gearbox and rotor blades, to a greater



extent than might be guessed just from failure rates and repair times. Of course, these
figures must be treated with caution but they illustrate the extent to which delays to repairs on
large subsystems are exacerbated by the long operational time needed and the requirement
for vessels that are over-sensitive to sea conditions.
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Figure 8: Expected annual contributions to downtime by subsystem

The effect of changing repair times was modelled by scaling the baseline case figures by
factors between 40% and 160%. Similarly, failure rates were scaled by factors from 50% to
150%. The threshold wave heights for the 2 vessels examined were also varied relative to
the baseline figure. Finally, site influence was modelled with actual site Weibull parameters.
The percentage variation relative to baseline on the x-axis was based on the probability that
the large vessel threshold wave height is exceeded.

It can be seen in Figure 9 that the threshold for the vessel required for small repairs has
relatively little influence on annual down-time. The vessel for large repairs has the most
influence. Repair time has somewhat more influence than failure rate.
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Figure 9: Sensitivity of turbine total annual expected down-time to different factors

5 Conclusions and further work

A method has been presented for calculating the expected delays to offshore operations
directly from probabilities assigned to the branches of an event tree. The relevant equations
are easily set up in a few cells of a spreadsheet and update instantly.



The current lack of data in the public domain regarding offshore wind farms prevents
validation of the methodology and makes it hard to place confidence in absolute results of
calculation though this would be equally true of other methods.

The advantage of the approach developed is that it does allow rapid investigation of the
influence of various factors on downtime without having to run a long series of simulations for
each new situation.

Calculations indicate that annual down-times may be dominated by repairs to the blades,
generator and gearbox. These are not necessarily the subsystems with the highest failure
rates but those requiring long repair windows and whose repairs currently require large crane
vessels, the use of which is severely restricted by sea-state. The greatest influence on down-
time and availability is found to come from changes in the access conditions for repairs, by
reducing reliance on ‘sensitive’ vessels, by reducing repair time at the turbine and by reducing
vessels’ sensitivity to sea-state. Repair times have more impact than failure rates. Access
for the vessels used for small repairs seems to have little impact overall.

Future work would include the possibility of calculating confidence limits on results, standard
deviations of expected delays, inclusion of other types of delays and more complex scenarios
and extending the model to calculate costs and revenue losses.
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