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Abstract—Installation, operations and maintenance costs rep-
resent one of the major barriers to the growth of wave and
tidal-stream energy projects and a cost that can be significantly
reduced in offshore wind. Time-domain Monte Carlo simulations
used for developing and optimising offshore operation strategies
can help minimise these costs. To achieve realistic and com-
prehensive estimates of project duration using these tools, it is
essential to represent accurately the durations and variability of
the input operation data. This paper attempts to quantify this
stochastic nature of operation durations through the analysis
of recorded data for an offshore wind farm installation project.
Here we present evidence of learning for the majority of analysed
operations and describe a stochastic learning curve model that is
well-suited for implementation within time-domain Monte Carlo
simulations. Additionally, the lognormal probability distribution
is shown to be the most applicable for representing the random
nature of operation durations for the recorded data-set. The
proposed methods can be used during the operation phase of a
project, where iterative analysis of recorded operational data is
continually performed to improve predictions of project duration.
Previously determined learning and distribution characteristics
can also be used to obtain estimates for comparable future
projects.

Keywords—Learning curves; offshore operations; time-domain
Monte Carlo simulations; installation, operations and mainte-
nance (IO&M).

I. INTRODUCTION

The combined cost of installation, operations and main-
tenance (I0O&M) activities are estimated to represent 35%,
46% and 30% of the lifetime cost of wave, tidal current and
offshore wind energy arrays respectively [1], [2]. Previous
work has proposed the use of advanced metocean planning
tools that enable the time-domain Monte Carlo simulation of
a marine project to help optimise offshore operation strategies
and minimise these costs [3].

The three main input data requirements for these time-
domain simulations are (a) an appropriate metocean time-
series, (b) representative estimates of operation durations and
(c) the metocean thresholds for each operation. Accurately in-
corporating the variability of operation durations is an essential
requirement for producing realistic and exhaustive predictions

of project duration. This paper summarises the analysis of
recorded operation duration data that have been obtained for
an offshore wind farm installation project. Specifically, the
concept of a learning curve is investigated and shown to
be an important phenomenon that should be incorporated
in planning and optimisation studies for offshore renewable
energy projects. The paper also addresses the implementation
of these learning methods within the sophisticated metocean
planning tool known as ForeCoast® Marine.

Section II introduces the basic learning curve theory, de-
scribing both the well-known deterministic model and the
alternative stochastic representation. Additional stochastic im-
plementations that have been derived are then discussed in
Section III. A preliminary analysis of the data that demon-
strates the basic LC model and confirms the presence of
learning is then provided. Section V details the methodology
used for the analysis, before Section VI summarises a selection
of the most important results. Finally, the applications of the
analysis method are discussed briefly in Section VII and the
conclusions are given in Section VIII.

II. THEORY
A. Deterministic Learning Curve Model

A learning curve (LC) is a mathematical description of
workers’ performance in repetitive tasks [4]. As repetitions
take place, workers tend to demand less time to perform tasks
due to familiarity with the operation and tools, and because
shortcuts to task execution are found [4]. Crucially, the theory
assumes that the task is identical for each repetition that takes
place.

Two of the most common LC models currently in use
are Wright’s cumulative average model and Crawford’s unit
model [5]. As outlined in [4], both models have the common
mathematical form

y=Cis™, e))

where C is the time to produce the first unit and m is the
slope of the LC on a log-scale (—1 < m < 0) referred to as
the learning slope. In Wright’s model, y is the average time



of all units produced up to the s™ unit. In Crawford’s model,
y is the processing time of the s™ unit [5].

Figure 1 shows three representative examples of theoretical
learning curves, calculated using Equation 1 for various values
of C7 and m for the first 50 units of a hypothetical operation.
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Fig. 1. Theoretical learning curves for three representative examples.

In log-linear form, Equation 1 can be written as
Iny=InC; +mlns. 2)

With some simple manipulation, the equations for the learning
rate and the progress ratio can be derived. The learning rate,
¢, is the percentage of y labour hours required to produce unit
2s. In other words, as camulative production doubles, the time
required to produce a unit is reduced by a constant amount,
known as the progress ratio, L.

¢=2", (3)
_ I
m_ln2 @)
and
L=1-¢. &)

For fitting the standard LC model to observed data, the
method of non-linear curve fitting can be used to obtain the
optimal model parameters [4].

B. Stochastic Learning Curve Model

In direct contrast to the majority of LC models, in which
learning is treated as a deterministic phenomenon, a method
was proposed in [6] that addresses the stochastic nature of
learning and treats it as a random process. It is argued
that ignoring the randomness of the process will introduce
significant errors to the model.

The stochastic model is defined by

Yys = y1s™ (6)

which is identical in form to Equation 1 but is stochastic in
nature. Both y;, the performance time of the first repetition,

and y,, the performance time of the s™ unit, are stochastic pa-
rameters, meaning that they have an expected value, variance,
coefficient of variation and probability density function (PDF).
Performance time is equivalent to the previously mentioned
unit duration, y, in Crawford’s LC model. Although the
learning slope m is a random variable, it is assumed to be
deterministic [6]. This does not eliminate the deviation of the
parameter, but merely adds it to the deviation of ys.

Using standard statistical rules, equations for the expected
value (E[y]), variance (Var[y]), standard deviation (o), coeffi-
cient of variation (CV,) and PDF (f,(y)), as a function of the
task repetition number s, are derived in [6]. These are given
as;

Elys] = E[y1]s™, @)
Varly] = Var[y,](s™)?, (8)
Oy, = 0y, 8", )
Ccv,, =CVv,, (10)

and

fys (yS) = Simfyl (yssim) .

C. Implementation for Normal Distribution

(11

For a univariate parametric normal distribution, fully defined
by its mean p and variance o, Equations 7 and 9 can be re-
written in terms of these two parameters;

fhs = pu18™ (12)

and

13)

oy =018

Figure 2 shows the variation of the PDF, f, (y,), as a
function of the repetition number, s, for a normal distribution
with 1 = 3.5, 01 = 1 and m = —0.5, for the first four
iterations of a task (s = [1,2, 3, 4)).
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Fig. 2. Example PDFs as a function of repetition number assuming a normal
distribution.

This figure shows that as the number of repetitions of the
task increase, both the mean and variance of the distribution



decrease. In other words, as more repetitions are completed,
the average time to complete the task decreases and the
probability density of that average time occurring increases
— the PDF becomes “peakier” [6].

D. Estimating Statistical Characteristics

The stochastic LC method requires the statistical character-
istics of the distribution to be estimated. Understandably, this
is difficult for the typical sample of observed data because
there is only one data point corresponding to each task
repetition number. A method is outlined in [6] for obtaining
these statistical characteristics.

The transformation equation

K\ M
yn—)fﬁzyn(f) ’ n:1327"'
n

N (14)

is used to transform the raw data to an arbitrary cycle number
K, where y,, are the raw data points.

The transformation method is illustrated in Figure 3. The
mathematical manipulations generate a distribution about the
arbitrary s cycle. The distribution of the transformed data
points are then used to calculate the required statistical char-
acteristics.
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Fig. 3. Transformation method for estimating statistical characteristics.

III. ADDITIONAL STOCHASTIC LC IMPLEMENTATIONS

The implementation of the stochastic LC model is partic-
ularly straightforward for the normal distribution because the
parameters of this distribution are the expected value and the
mean. For other distributions, the relationship between the
distribution parameters and the statistical characteristics is not
as trivial. In this case, Equations 7-11 can be used to obtain
expressions for the distribution parameters as a function of the
task repetition number.

The purpose of obtaining these expressions is to enable
fast and straightforward random sampling for the operation
duration input data in the time-domain simulation software.
Although an equation for the PDF has already been derived, it
can be difficult to randomly sample from the distribution using

this equation. To do so requires the integration of the PDF to
obtain an expression for the cumulative distribution function
(CDF), as well as a method such as inverse transform sampling
[7]. Integrating the PDF to obtain an analytical expression for
the CDF can be a complex and, in certain cases, impossible
task. Furthermore, the statistical sampling methods within
the SciPy Python package [8], that have been implemented
within the core functionality of ForeCoast® Marine, perform
optimally when the distribution parameters are known.

For these reasons, expressions that relate the statistical
characteristics to the distribution parameters were derived for
five common parametric probability distributions;

. triangular,
. beta-PERT,
. lognormal,
. gamma and
. Weibull.

There are several reasons for choosing these widely recog-
nised distributions. Firstly, when defined appropriately, none
of the above distributions can return a negative duration. This
is one of the major limitations with the normal distribution
— even if the probability of sampling a value less than 0
is negligible, the use of Monte-Carlo methods throughout
the time-domain simulations, that perform several thousand
iterations of an operation, increase the probability of returning
a negative duration, particularly for low values of expected
duration.

The triangular and beta-PERT distributions have the added
advantage that their distribution parameters refer to quantifi-
able and comprehensible characteristics. Namely, both dis-
tributions have three parameters that refer to the minimum,
maximum and most-likely (modal) values of the random
variable in question. The intuitive nature of these parame-
ters make these distributions well-suited for users without a
statistical background or who only have qualitative estimates
of operation durations. Finally, the lognormal, gamma and
Weibull distributions are particularly suited for representing
the data that is transformed as part of the stochastic LC model,
as will be discussed in Section VI.

Future publications will detail the derivation of each of
these additional expressions, as the mathematical methods are
outside the scope of this paper. The derived expressions have,
however, been fully validated and subsequently implemented
within the ForeCoast® Marine software.

DN AW =

IV. PRELIMINARY ANALYSIS

To allow convenient representation and grouping of tasks in
the simulation software, an offshore project is typically divided
into major activities, each comprised of several operations. For
example, a wind farm installation project may be broadly cate-
gorised into loadout, transit and wind turbine generator (WTG)
installation activities. As part of a preliminary investigation,
the raw data was analysed on an activity level to determine
the presence of learning.

Figure 4 shows the recorded durations for an activity
corresponding to the installation of an individual WTG. The



data have been normalised with respect to the time taken
to complete the first unit. The figure shows both the unit
duration and the cumulative average duration, along with the
respective Crawford and Wright model fits. The Gauss-Newton
Algorithm was used to perform the non-linear curve fitting

[91-[11].
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Fig. 4. Fitted learning curves for an activity in an offshore wind farm

installation project

The figure clearly shows that learning is an observable
phenomenon for the marine operations in the offshore wind
farm construction project. There is some scatter in the unit
duration data points around the best-fit curve, but the general
trend is clear. The figure also serves as a visualisation of the
shape of the LC model defined in Equation 1.

Grouping the individual operations that comprise an activity
introduces an averaging effect and this is shown in Figure 4.
The extremely good fit between the the cumulative average
duration data and the best-fit Wright LC is explained by the
fact that it is the cumulative average of data that has already
been averaged. Still, the preliminary results demonstrate clear
evidence of learning and the need for further investigation.

V. METHODOLOGY

The operation data were provided in the format of daily
progress reports (DPRs) detailing the exact times of each
operation completed on a specific day for the entire installation
campaign. The first step in the analysis was to collate this
data and extract the operational components of the data. This
required the removal of every instance of weather downtime
and technical downtime. Technical downtime refers to any
unexpected downtime that arises independently of the meto-
cean conditions. This can include time lost due to breakdown
of equipment, periods spent waiting for pilots and unplanned
mechanical and electrical (M&E) works.

The analysis presented in the following sections focuses on
the operations involved in the most important activity of the
installation project — the WTG installation activity. There are
20 individual operations in the data-set. The methodology for
the analysis of operation durations and the determination of

learning is shown in Figure 5. This methodology was applied
to each of the operations in the data-set.
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Fig. 5. Methodology for the analysis of operation durations and determination
of learning.

A. Non-linear Curve Fitting

As per the analysis on an activity level outlined in Sec-
tion IV, the Gauss-Newton Algorithm was used to perform
the non-linear regression curve fitting.

To evaluate the goodness-of-fit and determine the presence
of learning, the methods recommended in [11] are used. The fit
is assessed graphically by comparing the fitted curve to the raw
data and ensuring the results are sensible. Confidence bands
and prediction bands are calculated in addition to the best-fit
curve and these are also shown on the plot. Confidence bands
indicate where the expected LC parameters lie. Prediction
bands take into account the uncertainty of the true position
of the LC, as for the confidence bands, but also the random
error around the curve. The methods for approximating the
confidence and prediction bands outlined in [9], [10] are used
in this analysis.



In addition to the graphical methods, the presence of
learning is determined using common statistical tests and
methods. The r-based 95% confidence intervals for the LC
parameters are calculated as in [11]. Most importantly, the #-
test statistics for evaluating the null hypothesis that the model
parameters are equal to O are used to decide whether learning
is present. The corresponding p values are calculated using a
t-distribution as a reference distribution [11]. For the basic LC
model, the learning slope parameter m is of primary concern.
If the hypothesis test fails to reject the null hypothesis that
m = 0, this shows that at the assumed significance level,
a = 0.05, the test fails to show that there is learning present.

If the analysis confirms the presence of learning, Equa-
tion 14 is used to transform the data to an arbitrary cycle
number. The 1%¢ cycle has been chosen for this analysis.

B. Probability Distribution Fitting

The well-known method of maximum likelihood estimation
(MLE) is used to fit a parametric probability distribution
to sample data [12], [13]. In particular, the Nelder-Mead
method, also known as the downhill simplex method, is used
throughout the analysis [14].

A combination of graphical and statistical measures are
used to determine the most suitable probability distribution.
Graphically, four classical goodness-of-fit plots are used [13],
[15];

1. a density plot comparing the histogram of the empirical
distribution and the density function of the fitted distri-
bution,

2. a cumulative distribution function (CDF) of both the
empirical distribution and the fitted distribution,

3. a Q-Q plot of empirical quantiles against the theoretical
quantiles and

4. a P-P plot of the empirical distribution function at each
data point against the fitted distribution function.

The density plot and the CDF plot are considered the classical
goodness-of-fit plots. The Q-Q and P-P plots are complemen-
tary and can be very important in some cases; the Q-Q plot
emphasises a lack-of-fit at the distribution tails, while the P-P
plot emphasises a lack-of-fit at the centre of the distribution
[13].

Additionally, the following well-known goodness-of-fit
statistics are used:

1. the Kolmogorov-Smirnov statistic [13], [16],
2. the Cramer-von Mises statistic [13], [16],

3. the Anderson-Darling statistic [13], [16],

4. Akaike’s information criterion (AIC) [17] and
5. the Bayesian information criterion (BIC) [18].

The first three statistics measure the distance between the fitted
parametric distribution and the empirical distribution. The AIC
and the BIC are classical penalised criteria based on the log-
likelihood that account for the complexity of the model. In this
analysis, the distribution that results in the minimum value for
the majority of these five goodness-of-fit measures is selected
as the most appropriate.

Five theoretical distributions are tested; Weibull, gamma,
lognormal, exponential and uniform. These distributions have
been selected as they represent viable parametric distributions
for the operation duration data that is being analysed. They are
also included in the statistical package that has been used to
perform the MLE method [13]. Also included in this statistical
package are the normal and logistic distributions, but these are
not considered as the support of these distributions extend to
—0OQ.

VI. RESULTS

This section presents the results for two specific opera-
tions. The first example, corresponding to the transit between
WTG locations, resulted in the most significant evidence for
no learning. The second example describes the installation
durations for the first blade of each WTG and represents the
operation with the most significant evidence for learning. After
these two examples, a summary of the full data-set of 20
operations is given.

A. Example 1 — Between Locations

The LC for the transit between locations operation is shown
in Figure 6. The data have been normalised with respect to
the mean of the raw data sample. The figure shows that even
the best fit curve is quite flat, reflecting the lack of learning
evident in the raw data. Furthermore, for early unit numbers,
the lower curve of the 95% confidence band is sloping upwards
and the 95% prediction band is predicting negative operation
durations.
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Fig. 6. Fitted learning curve for Example 1 — transit between locations.

The graphical evidence for a lack of learning is reflected
in the statistical results shown in Table I. The upper value of
the 95% confidence interval (CI) for the learning slope m is
positive (+0.181). As discussed in Section II, this parameter
is restricted to —1 < m < 0 in the LC model. As such the
upper 97.5% confidence interval for this parameter indicates
that the operation durations increase with unit number. Most
importantly, the p value for the hypothesis test is 0.486,



TABLE I

SELECTED FITTING RESULTS FOR LEARNING SLOPE

Operation

t-statistic

p value

2.5% (lower CI)
97.5% (upper CI)

Between Locations  Installing Blade 1
-0.703 -12.892

0.486 3.68E-20

-0.374 -0.411

+0.181 -0.301

meaning that the null hypothesis of the learning slope being
equal to zero cannot be rejected.

The fact that this transiting operation shows no evidence
for learning can be seen as a validation of the analysis. For
relatively short transits between WTG locations, it is plausible
that not much learning is possible. This task is constricted
by the physical limits of the vessel and by the required
transiting distance. In fact, there is a legitimate argument that
this particular operation should not have been included in the
learning analysis because there are minor variations in the
transit distances between each turbine. This would mean that
the tasks being analysed are not identical, invalidating one of
the major assumptions of the LC theory. Future work could
investigate if normalising the transit duration with respect to
the distance travelled affects the LC analysis.

As the analysis has shown that there is no learning for
this operation, a probability distribution is fitted to the raw
data. Table II shows the goodness-of-fit results. The lognormal
distribution is selected as the most appropriate distribution as
it results in the lowest values for each of the five statistical
measures.

Figure 7 shows the comparison of the best fit lognormal
distribution and the raw operation duration data. Again, the
data have been normalised with respect to the mean of the raw
data sample. Each of the four plots suggest that the lognormal
distribution is an appropriate fit for this operation. Although
the P-P plot indicates a slight deviation around the centre of
the distribution, the fit is considered adequate.

B. Example 2 — Installing Blade 1

The LC for the installation of the first blade is shown in
Figure 8, again with the data normalised with respect to the
mean of the raw data sample. Despite the scatter around the
best fit LC, there is clear evidence of learning for this particular
operation. Both the confidence and prediction bands are much
closer than in Example 1. The first unit is over four times the
sample mean and there is a rapid decrease in duration to this
mean value — from approximately 10 units on, the normalised
operation duration varies between 0.5 and 1.5.

As shown in Table I, the statistical fitting results for the
learning slope corroborate the graphical assessment. The con-
fidence interval is much more narrow, showing a 95% chance
that m is between -0.411 and -0.301. The p value is essentially
0, meaning that the null hypothesis that the learning slope is
equal to zero can be rejected.
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Fig. 8. Fitted learning curve for Example 2 — blade installation.

As there is significant evidence for learning, the raw data
are transformed to the 1°¢ cycle using the fitted value for
m and Equation 14. A probability distribution is then fitted
to this transformed data-set. The goodness-of-fit results for
this operation are summarised in Table II. They show that the
gamma distribution is the most suitable model for all five of
the statistical measures.

The comparison of the fitted gamma distribution and the
transformed data-set is shown in Figure 9. Again the data have
been normalised to the mean of the raw sample. The figure
shows that the chosen gamma distribution is an excellent fit
for the transformed values of operation duration. There is only
one outlier in the Q-Q plot which is especially encouraging
considering the Q-Q plot accentuates deviations about the tails
of the distribution [13].



TABLE II
GOODNESS-OF-FIT RESULTS FOR DISTRIBUTION FITTING

Weibull Lognormal Gamma Exponential Uniform
Between locations
Kolmogorov-Smirnov statistic 0.214 0.19 0.215 0.335 0.641
Cramer-von Mises statistic 0.52 0.289 0.444 1.006 6.879
Anderson-Darling statistic 2918 1.507 2.322 5.163 -
Akaike’s Information Criterion 95.42 75.449 86.536 104.959 -
Bayesian Information Criterion 98.695 78.724 89.812 106.597 -
Installing blade 1
Kolmogorov-Smirnov statistic 0.08 0.076 0.064 0.423 0.328
Cramer-von Mises statistic 0.111 0.055 0.034 3.834 2.492
Anderson-Darling statistic 0.781 0.437 0.28 18.399 -
Akaike’s Information Criterion 326.888 322.635 320.368 450.309 -
Bayesian Information Criterion 331.441 327.189 324.922 452.586 -
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Using the fitted gamma distribution parameters and Equa-
tion 11, the resulting PDFs can be plotted as a function of

the unit number. This is shown in two dimensions (2D) in
Figure 10 and in three dimensions (3D) in Figure 11.

Figure 10 shows similar trends to that of the theoretical
plot of Figure 2. As more units are completed, both the
expected value and the variance decrease — the PDF becomes
“peakier”. Expectedly, the change in shape of the PDF is much
more significant between units 1 and 35 than between units
35 and 70. For example; expressed as a percent of the mean
raw data value, the mode for units 1, 35 and 70 are 0.84, 0.4
and 0.35 respectively.

1.0 1.5 2.0

Normalised operation duration

Fig. 10. PDFs plotted as a function of unit number for the fitted gamma
distribution for Example 2 — 2D.

C. Summary of Results for Full Data-set

This section summarises the results for the full data-set
of operations that includes tasks such as the installation of



Probability density

Fig. 11. PDFs plotted as a function of unit number for the fitted gamma distribution for Example 2 — 3D.

the tower and nacelle of the WTG, as well as the jack-up
and jack-down operations at each WTG location. The analysis
results are shown in Table III, which categorises the number
of operations based on the presence of learning and on the
selected probability distribution. The table shows that of the
20 operations analysed, 16 showed significant evidence for
learning. This means the presence of learning was confirmed
in 80% of the analysed operations, indicating that learning is
an important factor that arises in the installation of offshore
wind farms.

The results also show that the lognormal distribution is the
most commonly selected probability distribution, regardless
of the presence of learning. This indicates that the lognormal
distribution is the most appropriate distribution for modelling
both the raw data and the data transformed using Equation 14.
The proportions of operations represented by the lognormal
distribution are 56.25%, 75% and 60% for the learning, no
learning and total categories respectively.

The Weibull and gamma distributions are the next most
commonly selected distribution with 30% and 10% of the total

TABLE IIT
NUMBER OF OPERATIONS CATEGORISED BY PRESENCE OF LEARNING
AND FITTED PROBABILITY DISTRIBUTION

Learning No Learning  Total
Lognormal 9 3 12
Weibull 5 1 6
Gamma 2 0 2
Total 16 4 20

operations respectively. The exponential and uniform distri-
butions were never selected as the most suitable probability
distribution.

VII. IMPLEMENTATION AND FUTURE WORK

A. Cost of Energy

The inclusion or exclusion of the learning phenomenon
from time-domain simulation analysis of offshore operations



will have a significant impact on project duration and the
corresponding cost estimate. Future work will assess the
impact of omitting learning on the projected duration and
associated costs of marine operations.

B. Software Integration

The stochastic LC model has been integrated within the
technical methods of ForeCoast® Marine. With this sophis-
ticated learning module, the software is capable of accu-
rately and realistically representing the variation in operation
duration that is so critical to the time-domain simulations.
Furthermore, the stochastic LC method can be implemented
regardless of the prior knowledge of the user.

In the case where no prior data exist or the user only
has an intuitive knowledge of the durations and expected
learning rates, the triangular or beta-PERT distribution can be
selected and the minimum, most likely and maximum value
of the operation duration specified. If learning is expected,
the progress ratio L, as defined in Equation 5, can be spec-
ified. This intuitive parameter corresponds to the percentage
reduction in duration that can be expected when the number of
units completed doubles. Conversely, if a user with significant
experience of a certain type of operation has prior knowledge
or confident estimates of its statistical characteristics, then
the appropriate distribution and learning slope can be chosen
explicitly.

C. Iterative Updating of Input Data

The second major application of the presented analysis
method is the possibility of iteratively updating the simula-
tion input data for ongoing projects. If progress updates are
available during the operational phase of a project, similar to
the DPRs mentioned previously, it is possible to continuously
update the task duration input data based on the analysis of
the incoming performance data.

The analysis then becomes a cyclical simulation process.
As the project progresses, more operational data will be
obtained and analysed, leading to more accurate estimates of
the operation duration probability distributions and learning
parameters. This will in turn lead to more accurate and reliable
simulations and predictions of future progress.

The frequency of these iterative updates is entirely at
the user’s discretion. In one particular project, significant
deviations between the simulations and actual performance
were identified approximately halfway through the project.
At this point, a thorough analysis of the operational data
discovered that the original estimates of project duration
slightly overestimated the time it was actually taking to
complete specific tasks. Updating the input data for these tasks
significantly improved progress predictions for the remainder
of the campaign.

D. Building an Operations Database

It is possible to estimate the learning curve for prospective
marine operations with some certainty in the cases where
comparable operations exist [19]. Similarly, prior knowledge

of the expected value and variance of the duration of historic
operations can be used to estimate the durations of similar
tasks in the future. Of particular interest will be the com-
parison of operations across the offshore wind, tidal stream
and wave energy sectors. At present it is impossible, due to
the lack of data from comparable projects, but future work
should focus on assessing the accuracy of using duration and
learning statistics from one project for similar operations in a
completely distinct project.

Regardless, it is worthwhile to develop a database of
operational characteristics using available performance data,
taken from either the literature or observed data. Correctly
categorising this data will be of extreme importance. For
example, an offshore WTG can be installed in myriad ways,
so it is important to classify based on criteria such as the size
and type of the turbines; the size and type of the installation
vessel and the site conditions that can include water depth,
wave climate and tidal regime. Through careful categorisation
and continual expansion of this database of observed marine
operation data, their representation in time-domain Monte
Carlo simulations will dramatically improve.

VIII. CONCLUSIONS

A stochastic learning curve method is described that is well-
suited for representing the operation duration inputs to time-
domain Monte Carlo simulations. The method allows a prob-
ability density function to be specified for each consecutive
repetition of an operation, while accounting for the presence
of learning at each iteration.

Using the stochastic model, expressions for the PDF as
a function of the repetition number and the probability dis-
tribution parameters have been developed for five additional
probability distributions; triangular, beta-PERT, lognormal,
gamma and Weibull. These expressions have been success-
fully validated and implemented as part of a sophisticated
learning module within the metocean planning tool known
as ForeCoast® Marine. Future work will concentrate on
publishing the derivations of these expressions.

Recorded operation duration data for the installation of
an offshore wind farm have been analysed and it has been
shown that a learning curve is present in 80% of the analysed
operations. Furthermore, the lognormal, Weibull and gamma
distributions have been identified as the distributions that most
suitably model the operation duration data. The lognormal
distribution is the most commonly selected distribution, irre-
spective of whether learning is present, and resulted in the best
fit distribution for 60% of the total operations.

Two further applications of the proposed method are dis-
cussed. Firstly, leaning curves and probability distributions can
be analysed during the operation phase of a project. Estimates
for the expected value, variance and learning slope of the
operation data can be iteratively updated as the campaign
progresses, continually improving project progress predictions.

Secondly, it is possible to use previously determined learn-
ing curves and distribution characteristics to obtain estimates
for comparable operations in the future. Continuing to build



a database of operations characteristics is recommended and
expected to improve the accuracy of time-domain simulations.
Future work will assess the viability of using the statistical
characteristics of a historic operation for a similar operation
in a separate project.
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