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Abstract

The growth of offshore wind farms depends significantly on how well offshore wind
turbines (OWTs) are operated and maintained in the long term. The operation and mainte-
nance (O&M) activities for offshore wind are relatively more challenging due to uncertain
environmental conditions than onshore and due to this, vessel routing for offshore on-
site repair is remain complex and unreliable. Here, an improved data-driven decision tool
is proposed to robust the vessel routing for O&M tasks under numerous environmental
conditions. A novel data-driven technique based on operational datasets is presented to
incorporate weather uncertainties, such as wind speed, wave period and wave height (sig-
nificantly influence offshore crew repair works), into the O&M decision-making process.
Results show: (1) The inclusion of weather conditions improves the O&M model uncer-
tainty and accuracy, (2) the implementation of a model allowing weather conditions to
evolve has been added to vary the probabilities of successful transfers throughout the day,
and (3) the reduction of risk of transfer failure by 15%. These conclusions are further sup-
ported by the performance error metrics and uncertainty calculations. Last but not least,
by generating a variety of policies for consideration, this tool gave wind turbine operators
a systematic and transparent way to evaluate trade-offs and enable choices pertaining to
offshore O&M. The full paper highlights the strengths and weaknesses of the proposed
technique for offshore vessel routing as well as how the environmental conditions affect
them.

1 INTRODUCTION

Recently, the UK Government established an ambitious target
in 2020 to reduce emissions in the UK by at least 68% by 2030
compared to 1990 levels [1]. Furthermore, UK’s long-term goal
(by 2050) is to reduce all emissions by at least 80% from 1990
levels, which means domestic emissions must be reduced by
at least 3% per year [2]. With over 24% of the world’s renew-
able energy coming from wind power, it is the second most
widely used renewable energy source [3], and demand for wind
energy is increasing rapidly and offshore wind output is pre-
dicted to triple by 2024 [4]. Therefore, wind energy is considered
to be a formidable instrument for achieving net zero by decar-
bonisation to achieve the net-zero target and meet the nation’s
future energy demands. For instance, the installed offshore wind
capacity in the EU, which was 14.6 GW in 2021, is projected to
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increase by at least 25 times by 2030 [5] by leveraging the vast
potential of the five EU sea basins. Therefore, by using offshore
wind energy, the European green deal easily is implemented at a
reduced cost.

Offshore wind turbines present a number of technologi-
cal and environmental constraints that limit site accessibility
for performing operation and maintenance (O&M) activi-
ties in comparison to onshore and hence attract high O&M
costs [6]. Post-warranty O&M for a 4-MW offshore wind
turbine costs around £648,000 per year [7], according to avail-
able data. The life cycle of an offshore wind farm is highly
complex and varied due to maintenance. The variable envi-
ronmental conditions along with difficult vessel access and
maintenance of chosen methodologies have an impact on the
overall profitability and performance of offshore wind farms
[8]. Aside from that, offshore operations are more complex and

1488 wileyonlinelibrary.com/iet-rpg IET Renew. Power Gener. 2023;17:1488–1499.

https://orcid.org/0000-0001-6850-7922
mailto:ravi.pandit@cranfield.ac.uk
http://creativecommons.org/licenses/by/4.0/
http://wileyonlinelibrary.com/iet-rpg
http://crossmark.crossref.org/dialog/?doi=10.1049%2Frpg2.12689&domain=pdf&date_stamp=2023-02-24


HADJOUDJ AND PANDIT 1489

expensive due to the fleet’s ageing turbines and complex logis-
tics routes [9, 10]. Therefore, for an offshore wind project, these
variables are taken into account for an effective maintenance
strategy.

Environmental uncertainty has a significant impact on opti-
mising performance and minimising costs in all phases of
offshore operation and maintenance (O&M) operations since it
determines when operators can access the turbines. The impact
of weather on three offshore wind farms in the Portuguese
region was studied by Silva et al. [11], who also suggested
weather time windows (of the short period) for local access to
the wind farms via helicopter and rubber boat and therefore,
O&M activities must be carefully planned in advance. Pandit
et al. [10, 12] propose data-driven techniques for long-term
weather forecasting in the context of offshore wind turbine
maintenance. They used weather datasets (wave height and wind
speed) to develop and compared advanced methods namely,
long short-term memory (LSTM), Markov chain, bidirectional
long short-term memory (BiLSTM) and gated recurrent unit
(GRU) and found that LSTM is robust and computationally
effective in the estimation of long-term weather forecasting as
compared to other techniques. These external factors are also
used to develop O&M tools for long-term logistical planning,
forecasting asset availability and estimating lifetime operational
expenditure (OPEX) of offshore projects, which are dealt with
in more detail below.

O&M cost models, which are commonly made in Microsoft
Excel and are intended to give a high-level knowledge of the
project OPEX, can be a logical extension to O&M simulation
tools. The O&M tools are widely referred to as O&M mod-
els, decision tools, O&M planning tools, O&M optimisation
and logistical planning tools [13]. These tools are used by wind
turbine industries to develop robust strategies for maintenance
and planning in order to reduce OPEX and maximise asset
performance by reducing uncertainties in component failures
and vessel access for on-site visits. Tomaselli et al. [14] pro-
pose a numerical decision tool for the estimation of weather
windows for improving offshore O&M activities. They anal-
ysed a full O&M scenario, which includes travel from the port
to the offshore location, work on the turbine, and travel back
to the port. The findings of the proposed decision models
emphasise the tool’s critical ability to compute vessel motions,
which are elaborated to provide weather windows. The tool’s
results support the decision-making procedures that result in
short- and long-term O&M plans thanks to its minimal com-
putational time need [14]. In another article, Kolios et al. [15]
report the finding of their O&M open-access decision tool ini-
tial results with a reference case study. They take into account
estimating a given wind farm’s availability with specific char-
acteristics during the course of its service life, enabling the
simulation of various scenarios involving reliability metrics, ves-
sel specifications and availability, manpower requirements etc.
The result demonstrates the tool’s applicability and responsive-
ness as well as the sensitivity analysis of the jack-up vessel
mobilisation time as a changing parameter because it was dis-
covered to significantly affect the estimated availability. Dawid
et al. [16] proposed decision-making robust tools for offshore
effective vessel routing planning by automating the process of

logical decision-making of maintenance actions and presented
case studies by collaborating with the UK offshore wind farm
operators.

A comprehensive assessment of routing problem-solving
techniques in the context of offshore wind turbine mainte-
nance was presented by Irawan et al. [17]. They provide a
solution based on a mixed-integer linear programme and the
Dantzig-Wolfe decomposition technique (MILP). This method
lacks the flexibility to account for the chance that repairs would
take longer than anticipated, despite being computationally effi-
cient. O&M simulation tools, that is, strategic O&M tools and
OPEX estimation, often take a time-domain approach to long-
term logistical planning [18]. This implies that the software
tool simulates failures at each time step and mimics real-time
decisions for performing unplanned maintenance, and planned
maintenance in accordance with the specified interval. This pro-
cedure continues until the last time step is reached, simulating
the completion of the life cycle of a wind turbine [19]. Fur-
thermore, in recent years, the problem of vessel routing for
offshore wind farms was addressed by Dai et al. [20], Zhang
et al. [21] and Stålhane et al. [22] who used branch and bound
method; Ant Colony Optimisation and path-flow model respec-
tively. A variety of O&M simulation tools have been developed
recently to support the modelling services, including Shore-
line O&M Design [23], ForeCoast Marine Gamer Mode [24],
Offshore TIMES [25], DNVGL O2M [26] and ECN O&M
Calculator [27] to support the modelling, project planning and
decision-making services. However, these are commercial prod-
ucts which require annual licence fees, technical support and
user inputs.

2 CONTRIBUTION TO THE
KNOWLEDGE

Because of weather uncertainty and resource constraint, the
vessel on-site access for O&M tasks remains a challenge for
offshore wind. Additionally, these difficulties worsen due to
improper advance planning and cause long unavailability and
significant revenue losses. Therefore, robust O&M decision
tools are needed to plan ahead vessel access for offshore wind
farms, especially under weather uncertainty [28]. Pandit et al.
[12] proposed two data-driven techniques (Markov chain and
Long short-term memory (LSTM)) using wave height and
wind speed (of three years’ datasets) to forecast the long-
term weather and then compare their performance in terms
of accuracy and training speed. They suggested that Markov
chains have a shorter training period but lower accuracy while
LSTM models take longer training time (several hours) but
record marginally higher accuracy. Since training time is very
important and therefore suggested Markov chain is more suit-
able than the LSTM model for long-term weather forecasting.
Dawid et al. [29] propose a novel methodology that incorpo-
rates uncertainties (expected maintenance duration) into the
decision-making process on vessel routing for realistic offshore
wind farm problems.

They used two case studies to evaluate the effectiveness of the
proposed decision simulation tools. Results suggested that the
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1490 HADJOUDJ AND PANDIT

FIGURE 1 Master and Sub problem [29].

inclusion of uncertainties led to a 14% increase in the number
of wind turbines maintained at the end of the day. However, they
did not consider the weather uncertainties impacts which could
play an important role in optimising vessel routing. By taking
into account environmental conditions that can affect the trans-
fer of maintenance teams and modifying them, this paper aims
to fill this gap by improving O&M simulation tools. This paper
extends [29] works where the sub-problem and master prob-
lem solutions stay the same, but uncertainty would be modified
(adding more weather parameters). The sub-problem is built on
case-dependent decision flowcharts, while the master problem
is formulated as a mixed-integer programming problem.

This paper is structured as follows: Section 3 explains the
problem formulation while Section 4 explains the data and
pre-processing techniques used here. Section 5 explains the
methodology that led to improving the existing work. Section 6
summarizes the various results and improvements realized.
Finally, Section 7 discusses the potential improvements and lim-
itations of this approach. The Paper concludes with Section 8.

3 PROBLEM FORMULATION

The first step of the research is to formulate the problem by
using the vehicle routing model proposed by [29] as shown in
Figure 1 (illustrates the division between the inner and exterior
concerns in general) which is assumed to be optimized and the
only part on which modifications have been made in the estima-
tion and consideration of uncertainties. The sub-problem was
to eliminate all the clusters (set of turbines) that do not meet
the constraints of the users, such as the clusters whose mainte-
nance time is greater than the available time or whose technical
constraints exceed those of the vessels.

For this, ordering decision flowcharts meeting user criteria
was used. An example of a flowchart (as shown in Figure 2) for
a cluster with two maintenance activities of less than 4 h.

The master problem corresponded to a mixed-integer pro-
gramming problem with the following objective function as
mathematically shown in Equation (1):

maximise

[∑
k∈K

Qk ∗ Fpk

]
(1)

[
∑

k ∈ K
Qk ∗ Sik ] ≤ 1 ∀i ↔ Each turbine is visited by one

vessel only.
[
∑

k ∈ K
Qk ∗ Vk j

] ≤ 1 ∀ j ↔ Each cluster can only be assigned

one of the vessels.
[
∑

k ∈ K
Qk ∗ Dk] ≤ E ↔The number of technicians required

does not exceed the number of technicians available.
The K assembly represents the possible routes here, while i

and j correspond respectively to the turbines and vessels. Fpk
is the gain value of the cluster k, Qk is a binary variable which
takes the value 1 if the route is taken and 0 otherwise. Sik is a
binary variable equal to 1 if turbine i is part of route k and 0
otherwise, Vk j

is also a binary variable which takes the value 1
if vessel j is on route k, 0 otherwise. Finally, Dk is the number
of technicians needed to perform road maintenance k. Using
the Gurobi Optimizer simulation tool, which employs a branch-
and-cut technique to choose a group of distinct clusters that
fulfil all of the requirements, the master problem was resolved
[30].

3.1 KPIs and the gain function

Equation (2) is the expression of the gain function Fp:

Fp =

G∑
i=1

(
Ui −Cri

)
−

V∑
j=1

(
C f j

+Cv j

)
+

(
A ∗Pv j

∗Umean∗
Nt j

𝜂

)

(2)

where Ui is the reward for maintaining the turbine i, Cri
is

the cost of maintaining wind turbine i, C f j
is the cost of fuel

incurred by vessel j, Cv j
is the hire cost of vessel j, Umean is the

average reward across all of the turbines, Nt j
is the number of

turbines visited by vessel j, Tretard j
is the delay time accumulated

by vessel j and Ttotal j
is the total time to complete every action.

The value function shown in Equation (2) aims to meet the
KPIs listed below:

∙ Increase the number of wind turbine visits.
∙ Increasing the number of high-reward trips to wind turbines.
∙ Reduction of expenses.
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HADJOUDJ AND PANDIT 1491

FIGURE 2 Clusters flowchart.

∙ Reducing the number of failed repairs (due to uncertainty
realisations).

These KPIs will be used to assess the policies that the tool
generates. A random number generator (RNG) and a Monte
Carlo analysis were used to determine the typical number of
turbines that would have been successfully maintained across a
large number of repetitions if a certain strategy was adopted,
given the user-specified uncertainties. Each iteration of the
Monte Carlo simulation generates three random numbers, one
for each turbine:

∙ One uses the random forest model to ascertain the real
maintenance activity time.

∙ Determine if it will be able to transfer the crew to the turbine.
∙ One to determine whether the transfer of crew onto the

vessel will be possible.
∙ One to assess if the turbine’s diagnosis was accurate.

4 DATA DESCRIPTIONS

Data plays a crucial role in the use of machine learning to
improve the maintenance of a wind farm. In fact, this data
makes it possible to feed machine learning algorithms and pro-
vide them with the information they need to learn and predict
failures. In this section of the thesis, we will present the differ-
ent data sources used in our study, as well as their nature and
format.

4.1 Data utility in O&M activities

The datasets used in this study are coming from European Cen-
tre for Medium-Range Weather Forecasts [31], Tidetech [32],
eurosion [33] and open-access sources [34]. There is no confi-

dential agreement associated with these datasets and can be used
in future by acknowledging them.

To develop reliable time-series weather conditions, it is
crucial and vital to have access to reliable met ocean data. Some-
times the data need to be created since they are not readily
available. In order to obtain numerous realistic time series of
wind speed, wave period, and significant wave height, an alter-
nate method to sensors is studied in this study and described in
upcoming sections.

To identify the best vessel and equipment combination that
is needed for a certain operation and to arrange the sequence
of complicated offshore installation procedures. As a result, a
significant number of environmental time series are required to
account for environmental condition uncertainties that restrict
operations. A large data collection of environmental time series
is typically difficult, expensive, and occasionally impossible
to acquire. When it is attainable, there are frequently miss-
ing values as a result of measuring equipment failures [35],
which might affect the prediction of the duration of off-
shore operations. Considering the relationship between the
environmental parameters is crucial for creating genuine envi-
ronmental time series. Data generation makes sense at that
point.

To generate those data, various tools are used. These tools
include machine learning techniques like generative adversar-
ial network (GAN) [36], generative adversarial networks, and
VAE [37], variational autoencoder, as well as approaches like
SMOTE [38], synthetic minority over-sampling technique, and
the study of the nearest neighbours. Machine learning methods
will be the ones to examine due to the nature of our data, the
issue encountered by the offshore wind farm, and the complex-
ity of the distribution of our data (weather forecasting), as they
are both more efficient and more accurate than other methods.
In 85% of the scenarios studied in Xu’s study, some variation
of GAN outperformed conventional synthetic data generating
methods [39].
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1492 HADJOUDJ AND PANDIT

Generally speaking, all models are capable of accurately cap-
turing the relationships between features. All of the models
exhibit comparable performance, demonstrating that artificial
data may be used to solve Machine Learning issues in place of
actual data. Both meteorological and data on wind turbine fail-
ure can be generated using these data producers. They assist
in training the various decision-making models for managing
vessels and predicting failures, both of which are helpful for
planning maintenance.

5 METHODOLOGIES

When preparing for an offshore wind farm’s operation, several
uncertainties must be considered. The anticipated duration of
the repair operations is unclear and might change depending
on the type of maintenance action. It is uncertain if technicians
can be moved from the ship to the wind turbine on days with
high sea waves. Although modelling such uncertainties might be
challenging, it is crucial to do so since these actual uncertainties
have an impact on daily decision-making.

5.1 Consideration of uncertainties

An approach is proposed in which uncertainties are modelled by
calculating the probability of maintaining all turbines in a group.
In the model proposed by Dawid et al. [29], it is assumed that
the time available to perform all maintenance actions in the day
(i.e. the time window) is a strong constraint, this means that the
backup action is to return to the base before the deadline, even
if it means leaving service actions unfinished. This hypothesis
was not taken into account in our model, so the time window is
no longer a strong constraint.

Considering that Pti j
is the probability that a maintenance

team will be transferred from vessel j to turbine i (depending
on weather conditions and vessel used), Pbi j

is the probabil-
ity that a maintenance team will transfer from the i turbine
to vessel j, Pdi is the probability that the i wind turbine has
been successfully diagnosed and finally, Pri is the probability
that maintenance will take as long as planned or less. Let G be
the set of turbines assigned to vessel j, the probability that all
maintenance is performed as follows:

Pv j =

G∏
i = 1

Pti j
∗ Pdi∗ Pri∗ Pbi j

(3)

The determination of transfer probabilities is made according
to the weather conditions, that is, the worse weather con-
ditions, the more likely the transfer between the vessel and
the wind turbine (and vice versa) to fail. The type of boat
used to transfer crews is as is typically shown in Figure 3.
The transfer is generally done by the bow of the boat which
clings to the base of the turbine. In the middle of the
mooring point is a staircase allowing the crews to reach the
windmill.

FIGURE 3 Vessel for OWTs [40].

The safety of the teams is critical in the transfer; it is unthink-
able for the maintenance teams to put themselves in danger
during the transfer. For this reason, safety recommendations
for CTVs crew transfer vessels have been issued by several
organizations including the Energy Institute of London [41].
Several environmental factors can influence the safety of the
transfer, the most important being wind speed, wave height and
wave period. Based on recommendations, probability takes the
following values based on sea conditions.

Regarding the probability of maintenance taking as long as
planned or less, the previous model proposed using a gamma
distribution, but it was found that using the random forest
model based on machine learning and data study could improve
the estimation of maintenance time.

The random forest is a supervised learning algorithm. The
term “forest” corresponds to the fact that it builds a set of
decision trees, usually formed with the method “bagging”. The
‘Bagging’ method is used in ensemble learning methods to
increase the accuracy and performance of ensemble learning
methods. Bagging increases performance by reducing the vari-
ance of a data set. Bagging is commonly used in decision tree
algorithms. It will be used in classification and regression meth-
ods because it reduces the problem of over-accuracy. It creates
a different training subset from the sample of training data
with replacement. Each model is driven independently, which
generates results. The final result is based on majority vot-
ing after combining the results of all models as illustrated in
Figure 4.

The probability of a good diagnosis of the wind turbine is
maintained compared to the model proposed previously. This
probability will therefore respect the information of Table 1 as
shown below.

5.2 Implementation of a temporal evolution
of the weather

An experimental improvement was tested by trying to inte-
grate the changing weather conditions as the day progressed
into the model. To do this, a deep learning model was used
and more particularly a generative adversarial network and its
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HADJOUDJ AND PANDIT 1493

FIGURE 4 Bagging description.

TABLE 1 Probability of a successful transfer depending on conditions

Probability of a successful transfer for a vessel type 1

Wave

height

(m)

Wave

period

(s)

Wind

speed

(m/s)

>22 0% 0–2 0% 0–8 1

2.0–2.2 25% 2–4 25% 8–10 0,8

1.8–2.0 50% 4–5 50% 10–12 0,6

1.6–1.8 75% 5–6 75% 12–14 0,25

1.4–1.6 100% 6–8 100% >14 0

0–1.4 100% >8 100%

improved version conditional table for GAN (CTGAN) for data
table generation. Generative models have been used in a myriad
of applications in different fields, from quantitative finance to
modelling and ultimate risk reduction to hydro-climatic research
to study the joint effects of extreme weather conditions. The
power of generative models lies in their ability to encapsulate
the entire dependency structure and the underlying probability
distribution of the datasets. This is very useful because, using
generative models, we can not only create future representa-
tions of datasets but also sample new, realistic data points that
preserve the cross-correlation between the original training data
sets. GANs are a new class of generative models and have been
introduced by Goodfellow et al. [36] in 2014, allows to gener-
ate very accurately from a sample of data. As presented in the
review literature, GANs is a type of neural network architecture
for generative modelling. NAEs are pairs of neural networks.
They are based on a theoretical two-player game scenario to
learn the distribution and models of the training data so that
the model can generate new data that preserve the character-

istics of the training data. The CTGAN version resampled the
input data to improve the model’s drive.

Normally, to predict the weather, a stochastic model is used.
A stochastic weather generator is a statistical model that aims
to produce synthetic time series of weather data of unlimited
length for a location or region based on the analysis of the
statistical characteristics of time in this region. Most stochastic
meteorological generators use a combination of Markov pro-
cedure and frequency distribution of different meteorological
variables. However, using this model, the weather conditions of
the day can be simulated and directly modified in the model
to best match the day that is likely to occur. The GAN offers
completely different modelling of the stochastic model much
simpler to set up and implement in the problem addressed as
shown in Figure 5. This makes it possible to adapt the prob-
abilities to the meteorological conditions at the time when
the maintenance will take place on the given turbine and thus
improve the precision of the model. After focusing on the
probabilities of predicting uncertainties, and then proposing
the implementation of a weather monitoring tool. Now, we
need to implement all this in the gain function which will
allow to insert these different elements of the equations of the
problem.

5.3 The VRP gain function

The VRP gain function is important to define as it allows to
ensure that the vessel routine well meets the expectations of the
users. This feature allows users to vary the risk they want, by
introducing a risk factor (A). This factor reflects the will of the
manager of the wind farm, if he wishes to maximize the number
of wind turbines maintained at the risk that they are not all main-
tained properly, or vice versa if the one wants to minimize the
number of failures and maximize the chances of success. Thus,
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1494 HADJOUDJ AND PANDIT

FIGURE 5 GANs description.

A is equal to 0, if the user considers that the probability of fail-
ure (transfer, diagnosis etc.) must not influence the path taken
by the boats (usually when the conditions are good and certain).
Then, the greater A is, the more the possibility of failure is taken
into account and the more the algorithm will produce a path
limiting the risks (the greater A is, the more the conditions are
bad and uncertain). This function comes from the work done
by Dawid et al [16]. It allows to give a more or less important
gain value to the different turbines according to the risks that
the maintenance team wants to take.

In addition, it was decided to take into account journeys
which have a risk of being late but with a handicap proportional
to their delay and with a delay factor (B) which the user can
vary according to his requirements. So, if B is set to 0, then late
journeys will not be taken into account, otherwise, the larger B
is, the more later journeys will be penalized compared to other
journeys. This allows users to be presented with a larger rout-
ing panel. The gain function (3) for the problem is therefore the
following

F p =

G∑
i=1

(
U i −Cri

)
−

V∑
j=1

(
C f j

+Cv j

)

+

(
A ∗ Pv j

∗ U mean ∗
Nt j

𝜼

)
−

B
Nt j

∗
T retard j

T total j

∗U mean

(4)

6 RESULTS

To demonstrate the model’s capabilities, a virtual wind farm was
constructed as per [29]. The layout was a grid of 10 × 10 squares
with 1.1 km between turbines. 80 km northeast of the wind
farm’s core was where the maintenance facility was located. On
a certain day, twenty randomly selected turbines need mainte-
nance. The features of each type of failure are shown in Table 2
together with their repair costs, anticipated maintenance action
times, manpower requirements, and tool and spare component
weights. The price of maintenance and repairs was taken from
Dinwoodie et al. [37]. In this study, Dawid et al. [29] study is
incorporated to depict the location of the turbines as well as

TABLE 2 Probability of correct diagnosis

Probability of

correct

diagnosis

Manual reset 1

Grease top-up 1

Minor repair 0.8

Medium repair 0.9

High priority repair 0.95

Annual service 1

FIGURE 6 Virtual wind farm [29].

the various maintenance procedures needed for each turbine as
shown in Figure 6. Details of the maintenance tasks and the
result of the simulation are shown in Tables 3 and 4 respectively
from the metrological centre. A turbine can be maintained,
depending on the type of repair. For manual reset, minor, and
medium repairs, £100,000 was given. To emphasise the need
of high-priority repairs, the incentive was set at 120% of the
normal repairs (£120,000). It cost £80,000 to do preventative
maintenance procedures including topping out the grease and
setting up an annual service [29].

The overall window of time for doing maintenance tasks on
the day was 11 h, and there were 45 technicians accessible. A
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HADJOUDJ AND PANDIT 1495

TABLE 3 Details for each maintenance task of offshore wind turbines [16]

O&M tasks

Repair time

(h)

Technicians

required

Value

(£,000)

Cost

(£,000)

Weight of

spares (kg)

Probability of

correct diagnosis

Manual reset 2 2 100 0 0 1

Grease top-up 3 2 80 0.5 20 1

Minor repair 4 3 100 1 100 0.8

Medium repair 6 3 100 18.5 400 0.9

High priority repair 5 3 120 25 500 0.95

Annual service 6 2 80 18.5 300 1

TABLE 4 Results of the simulation

Original model

Wave period (s) Probability of occurrence for each sea condition Vessel transport
���������Wave height (m) 0–4 4–5 5–6 6–7 7–8 >8 0% success

>4 0.01% 0.03% 1.85% 3.55% 3.04% 2.18% 50–80% success

3–4 0.02% 0.54% 2.67% 3.91% 2.59% 1.34% 100% success

2–3 0.07% 1.65% 6.26% 7.30% 3.94% 1.63%

1–2 0.32% 4.77% 11.97% 9.88% 3.94% 1.19%

0–1 1.83% 8.51% 9.39% 4.15% 1.01% 0.19%

Sum of operability = 57.15%

Reality

Wave Period (s) Probability of occurrence for each sea condition
���������Wave height (m) 0–4 4–5 5–6 6–7 7–8 >8

>4 0.01% 0.03% 1.85% 3.55% 3.04% 2.18%

3-4 0.02% 0.54% 2.67% 3.91% 2.59% 1.34%

2-3 0.07% 1.65% 6.26% 7.30% 3.94% 1.63%

1-2 0.32% 4.77% 11.97% 9.88% 3.94% 1.19%

0-1 1.83% 8.51% 9.39% 4.15% 1.01% 0.19%

Sum of operability = 52.06%

20-min crew shift between the ship and the turbine was antic-
ipated. In order to account for turning and acceleration and
deceleration, the vessel speed when travelling from turbine to
turbine was set at two-thirds of the cruising speed. The maxi-
mum number of turbines per vessel was capped at three due to
limitations in both the technique used to solve the inner issue
and the computing capability. The outcomes of the simulation
of the suggested approach are shown below.

Given the computational constraints, this research is only
able to use a maximum of three turbines per vessel in this
research, therefore the findings of the simulation tool we
offered are hardly comparable to those proposed by [29]. Nev-
ertheless, it is interesting to consider the weather conditions that
either completely prohibits some maritime operations or signif-
icantly lower the possibility of a smooth transfer between the
turbine and the vessel. As a result, it is clear that the model
put forth by [29] does not adequately address some scenarios
because not all environmental factors are taken into account

while in this study this has been covered to give a more realistic
picture of O&M decision tool under environmental uncertainty.

As can be seen in Table 5, even if the waves are not very
high (< 1 m), when the inter-wave period is very short (< 5 s),
this can change the success probabilities of the transfer between
the boat and the turbine which in the original model was always
successful. Taking into account the inter-wave period, a reduc-
tion in operability time is observed, going from 57.15% to
52.06%, a difference in operability of almost 9%. The period
is not the only environmental factor, which was not taken into
account and could have a negative influence on operability.

Wind can have a significant impact on the operability of the
wind farm and on the feasibility of maintenance. Wind speed is
often correlated with wave size but sometimes there is strong
wind and small waves as shown in Figure 7. Therefore, in
2016, 5% of the time high wind speed was not correlated with
high waves. During this period, the original model estimates
the probability of successful transfer at 100%, while following
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1496 HADJOUDJ AND PANDIT

TABLE 5 Operability depending on conditions

Policy characteristics Case 1 Case 2 Case 3 Case 4 Case 5

Risk aversion factor (A) 0 2.5 5 7.5 10

Planned number of turbines to be maintained (/15) 14 14 13 12 11

Expected policy value (not including added due to a
non-zero A) (£,000)

1249.4 1187.3 1070.5 1015.2 931.4

Number of technicians required to carry out all the
maintenance actions

34 34 31 32 29

FIGURE 7 Wind speed and wave height correlation.

the European Agency’s security recommendations, the transfer
under these conditions entails certain risks that need to be taken
into account. Thus, below is the distribution of wind speed over
the entire year of 2016 according to the wave height. The red
dots correspond to the conditions during which improvements
of the old model are needed while in green, these are windy con-
ditions but well managed by the model as they are correlated to
high waves. Taking these conditions into account, the model can
see its accuracy compared to the windy conditions improved by
4.95%.

In the new model, taking into account the uncertainties
related to the human that makes varied maintenance time and
related to the boats and the weather that can lengthen the trans-
fer time to the wind turbine improves the planning of the boat’s
path. This avoids the following problems that cause boats to
waste time on their maintenance routes:

∙ -Have to wait for a service team that has exceeded the
estimated maintenance time.

∙ -Having a transfer from the boat to the wind turbine
disturbed by the weather.

∙ -Keep a maintenance team waiting on a wind turbine due to
a delay.

These problems were not accounted for in the previous
model and could therefore cause unforeseen delays at the base
and a total change in planning.

The proposed methodologies allow a better estimation of
uncertain values such as maintenance time thanks to Random
Forest and transfer time from the boat thanks to the study of
the recommendations of different maritime associations such
as OCIMF. This made it possible to adapt the schedule of
maintenance vessels, accordingly, making it shorter and more
reliable.

6.1 Comparative studies

As we have seen in this section, several new features have been
introduced in our model to improve performance and bring
us closer to reality. First, the addition of taking into account
the transfer of the wind turbine to the boat can cause delays
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HADJOUDJ AND PANDIT 1497

TABLE 6 Comparison with previous models

Models Wave height Wave period Wind speed

Crew transfer from the

vessel to wind turbine

Previous
Model

• Different wave heights according to the
wind turbine.
• Constant during the day

• Does not take it into
account

• Does not take it into
account

• Depends on 2 parameters

New model • Different wave heights according to the
wind turbine.
• Change during the day

• Same wave period for
the farm but changes
with time

• Does not take it into
account
• Same wave period
for the farm but
changes with time

• Depends on 5 parameters

TABLE 7 Comparison with previous models—2

Models Vessel routing problem (VRP) height

Time to complete a

maintenance

Crew transfer from wind

turbine to the vessel Solve VRP

Previous
model

• Decomposing in 2 problems: assignment
of turbines to vessel and ordering
turbine visits

• Gamma distribution • Always successful • IBM CPLEX
Optimizer

New model • Decomposing in 2 problems: assignment
of turbines to vessel and ordering
turbine visits

• Random Forest Model • Depends on 5 parameters • Gurobi

because of the weather and therefore impact the maintenance
boat schedule. To account for this possible delay, a loss factor
has been added to the gain function to ensure that transfers
causing delays are avoided. Second, for maintenance time mod-
elling, the gamma distribution is no longer used, instead, the
machine algorithm Learning Random Forest was used to best
represent the uncertainty related to the human. Third, a first
attempt to account for weather change was first implemented
in this model to try to respond to the variation in the probabil-
ity of success due to the weather of some operations. Below are
two tables presenting a comparison of the model presented in
this paper and the previous models [29] and results are shown
in Tables 6 and 7.

7 DISCUSSION

During this research, several solutions were explored to improve
the consideration of meteorological and human uncertainties.
However, there are still many access improvements, some of
which are presented in this section.

7.1 Discussion regarding new-added factors

The addition of certain environmental factors improves the
model’s performance and the use of a deep-learning method for
weather forecasting. On the other hand, the addition of these
functions to the basic model allowed a better consideration of
windy conditions and inter-wave intervals, thus reducing the risk
that the model does not stick to real life. However, it is impor-
tant not to forget the usefulness of this tool. This allows the

maintenance teams of a wind farm to determine the path that
each vessel will take during the day. This algorithm is run in the
morning before the start of the operation and must take as lit-
tle time as possible to execute. By adding environmental factors
and a forecast of the weather in real-time, the execution time
is greatly increased from 215 s [42] to more than 10 min (or
600 s).

7.2 Other ways to solve the problem

In addition, it is important to consider alternative methods to
address this issue. Other algorithms such as ant columns or
another version of a mixed-integer linear programming (MILP)
model proposed by Irawan et al. [43] allow a new vision of the
problem and special attention should be paid to it. Concerning
the model presented here, a number of improvements could be
made in the context of future work. This involves creating an
algorithm to address the issue of scheduling turbine visits that
allows for the assignment of more than four turbines per vessel
without noticeably lengthening execution time.

7.3 Other possible improvements

In the proposed model, an important element has been set
aside, namely the influence of weather conditions on the speed
of vessels. Poor conditions would lead to a reduction in the
speed of the boat and would therefore benefit the mainte-
nance of wind turbines that are close to each other to limit the
distance travelled by vessel as much as possible. A study car-
ried out by Carbon Trust [44] shows the influence of different
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1498 HADJOUDJ AND PANDIT

FIGURE 8 Influence on vessel speed.

environmental parameters such as the inter-wave period and the
height of the waves on the vessel’s speed. Figure 8 shows the
evolution of the speed for a vessel of 26 m for 3 given wave
sizes depending on the direction in relation to the wave and the
inter-wave interval.

8 CONCLUSION AND FUTURE WORKS

By maximising resource usage in offshore logistics planning, the
decision support tool created in this study has the potential to
reduce Operations and Maintenance costs. The tool is capable
of presenting policies to users. This tool is based on [29] works,
implementing modifications to the environmental parameters
taken into account and the possibility of changing weather con-
ditions and thereby improving the Operation and Maintenance
decision tools.

Uncertainty has not yet been taken into account by experts
working on vessel route optimization for offshore wind farms.
The case study described in the results section shows that
the cost-optimal technique will lead to fewer turbines being
effectively maintained in the presence of uncertainty. Modelling
offshore vessel itineraries must incorporate uncertainty since
the recommended method may lead to a significant increase in
maintained turbines.

With future efforts, a variety of improvements to the tool
could be developed. Among these is the creation of an algo-
rithm to address the issue of scheduling turbine visits that can
allocate more than four turbines per vessel. The tool would
also profit from being able to take into account the effects
of weather conditions on vessel speed or the impact of wind
direction.
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