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Abstract

To facilitate the continued growth of offshore wind farm developments, operations and mainte-
nance costs, estimated at 30% of the lifetime costs of wind farms, must be reduced. To help enable
this reduction a framework is presented for minimising the costs, including lost revenues, of planning
maintenance across tactical and operational timescales. The tactical timescale is addressed by solving
a long-term job allocation problem, formulated as a mixed-integer linear program, that allocates jobs
to time periods within a year. As new maintenance jobs arise and forecasts are updated the long-
term job allocation problem is resolved and the maintenance teams choose a new tactical plan. A
maintenance routing and scheduling problem is then solved for the jobs assigned to the relevant time
period by the tactical model, producing a schedule and set of routes that the maintenance teams can
use to plan their operational activities. This model is formulated as a mixed-integer linear program
and adaptive large neighbourhood search meta and matheuristic solution methods are proposed for
efficient computation. Computational experiments verify that the proposed metaheuristic method is
able to obtain solutions on the order of minutes and offer up to 49% improvements in maintenance
costs over current practices. Further computational experiments reveal that the framework, applied
to a full year of historic maintenance jobs, could lead to an improvement of 66% over the historical
baseline. Implementing computational methods for planning maintenance will help to reduce wind
farm revenue losses and aid the work of maintenance teams.

Keywords: Maintenance Optimisation; Scheduling; Routing; Matheuristic; Metaheuristic; Adaptive
Large Neighbourhood Search; Offshore Wind Farm; Operations and Maintenance

1. Introduction

Offshore wind developments continue to grow globally at a rapid pace, with growth estimates of
630GW of total capacity between 2022 and 2050 [12]. To facilitate this rapid growth, costs must
continue to be reduced. Operations and Maintenance (O&M) costs, estimated at 30% of the lifetime
costs of a wind farm [4], offer opportunities for cost reductions. With Offshore Wind Farms (OWFs)
increasing in size, moving further offshore and the first floating offshore wind farms deploying, it
is becoming increasingly important to develop and implement O&M strategies that can reduce the
associated O&M costs. Producing maintenance schedules and routes that can be used by operators
to minimise the costs and lost revenue of performing maintenance tasks could facilitate these required
cost reductions.

Performing maintenance at OWFs brings unique challenges compared to regular machine main-
tenance scheduling. Primarily, the weather conditions have a large impact on both the ability to
perform maintenance and the cost of revenue losses associated with performing maintenance. Tech-
nicians must travel from an O&M base, typically a port, to the OWF and safely transfer from a
vessel to a Wind Turbine (WT). Transfers and maintenance can only happen during suitable weather
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windows where the conditions are calm enough. Additionally, the revenue generation of a WT is di-
rectly linked to the wind speed, so that maintenance should be scheduled during periods of low wind
speed to minimise losses from turbine downtime. In addition to weather conditions, maintenance is
dependent on the resources available, such as spare parts and qualified technicians. Finally, travel
distances at OWF's can be very large, sometimes with distances over 100km from the O&M base to
the wind farm, therefore the time and costs related to travel to and from the OWF and between WT's
must also be considered.

Maintenance is performed by one of three parties: the OWF operator; the WT manufacturer; or a
Maintenance Service Provider (MS). Each have different objectives. The objective of the operator is
to maximise their profit, by minimising the revenue losses in operating the wind farm, whilst the aim
of the manufacturer or MS is to minimise their cost of performing maintenance whilst maintaining a
minimum level of acceptable service. This article takes the perspective of the operator. This involves
minimising both the costs to perform maintenance and revenue losses from turbine downtime and
is a decision-making problem. Decision making occurs across three different timescales, grouped by
Shafiee [I9] as:

e Strategic — Long-Term (5+ years). Considering overall maintenance strategy; staff requirements

and fleet make up.

e Tactical — Medium-Term (months to several years). Considering staff resource planning; vessel

leasing/purchasing; spare parts stock planning; maintenance scheduling.

e Operational — Short-Term (days to months). Considering weather conditions; staff availability;

maintenance task scheduling and routing of vessels.

Most research has focused on the strategic aspect of maintenance planning [8]. After commissioning,
there is little scope for influencing the strategic decisions as these are made at the start of the wind
farm life. Therefore, this article focuses on the tactical and operational aspects of planning.There are
three decisions that the operator is most concerned with on the tactical and operational timescale,
what maintenance needs to be done; when should the maintenance be done; and how should the
vessel be routed? This article focuses on the second two questions, in the tactical and operational
time scales, which can be summarised as a long-term job allocation problem and a Maintenance
Routing and Scheduling Problem (MRSP). A framework for combing the tactical and operational
decision making in a way that minimises both the cost to perform maintenance and revenue losses
from WT downtime at an OWF is presented in this article.

The main contributions of this article are summarised as follows:

1. A novel framework for planning maintenance over tactical and operational timescales that com-
bines yearly planning with daily operations for preventative and corrective maintenance actions
with spare parts management.

2. A novel formulation for solving a MRSP with the objective of minmising revenue loss from WT
downtime which allows maintenance jobs to be split across multiple shifts.

3. A novel solution approach for solving the MRSP based on an Adaptive Large Neighbourhood
Search (ALNS) metaheuristic and a matheuristic, which outperforms a commercial solver in
terms of solution quality and time for some problem instances.

4. An evaluation of the framework on a whole year’s worth of historical data from an OWF, the
longest evaluation period considered so far to the best of the author’s knowledge, indicating
potential savings of 66%.

The remainder of the article is structured as follows: a review of tactical and operational OWF
planning models is presented in The combined framework is introduced in [§3| which is followed by
the model formulation and solution approach for the long-term job allocation in The formulation
for the MRSP is then introduced in §5| and the ALNS solution method is described in This is
followed by the results of computational experiments to evaluate the performance of the formulations
and their respective solution approaches in Finally, the article comes to a close with a conclusion

in

2. Literature Review

A summary of the literature for maintenance routing and scheduling of OWF's on the tactical and
operational scale is provided in[Table I} The objective of each approach; the constraints they consider;
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the perspectives they are considered from; the uncertainties; and their validation is compared with
each other and the method proposed in this research.

Table 1: Summary of research in tactical and operational maintenance scheduling and routing.

This article [11] [13] 2] [20] rd) [10]
Tactical v v X X X X X
Operational v v v v v v v
Time Scale 1 year 30 days 7 days 1 day 1 day 1 day 7 days
Problem Considered MRSP MRP &MSP  MRP & MSP MRSP MRSP MRP MRP
Model MILP MILP - - - MIP MILP
Perspective Operator Operator MS Operator Operator MS MS
Validation Operational Data  Simulation Simulation Simulation = Operational Data  Operational Data  Simulation
Objective Min revenue loss Min cost Min cost Min cost Min cost Min cost Min cost
Vessel Routing v v v v v v v
Maintenance Scheduling v v v v v X X
Spare Parts Management v X X X X X X
Interrupted Jobs v X X X X X X

The routing and scheduling of maintenance tasks can be separated into the Maintenance Routing
Problem (MRP) and Maintenance Scheduling Problem (MSP). Several studies have grouped them into
the MRSP, whereby the route of the vessel determines the schedule. The MRP can be considered a
variation of the Vehicle-Routing Problem with Pickup and Delivery (VRPDP).

Stalhane et al. [2I] formulate the deterministic MRP as an arc-flow model and a path-flow model
which are solved by a branch-and-cut algorithm and a heuristic, respectively. The objective is to
minimise the costs of the routes taken by the vessel on a daily basis. Dawid et al. [6] formulate
the MRP as a Mized-Integer Linear Programming (MILP) model where the objective is to minimise
daily routing costs and is solved with a heuristic. This is later generalised by Dawid et al. [7]
to incorporate uncertainties in transfer times, failure rates and maintenance duration which they
validated on historical data from a wind farm. Irawan et al. [10] formulate the problem, for multiple
wind farms and O&M bases as an MILP which is solved with CPLEX to minimise the costs of vessel
routes. Their model is validated on simulated data across one week of operations. Schrotenboer
et al. [I'7] consider vessel routing in combination with technician sharing, from the viewpoint of a
maintenance service provider in the technician allocation and routing problem as a MILP which is
solved with an ALNS metaheuristic. Their objective is also to minimise the cost of routes. Neves-
Moreira et al. [T4] consider both the MRP and repair kit problem as a two-stage stochastic MILP
model. They consider routing and maintaining optimal stock levels of spare parts considering weather
and failure rate uncertainties and it is solved using a matheuristic. Irawan et al. [9] propose a
simulation-based MILP to solve the Stochastic MRP, where uncertainties in travel time, transfer
time, and maintenance duration are considered. Their model is solved by a large neighbourhood
search metaheuristic. Except for [7], all of these models have been validated on simulated case
studies rather than operational data.

Dai et al. [5] formulated the MRSP as a MILP for minimising the costs for a single wind farm
and O&M base for single day of maintenance and it is solved with Xpress. Raknes et al. [15] expands
the aforementioned MILP formulation to multiple wind farms and vessels, and solved it with a
heuristic. Stock-Williams & Swamy [20] propose a simulation based formulation and genetic algorithm
to minimise the cost of daily scheduling and vessel routing. Schrotenboer et al. [I6] propose a branch-
and-cut algorithm for minimising the cost of daily routing, with consideration of different technician
availabilities to solve a variation of the vehicle pickup and delivery problem. Lazakis & Khan [I3]
solve the MRP and MSP using a simulation based heuristic to minimise the cost of routing and
scheduling maintenance. Allal et al. [2] also employ a simulation based meta-heuristic to minimise
the cost of daily maintenance planning and routing whilst aiming to keep turbine availability high.
They employ an ant colony optimisation metaheuristic to solve the problem. Schrotenboer et al. [18]
incorporates, weather; failure rate; maintenance duration; and technician requirement uncertainties
in the stochastic maintenance fleet transportation problem for offshore wind farms. They take the
perspective of a maintenance service provider to minimise their costs of maintenance whilst providing
minimum service levels, with multiple fleets and across multiple wind farms. It is formulated as
a two-stage MILP model and solved using sample average approximation. Only Stock-Williams &
Swamy [20] has validated their model on operational data.

Irawan et al. [11] is the only research, to the best of the authors knowledge, to consider a combined
tactical and operational problem. In this work they present a framework for scheduling and routing
at a wind farm for a 30-day period. It is formulated as a MILP and is decomposed into an MSP
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which is solved exactly on the long term. On each day of the schedule the list of maintenance jobs
is updated with corrective maintenance actions and an MRP is solved with a metaheuristic. If all
maintenance actions can’t be routed on a given day the MSP is resolved. The objective is to minimise
the total cost of maintenance. This is the most detailed framework to date that can be applied to
regular maintenance actions.

This research builds on the models discussed above by capturing a more complete set of constraints
and operating practices by taking the perspective of a wind farm operator. It aims to provide
actionable insights that can be used in practice which has previously only been done by Irawan et al.
[11]. Nomne of the models discussed above consider minimisation of revenue losses as the objective,
only Stock-Williams & Swamy [20] accounts for multiple jobs on the same turbine occurring at the
same time, and only Raknes et al. [I5] considers maintenance actions that take multiple periods.
For models that solve both the MRP and MSP, these are solved separately. When this approach is
adopted the quality of the route impacts the quality of the schedule and vice versa, or the scheduling
is based on the routing which does not consider how the scheduling can affect profitability. The work
presented here addresses these gaps by presenting a framework for planning maintenance over both
the tactical and operational timescales. A novel formulation for solving the MRSP, which addresses
the gaps in constraints considered by the previous formulations, with the objective of minimising
revenue losses from turbine downtime is presented with a novel ALNS solution method. Finally
the method is validated against historical data from an operational OWF, solved for a full year of
operation.

3. Maintenance Planning Framework

The current process undertaken for planning maintenance at the OWF considered as a case-study
in this article is as follows. First, the maintenance team are provided with a plan for the maintenance
jobs over the coming year. This plan outlines known maintenance jobs (e.g. annual servicing and
inspections) that will need to be performed and when in the year they should be planned to take
place. Tasks are allocated to times of the year when it is expected they will most likely be performed.
Then, on a daily basis, corrective and routine tasks are planned. During an evening maintenance
planning meeting, a short-term weather forecast for the next few days is evaluated with a list of known
jobs that need to be performed on the wind farm. If the weather is expected to be good enough to
perform the maintenance, then the operators plan to do the jobs at the wind farm. If it is not, then
the operators plan not to perform any maintenance in the short term. Then in the following morning
another maintenance planning meeting is held with updated weather forecasts and any jobs that have
arrived overnight. The weather is reassessed and if it is safe enough, the maintenance teams go to
site and perform the planned maintenance, if not then no maintenance is performed. This process
is then repeated daily. Revenue loss associated with planning maintenance is not directly considered
but by trying to plan maintenance actions for periods where the weather is calm, therefore wind
speed is low, energy loss from W'T being offline is also low. This also gives maintenance the most
likely chance of succeeding. Any corrective maintenance actions are performed as soon as possible.
Therefore, there is scope in this process to both minimise revenue losses from planned maintenance
and costs of performing maintenance in a more systematic manner.

The framework for producing maintenance schedules which minimise cost across tactical and
operational timescales is illustrated graphically in Figure [l The problem of simultaneously solving
both the tactical and operational timescales is divided into a Long-Term (LT) job allocation problem
and a Shorter-Term (ST) MRSP. Starting with a set of known maintenance jobs that need to be
performed at the wind farm and LT forecasts of weather and electricity prices for each time t € T.
The set T = {0, ..., T™3*} contains the indices of the discrete long term decision periods, for example
the months in a year. Each job is then allocated to a long term planning period ¢ € 7 such that the
expected revenue losses and costs for performing these maintenance actions are minimised, step 1 in
Figure The minimisation is based on expected time available for maintenance in each planning
period t € T, expected revenue losses, maintenance deadlines and routing costs. A conservative
approach in the allocation is taken to allow enough time in each planning period ¢t € T for updated
weather forecasts and new maintenance jobs.

Once an initial LT plan has been produced, an updated list of maintenance jobs, such as corrective
maintenance and new ST forecasts of wind farm accessibility and revenue generation are acquired
by the maintenance team, step 2 in Figure[l} The long-term job allocation problem is then resolved
based on the updated information, step 3 in Figure [I} as a multi-objective optimisation problem,
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Figure 1: Proposed framework for tactical and operational maintenance planning for an OWF. Dotted lines indicate a
flow of information and solid lines indicate the process flow.

where the objectives are to minimise the disruption to the original long-term plan and total cost
of job allocation. Multiple solutions are provided and the maintenance team select their preferred
option. Then for each index ¢ € T the planning period is discretised into smaller planning periods
denoted by T = {0,.. Tmax} Each set 7 contains the indices of the short-term planning periods,
typically in days or hours This is illustrated graphically in Figure[2] The MRSP is then solved across
each t € T step 4 in Figure |1} This process continues on a daily or per shift basis.

I
l"——" I 1 I 2 I .5’".‘5‘.]
RN I I I
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Figure 2: A graphical illustration of the discretisation of long-term planing periods into short-term planning periods.

In the following sections all variables related to the long-term job allocation problem will have
no accent (e.g., Ty j¢); variables related to scheduling will have a circumflex accent (e.g.,Z.,;¢); and
variables related to the routing will have a tilde accent (e.g., Zijq). The parameters and variables
used in the following sections are summarised in Tables [A.5HA7)in the Appendix.



4. Long-Term Job Allocation

In this section the formulation of the MILP model for the long-term job allocation problem is
described. The decision variables and constraint sets associated with assigning jobs to planning
periods t € T are presented in §4.1 The decision variables and constraint sets used to model the
management of spare parts are presented in In the decision variables and constraint sets for
modelling WT downtime are presented and the objective function of the MILP is described. Finally,
the decision variables; constraint sets and additions to the objective function necessary for modelling

the multi-objective resolve, as described in stage 3 of the framework in §3] are presented in

4.1. Job Assignment

Let W = {0,...,n} denote the set of indices for the WTs at the OWF and the set of jobs to be
performed at a turbine w € W be denoted by j € [J,,. Moreover, let the travel time from turbine
w € W to turbine w’ € W be denoted by 7, with an associated cost of ¢, whilst the travel
time from O&M base to turbine is denoted by 7,,. Let d,,; denote the time required to complete job
J € Jw at turbine w € W which has a deadline by which it must be performed denoted by l,,; and
an earliest start date denoted by [, ;. Jobs j € J lead to a failure of the turbine if their deadline is
exceeded and jobs j € J. do not if their deadline is exceeded. The set of jobs is therefore expressed as
Jw = TEUT!. . Jobs that do not lead to a failure are typically regular inspections or annual services.
These jobs must be performed by a specific deadline for contractual and insurance purposes, therefore
there is a hard deadline by which they must be performed. For jobs that lead to a failure, the penalty
cost for late maintenance is equal to the revenue loss for each time where the turbine is offline. Some
ordered job pairs (j,7') € R, where R,, is the set of all job pairs that must be performed at regular
intervals denoted by l_wjj/, i.e. if job j is scheduled at time ¢, then job j’ can only be scheduled after
time t+[wj j+. Jobs also require technicians to perform them. Therefore, let the number of technicians
required for a job j € J,, on turbine w € VW be denoted by p,,; and the number available in ¢t € T be
denoted by p;. The amount of time available, due to weather constraints, to perform maintenance in
each t € T is denoted by e;. To assign each job to a time period the following decision variables are
introduced

S 1 if job j € J, at turbine w € W is scheduled in period ¢t € 7 and
wit ™1 0 otherwise,

[ 1 if turbines w,w’ € W are both assigned to period t € 7 and
Yuuw't =9 otherwise,

z; = the assignment cost of period t € T,

and the following constraints

Zm’wjtzl V’LUEW, jEJwa (1)
teT
yw/wtzxw’j’t+ijt_1 Vt€T7 U),’U)/GW, j?jlejﬂﬂ (2)
2t 2 Cow' Yuww't + Co'wYw'wt Yt E T, w,w' ew, (3)
Z Z ijtéwjpwj + Z Z 2ijtfw S etp; vt € T7 (4)
WEW JETw WEW JETw
Dt >l YweW, j € Ju, (5)
teT
thwjt < le YweWw, je j/un (6)
teT
thwjt + [uzjj’ < Zta:wj’t Yw e W, (.]7.]/) € Ru- (7)
teT teT

Constraint set ensures that every job is assigned to exactly one time period. Constraint set
ensures that if two jobs are assigned to a planning period, they are also assigned to a turbine
pairing. Constraint set determines a worst-case travel cost between the pair of turbines. The
time available to do maintenance in each ¢t € T is limited by the weather accessibility, working hours
of the maintenance teams and the number of technicians available. Therefore, constraint set
is introduced to ensure that the total time spent on maintenance jobs and on travel to and from
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the farm does not exceed the available time. In this scenario a worst case travel time is assumed
where the vessel must travel to and from the farm independently to perform each job in the planning
period, without considering intra-farm travel. The time required and the time available to perform
maintenance are considered as ‘technician time’, which is a function of both time and technicians
available. In this way the ability to schedule multiple jobs in parallel on a given day is captured.
Constraint sets f@ ensure that all jobs are performed after their earliest start date and all non-
failure jobs are performed before their deadline. Constraint set @ ensures that jobs which happen
at regular intervals are not scheduled too close together.

4.2. Spare Parts

A job cannot be performed if the spare parts are not in stock, therefore the following parameters
are introduced. Let ou,;5 denote the quantity of part f € F required to perform a job j € J,. Let
the lead time to acquire part f € F be denoted by Ay and the initial stock in time ¢ € 7 be denoted
by a:. The holding cost is denoted by ™. To track the spare parts inventory and required orders,
the following decision variables are introduced

s = the stock of part f € F at the end of period t € T,
r¢ = the quantity of part f € F ordered in period t € T,

and the following constraints

Sft:Sft71+6éft— Z Z Qo j f Tawjt VteT\{O},f€f7lt—)\f <07 (8)

weW jE€ETw

Sft = Spt—1+ Qpt +Tp-2,) — Z Z QujfTuwje VEET\{0}, feF,:t—Af >0, (9)
WEW JETw

T, spe >0 Ve FteT. (10)

Constraint sets and @ set the stock of spare parts in each time period. Constraint set
ensures that work can only be planned if the spare parts are available.

4.3. Objective Function

Jobs j € J; should be assigned before their deadline and after their earliest start date. If they
are not, then they are subject to a revenue loss which is dependent on how long the job was delayed.
Therefore, the following parameters are introduced. The cost to perform a corrective job j € 7
after failure is denoted by cy,;, whilst the cost to perform a preventative job given no failure is cﬁuj.
The cumulative revenue loss from 0 up to time ¢ € T is given by r;. To track the delayed jobs and
revenue losses the following decision variable is introduced

~_J 1 ifjob j € J, at turbine w € W is delayed and assigned to period t € 7" and
Qwit =\ 0 otherwise,

and the following constraints

ta?wjt Z le - Tmax(l - Owjt) Vt S va € Wa j € \7;17 (11)
tijt S le + (Tmax — le)owjt Vt € T/LU € W, ] S ‘_77;, (12)
Zowjt S 1 Vw S Wa J S j;n (13)

teT

to determine the time at which a maintenance j € J,; is performed if it is performed late.

The revenue loss from performing a job j € J, in a planning period ¢ € T is dependent on
the total duration of jobs assigned to that planning period. If there is only a single job assigned
to a planning period t € T, then it can be assigned to the lowest revenue time in the short term
planning period t € 7. As the total duration of jobs assigned to the planning period increases the
cost of assignment to that period increases. Therefore, the following decision variable is introduced
to determine the utilisation of each planning period

Uy = the utilisation of turbine w € W in period t € T,



and the following constraint set

Uyt = Z TwjtOw; | /&2 YweW,t €T, (14)
JE€ETw

determines the total duration of all jobs at each turbine divided by the time available to perform
maintenance in each time period ¢ € T, i.e. the turbine utilisation.

The objective is to minimise the sum of the revenue losses from performing maintenance; the
costs of travel; the costs of performing maintenance and the inventory holding costs. The objective
function is therefore defined as

min Sy = (15)
3 Y V) + XY (z <>z) (1)
weEW teT weW jeTs \teT teT
teT

Y YAy Y (z (o) + o, (z)) ()
wEW FETL, wEW jET: \teT teT

+ Z Z Sptcinv. (19)
fEFteT

Expression considers both the revenue losses from WT downtime due to maintenance being
performed, plus any revenue losses from WT downtime due to failures at the turbine. The revenue
losses from performing maintenance in a planning period ¢ € 7 denoted by U, is a function of the
total utilisation of the turbine in that planning period u.,;. The revenue losses from failure at a turbine
are the sum of revenue losses between the deadline for a job and the time at when maintenance has
been assigned, only for jobs that are performed late. The assignment cost in is the sum of all
assignment costs for all t € 7. The maintenance cost in is made up of preventative maintenance
costs for all jobs that don’t lead to a failure, plus the preventative costs for failure jobs that were not
scheduled late, plus the corrective maintenance costs for jobs that were performed late. Finally, the
inventory holding cost in accounts for the storage cost of the spare parts.

4.4. Multi-objective Resolve

As indicated by step 3 in the framework presented in §3| when new maintenance jobs arise, the
original tactical maintenance plan must be adapted while simultaneously minimising both the total
cost, including revenue losses, and changes to the original schedule. Let the set of turbines that
originally had jobs scheduled at them be denoted by w € W. Let the set of jobs, from the original
list, that have not been completed by the point of the resolve be denoted by j € J,. The original
assignment variables are denoted by Z,;¢. To track the changes in assignment period for each job the
following decision variable is introduced,

vwj = the change in assignment time for j € Jw at turbine w € W,

and the following constraint set

ij = thwjt — thwjt Yw € W,J S jw- (20)
teT teT

Constraint set tracks how far forwards or backwards in time each job j € J, is moved in the
new schedule. A linearisation of this constraint set is performed. All the constraints, [T] - [14] and
variables, Twjt, Yikts 2, Sft, T fts Owjt, Ywjt, described above are included in the resolve model. The



objective functions are to simultaneously minimise Sy in ((15)) and

Sl = Z Z Uy - (21)

wGVVjij

In other words, the objective is to now minimise both cost and the time magnitude of changes to the
long-term plan.

5. Maintenance Routing and Scheduling Problem

Once jobs are allocated to a long-term planning period ¢ € 7 (e.g., one month), exact schedules
and routes for the discrete planning periods t € 7 must be determined. This is done by solving the
MRSP and the output is a schedule of when maintenance jobs should be performed and the routes
that the maintenance vessels should take. The quality of a route can impact the quality of a schedule
and vice-versa. Therefore they must be solved together to guarantee global optimality.

In this section the formulation of the MILP model for the MRSP is described. In the decision
variables and constraint sets associated with assigning jobs to planning periods t € T are presented.
The decision variables and constraint sets used to model the technicians and spare parts limits are
presented in In the decision variables and constraint sets for modelling WT downtime
are presented and the objective function of the MILP is described in The decision variables,
constraint sets and additions to the objective function necessary for modelling the routing of the
maintenance vessel are presented in

Whilst solved together, it is convenient to separate the formulation description into sets, param-
eters and constraints that affect the scheduling and those that affect the routing. Common sets and
parameters with the long-term job allocation problem keep the same notation, described above in §4

5.1. Job Scheduling

Consider a single long-term planning period ¢t € T and let the index of discrete time periods be
denoted by t € ’7', practically these can be considered as hours of the day for example. Let the set
of discrete maintenance shifts be denoted by d € f), practically these can be considered as days or
consecutive 12-hour shifts. Let t € 7} denote the set of indices in each discrete maintenance shift
and the start and end index for work on each shift as 7' min and T 78, respectively, it is assumed that
T = Usen 74. The length of each shift and its start and end times are determined by the wind farm
operating practices. Each job can only be performed when the turbine is accessible for maintenance
and each job has different accessibility criteria determined by technician working hours and weather
conditions, this is described by the binary indicator

h

~_J 1 ifjobj € J, can be performed at turbine w € W at time t € T and
wIET 0 otherwise.

The accessibility of each job is also determined by its area within the turbine, e.g. nacelle or tower.
Let the set of areas in a turbine be denoted by b € B, the location of each job within a turbine is
described by the binary indicator

B ~_J 1 ifjobj€ Jy at turbine w € W is performed in turbine area b € B and
wib = 0 otherwise.

Moreover, let the maximum number of jobs that can be performed in any of the turbine areas at
once be denoted by B;***. To consider the assignment of jobs to time periods the following decision
variables are introduced



P 1 if maintenance for job j € [J,, is occurring at turbine w € W at time t € T and
wit 0 otherwise,
. _ J 1 if maintenance for job j € J,, is starting at turbine w € W at time t € T and
Yuwit 0 otherwise,
G — 1 if maintenance for job j € J,, ends at turbine w € W at the end of time ¢ € 7 and
wit 0 otherwise,
. J 1 if turbine w € W is visited during maintenance shift d € D and
Qwd 0 otherwise,

and the following constraints

Zgwjt > 1

teT
yij > -i‘ij
Yuwjt = Twjt — Tawj(i—1)

Ywjt S Twjt

Yw e W,j € Tu,

VwEW,jEJun
Yw €W, j € Ju,t € T\ {0},
YweW,j € TuteT,

(23)
(24)
(25)
Uy jifmax = Ly jipmax YW E W, j € T, (26)
(27)
(28)
(29)

ﬁ/wjt > i‘wjt - -’i‘wj(tJrl) Yw € Wa] S jwat € 7—\ {Tmax}, 27
jt < Bwjr YW EW,j € Ju,t €T, 28
D it = Y dwje Yw €W, j € T, 29
teT teT
D Gt = 0w YwEW,j € T, (30)
teT
D0 dugt < |Jwlgwa Yw €eW,d €D, (31)
J€Tw teTy

Twjt < huwje YweEW,j € Tu,t €T, (32)
Duwjt < hwjt Yw eW,j € Tut €T, (33)
Juwjt =0 YweW,j € Tuy,de Dt € Ty:t < TP +7,, (34)
Gjt =0 YweW,j€ Ty, deDt€Ty:t>TP> 47, (35)
(36)

Z FuwjtBujp < B YweW,de D,t € T,beB.
JE€ETw

Constraint set (22 ensures that maintenance is started for each job at least once. Constraint sets
7 and 1' set the start and end times of maintenance, respectively and ensure that
maintenance is only performed once started and before finished. Constraint set ensures that
the number of times a job is started is equal to the number of times it finishes. Constraint set
ensures that the time spent performing maintenance for each job is equal to the required duration
to complete the job. Constraint set tracks which turbines are visited in each shift. Constraint
sets and ensure that maintenance cannot be performed or started when the turbine is not
accessible. Constraint set ensures that maintenance cannot be scheduled before the turbine can
be reached from the base in each shift. Constraint set ensures that maintenance is not scheduled
during times which do not permit travel back to the base at the end of a shift. Constraint set
ensures that the number of jobs occurring in each area of the turbine at any one turbine is less than
the limit for that area.

5.2. Scheduling - Technician and Spare Parts Limits

Each job requires specialised technicians and spare parts to complete it. Let technician type be
denoted by p € P, and the number of technicians of each type required for a job j € J,, on turbine

10



w € W be denoted by p.jp, and their availability in ¢ € 7 be denoted by ﬁ;t. Let the weight of spare
parts required for a job j € [J, on turbine w € W be denoted by @,; and the vessel spare parts
capacity limit be denoted by @w™?*. It is assumed that because of the spare parts planning included
in the long-term job assignment problem, all spare parts needed for maintenance are available. The
number of technicians needed for maintenance at a turbine during any maintenance shift must be
known. If jobs are performed consecutively, only one set of technicians may be needed to perform both
jobs, whereas if they are performed in parallel, multiple sets of technicians are needed. To capture
the number of technicians needed for maintenance at a turbine, and spare parts and technician limits
the following decision variable is introduced,

Swd = the number of technicians needed at turbine w € W for shift d € 137

together with the constraints

Z Z JA'jwjtﬁwjp S ﬁlpt Vp € ﬁ,d € ﬁvt € 7:1 (37)
wWEW JETw

ST il <@ VdeD (38)

wWEW jE€ETw t€7A'd

S duwjthujp < Swa YwEW,d € Dt € Ta. (39)
jEJw pe’]5

Constraint set ensures crew assigned for maintenance do not exceed the crew available. Con-
straint set (38]) ensures the parts being used for maintenance in a shift do not exceed the vessel
capacity limit. Constraint set tracks the total number of technicians needed per turbine in a
shift and is used for the vessel routing constraints.

5.8. Scheduling - Tracking Downtime

Once a job is started the turbine is offline and unable to generate revenue until it is finished.
If the maintenance for a job requires multiple starts the revenue loss will be between the very first
start time of that job and the very last end time of that job. If multiple jobs need to happen on
the same turbine, it will be cost saving to perform these jobs in parallel as the turbine will be offline
anyway. As for the long-term job allocation problem there are penalties for performing maintenance
late, which are a function of how late the maintenance is and whether a corrective or preventative
replacement are required. To track the periods where the turbine is offline, either due to failure or
maintenance, and to track how delayed each job is, the following decision variables are introduced

R 1 from time ¢t € T once job j € J,, has started at turbine w € W for the first time and
wit = 1 0 otherwise,

B2 1 from time ¢ € 7 once job j € J, has finished at turbine w € W for the last time and
wit ™ 1 0 otherwise,

B 1 in time t € 7 when turbine w € W is offline because of job 7 € J and

wit 71 0 otherwise.

- 1 in time ¢ € 7 after first start for job j € J,, at turbine w € W and

wit 7 1 0 otherwise,

02— 1 in time t € T after last finish for job j € J,, at turbine w € W and

wit ™ 1 0 otherwise,

P 1 if turbine w € W if offline in time ¢ € 7 and
Il 0 otherwise,

P 1 for time t € T between a job’s j € T, at turbine w € W deadline and start if late and
wit 0 otherwise,

. _ J 1 ifjobje€ Jy, at turbine w € W is scheduled late and

wi =\ 0 otherwise,
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together with the constraints

Febio < Guwjo Yw €W, j € T, (40)
feli = Gwje YwEW,j € Tu,t €7, (41)

kaie > kb1 YweEW,j€ Tu,t €T\ {0}, (42)

kb < gt + kiyju_y YweW,j € Ju,t € T\ {0}, (43)
(44)

D =1 YweW,j€ T,
teT
w]0>k vwewajejwa

(45)

il < kb YweW,je Ty, teT, (46)
byt S 1=kl 1) YweW,j€ Jut€T\{0}, (47)
(48)

(49)

bt = kge — kb 1y Yw €W, j € Ju,t € T\ {0}, 48
Z@wﬁzl Yw €W, j € T, 49
teT

t055 > thaje — D tiwje Yw €W, j € Tt €T, (50)
t'eT it >t

/ﬁ’LZUjT‘"aX = aijmax Yw € W,] S \711)7 (51)

k2t = 00501y YwEW,j € Ju,t €T \{0}, (52)

k12,l)]t 2 k'w](t 1) Vw € Wa.] € Ju,t € T\ {0}7 (53)

(54)

k20< D sy YweW,jE€ JuteT,

teT it <t

kb = kb — k2 YweEW,jE Tu,t €T, (55)
2wjt =0 Yw EW,j € Tuyt €T 1t < Ly, (56)
Pujp=1— kb YwEW,jE Tut €T 1t > Ly, (57)
™65 > Y Zuwje Yw €W, j € Ju, (58)

teT
D o thn <luy YweW,jE T, (59)

teT

e > ko Yw EW,j € Tu,t €7, (60)
Tt > 2wje Yw €W, j € TiteT. (61)

The behaviour of these decision variables for some job j € 7, is illustrated graphically in Figure [3]
In this example, maintenance begins when ¢ = 2 which is after the deadline l,,;. This implies that
the turbine will be unavailable to produce energy and consequently generating revenue will be lost
until the last time that maintenance finishes at ¢ = 10. Constraint sets ([40)—(43) set l%}ujt to 1 in all
times, once maintenance on a job has started for the first time. Constraint sets . set U to
1 in the time when maintenance starts on a job for the first time. Constraint sets set
to 1 in the time when maintenance ends on a job for the last time. Constraint sets set kwﬂ

to 1 on all times after maintenance has ended for the last time. Constraint set sets kfm to 1 for
times between the very first start and very last finish of a job. Constraint sets (56)) and . track the
periods for each job in which the deadline is exceeded before the start of maintenance. Constraint
set track if a job is started after the deadline. Constraint set ensures that non-failure jobs
are scheduled before their deadline. Constraint sets and capture when the turbine is offline

due to maintenance and due to a failure.

w]t

5.4. Scheduling - Objective Function

The objective is to minimise the sum of the revenue losses from performing maintenance and the
costs of performing maintenance. The revenue generation of a WT in time ¢ € T is denoted by r;.

12
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Figure 3: An example of the behaviour the decision variables for tracking turbine downtime for some job j € J,.

The objective function is therefore defined as

min S = Z metrt (62)

weW tef
U D | X w2 D (—ow)en |, (63)
wWEW JET WEW JET * wWEW jET *

where the term is the total revenue loss due to turbine downtime. The maintenance costs in
(63) are made up of preventative maintenance costs for all jobs that don’t lead to a failure, plus the
preventative costs for failure jobs that were not scheduled late, plus the corrective maintenance costs
for jobs that were performed late.

5.5. Routing

As per [10, 11l 21] a set of drop-off and pick-up nodes are defined for each turbine and a leaving
node and returning node for the O&M base. Let the set of drop-off nodes for the turbines be denoted

by W = {0,. — 1}, the set of pick-up nodes for the turbines be denoted by W = {n,...,2n —1}.
For the O&M base the leave and return nodes are defined as Wi = {2n} and W = {2n + 1},
respectively. Therefore, V = {0,...,2n + 1} is defined as the set of vertices. The set of arcs connecting

the drop-off and pick-up vertices for the turbines is defined as A¥ = {(i,k) Vie W, ke {)WU W} :
k#idyU{(i,k)Vie W,k e {IWUW?} : k # i,k #i—n}. All routes must start at the O&M base
and the set of arcs connecting the base to the drop-off vertices are defined as A% = {(2n,i) Vi € W}.
All routes must also finish at the O&M base and the set of arcs connecting the pick-up vertices to
the base are defined as A% = {(i,2n + 1) Vi € {WW UW%}}. Therefore, A = A¥ U A% U A% where
A denotes the set of arcs that connect the drop off and pick up nodes for the turbine and the base
with (i, k) as the index. The routing problem is then defined on the graph G = (]},A), illustrated
graphically in Figure [4

The routing is defined over the same periods as the scheduling. The travel costs are the same as
for the long-term job allocation problem. The vessel also has a technician capacity limit of p™**. The
objective is to produce a set of routes that drops off and picks up the required numbers of technicians
in time for their maintenance to be performed at a turbine for each shift d € D at the minimum cost.
Therefore the following decision variables are introduced:

o011 if arc (i, k) € A is traversed in shift d € D and
k=0 otherwise,
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O Drop-off vertices, W

‘ Pick-up vertices, w

l:’ Depot leave vertex, Wdl

. Depot return vertex, Wdr

—® Drop-off arcs

- -» Pick-up arcs

war I

Wdl

Figure 4: Example graph for a wind farm and O&M base.

f;4 = the arrival time  at vertex i € V on shift d € 25,

Diq = the number of technicians on the vessel after leaving vertex i € v,

together with the constraints

ZTikd = Qkd

>

i:(i,k)e Awu Ad

>

i:(k,i)eAdl

>

kewuwdr

>

iEWUWl
tia > Thid (Ténin + Tki)
fig < Tipex
tiq > T
Z thije > tia
teTq

> (1) dimnyje < tia
teTq

Thid = (ra
Tikg = 1

Tigka = 1

tia < t(isnya

tida — tha + Tik, < ’dex T (1 — Ziga)

twd S Td de + ‘Ténax Tmax (1 - (jwd)

thd S TénaXCj(wfn)d + ‘Ténax - Tén—alx (1 - qA(wfn)d)
Pkd — Pid + 8ka < P (1 — Tiga)

Prd — Did + 8kd = =P (1 — Tiga)

Dkd — Did — Skd < P (1 — Zika)

Prd — Did — 8kd = =P (1 = Tiga)

Did = ﬁ(iﬂ)g

max

pzd<p
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VkeW,d e D,
VkeW,deD
Vie Wl deD
Yk e Wi, d e D,

VEe W ieW,deD
Vie W d e D,
Vie W d e D,
VieW,je Ji,deD,

Vi Ew,deﬁ,j € Ji—n,

Vi e W,d € D,

V(i,k) € A,d €D,

Yw e W,d e D,

Yw e W,d e D,

Vie WUWUWH ke WUW? deD,
Vie WUWUW ke WUuW? deD,
Vie WUWUWX ke W, deD,

Vie WUWUWX keW,deD,
Vie Wl deD,

Vie Wl deD



Constraint sets and ensure flow conservation for each node and ensure that the visits to each
turbine per shift are equal to the number of scheduled visits in that shift. Constraint sets and
(67) stipulate that the vessel can only leave and return from the O&M base once per shift. Constraint
sets and fix that the vessel can’t leave the base before the start of a shift, and it must return
to the base before the end of the shift. Constraint set 1.’ ensures that the vessel doesn’t return to the
depot before the start of a shift. Constraint sets 73) set the drop off and plck up times at each
turbine, and ensure that the pick up time is after the drop off time. Constraint set (| ensures travel
time consistency with each turbine and acts as an MTZ subtour elimination constraints. Constraint
sets ([75)) and fix that the technicians must be dropped off and picked up before the end of the
day. The technicians on the vessel after leaving a node are tracked using constraint sets 7.
The first two constraint sets track the technicians for the drop-off nodes, whilst the latter two track
the technicians for the pick-up nodes. The technicians required for the pick-up nodes are the inverse
of those needed for the drop-off nodes, i.e., ;4 = —8(j4n)a- The technicians required for the O&M
base nodes are set as 0. Finally constraint sets and ensure that the vessel returns to the
base with the same number of technicians as it left with, and that there are not more technicians on
the vessel than the vessel capacity limit, respectively. The objective function of the routing is then
to

min g = Z Z‘%ijdcij' (83)

(i,j)€A deD

6. Solution Method

As the problem considered in this paper is an extension of the VRPDP it is an NP-hard problem
and therefore an exact solution approach is not practical for large instances. Therefore, a matheuristic
and metaheuristic, based on ALNS are proposed.

6.1. Adaptive Large Neighbourhood Search

The main steps of the solution methods are outlined in Algorithm [I} ALNS utilises the principle
that large neighbourhoods contain better quality solutions than small ones and adaptively applies
destroy and repair operators to a solution based on the historical performance of the operators [23].
In the proposed method, destroy and repair operators are combined into a single set of neighbourhood
operators. The proposed ALNS also utilises the Metropolis acceptance criterion, commonly applied
in a simulated annealing framework [22], which allows acceptance of worsening solutions so that in
early iterations a large solution space is explored and in later iterations as the acceptance criteria
becomes stricter and the acceptance of high-quality solutions is prioritised.

A solution is represented by, s = {s!,52,s3}, where s' = {(w,7) : y} and s = {(w,j) : u} are
maps representing that job (w,j) Vw € W, j € J,, starts and ends at time indices ¢t € T in the lists y
and u, respectively. Moreover, s3 = {d : [(i,%;4), ia)]} is a map containing a list of tuples representing
the order in which vertices i € V are visited together with the arrival time of the vessel at that vertex
and the number of technicians on the vessel after leaving the vertex Vd € D. The objective function
value denoted by z(s) is an abstraction of S+5+ Pe where Pe is the sum of penalty terms applied
to infeasible solutions, described in more detail in

An initial schedule is constructed following the steps described in Algorithm [2| (line 1) and the
route for the initial schedule is constructed following the steps described in Algorithm (3| (line 2),
together these form the initial solution (line 3). The initial objective function value is then computed
(line 4). Then the required parameters are initialised (lines 5-11). The current best solution, and
current accepted solution are denoted by s* and s, respectively. The initial temperature Ty is set
using the method described by Ben-Ameur [3] and the cooling schedule follows the geometric cooling
schedule introduced by van Laarhoven & Aarts [22]. The main loop of the algorithm then begins in line
12 and continues until either the maximum number of iterations, denoted by n = N™2* or the number
of non improving iterations denoted by 1™ exceeds N™?**. A neighbourhood operator i € Z, where Z
denotes the set of operators, is then selected using the roulette wheel method described in Algorithm 4]
(line 13). The probability that an operator ¢ € Z is selected, is dependant on a minimum weighting
Wnin, the total number of times that operator leads to an improved solution k:f , the total number of
times that operator has been selected k;, the number of iterations since the probability of acceptance
has been updated 1*P42*¢ and the number of iterations after which probabilities of selection should be
updated 1™, In particular, n"Pdat¢ is initialised as 0. The neighbourhood operator then generates
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a set of neighbouring schedules denoted by 3 € S (line 15) where at this stage § = {s',s?}. For
each neighbouring schedule 5 € S, the routes 5% are constructed and 5 = {s',52,5%} is the complete
neighbouring solution (lines 16-19). The neighbouring solution with the best objective value, denoted
by &, is selected (line 20), if this neighbouring solution improves the current best solution then the
neighbouring solution is accepted as the new best solution (line 21). If it is worse, it is accepted as
the new current solution using the Metropolis acceptance criteria (line 22). The relative iteration
counters are updated and the loop continues.

Algorithm 1 Algorithmic Pseudocode for ALNS.

Input: Input data for parameters and sets, maximum number of iterations (Npax),
maximum number of non-improving iterations (N, ), minimum neighbour-
hood weight (wpin), iterations to update neighbourhood weights (7*¢"), max-
imum nodes for shift in routing heuristic (™), the set of neighbourhood

operators (Z), matheuristic boolean
Output: The best solution s*

1: s, 52 « INITIAL_SCHEDULE > Algorithm
2: 53, infeasibilities +— ROUTING(s!, 52, matheuristic) > Algorithm
3 8« {s!,s?, 5%} > Construct initial solution
40 2%+ z(s) > Obtain initial objective value
5: 8% ¢ s

6: Ty < Initial Temperature

7. pupdate ¢ > Initialise roulette wheel parameters
8 N+ 0 > Initialise roulette wheel parameters
9 ki« 0Viel > Initialise roulette wheel parameters
10: kf < 0Viel > Initialise roulette wheel parameters
11: while 7 < Npax and 0 < N do
12: i,n"Pdate < NEIGHBOURHOOD_SELECTION(Z,n,n Pdate preset 1 0, KT K, infeasibilities)
13: ki< k; +1 > Track number of times an operator is selected
14: S + GENERATE_NEIGHBOURS (%)
15: for all 5 € S do
16: 53, infeasibilities +— ROUTING(3!, 52, matheuristic boolean)

17: 5+ 35U3

18: end for

19: s’ + argminges 2(38)
20: if z(s') < z(s) then
21: s+ &
22: k;r — k;" +1 > Track successful applications of an operator
23: else if Metropolis acceptance criteria met then > Simulated annealing
24: s« g
25: end if
26: if z(s*) < z* then > Update best found solution
27: s* s
28: 2"+ z(s)
29: n" <+ 0
30: else
31: nt—n"+1
32: end if

33: n<n+1
34: end while
35: return s*

6.2. Initial Schedule

The initial solution is generated using a greedy heuristic described in Algorithm [2| First the jobs
for the wind farm are sorted into a list, denoted by j, by increasing deadline and then by decreasing
duration such that the jobs with the earliest deadlines and longest durations are assigned first. This
is denoted by the function SORTED(J) in line 3. Next a list of jobs, with unassigned start and end
times, is compiled Yw € W, j € J., denoted by J,, in line 4. A counter k is initialised as 0 in line 5
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Algorithm 2 Initial Schedule.

Input: Input data for parameters and sets
Output: The initial schedule s', s

1: procedure INITIAL_SCHEDULE(wind farm and job parameters and sets)

2 Initialise s!, s2

3 Jj < SORTED (J)

4: Jw +{j € T} Ywew > All unassigned jobs at same turbine
5: k=0
6

7
8
9

while k < |7| do

j < ilK]
w—weW:j € Ty

: if j ¢ J, then > Skip assigned jobs
10: k=k+1
11: else
12: To < GET_ACCESSIBLE_WINDOWS(w, j)
13: if 7, =0 then > No accessible windows
14: 7o < GET_ACCESSIBLE_WINDOWS_RELAXED(w, j)
15: end if
16: stw, j] + [min(7,)]
17: s2[w, j] + [max(T,)]
18: if |jw‘ > (0 then > Check for remaining jobs at turbine
19: for all j € 7, do
20: if CHECK_CONSTRAINTS(w, j, T,) then > Ensure constraints not violated
21: stw, j] + min(T,)
22: s2[w, j] - min(7,) + 6wy > Schedule for duration of job
23: Tw — Tuw \ {7} > Job assigned
24: end if
25: end for
26: end if
27: k+Fk+1
28: end if
29: end while
30: return s', s

31: end procedure

and the main loop of the algorithm begins in line 6 and continues until all jobs have been assigned.
The job in the k-th position of j is selected and it is checked if it has already been assigned a start
and end time in lines 7-9. If it has already been assigned a start time then the job is skipped (line
10). Otherwise the start time corresponding to an accessible period, which does not break technician
or spare parts constraints, with minimum revenue loss and before the job deadline is found. This is
denoted by the GET_ACCESSIBLE_WINDOWS function in line 12, mathematically this is expressed as

T = argmip{z Ty

teT teT,
Tal = 6uwj»
|7:1| = Z }Aleta
teTa

mint € Ty < lyj,

Pparts (771) S d}maxv

Ptechs (7:1) S ﬁpt}?
where Ppgris (Ta) and Piecns (T,) ensure that the number of spare parts and the number of tech-
nicians being used for all jobs assigned to that time, including the job being assigned do not ex-

ceed the capacity and availability constraints and , respectively. If there are no feasible
periods left to assign jobs that are before the job’s deadline or do not break technician or spare

17



parts constraints, i.e. T, = (), jobs are assigned to the accessible period with minimum revenue
loss using the GET_ACCESSIBLE_ZWINDOWS_RELAXED function, in lines 13-15, which is the same as
GET_ACCESSIBLE_WINDOWS without the deadline, spare parts or technician constraints. Once the
time windows are identified, the schedule s' and s? are set for job j and turbine w in lines 16 and 17.
Then if there are other jobs at the same turbine which have not been scheduled, these are scheduled to
be performed at the same time if the technician and spare parts constraints are not violated, denoted
as the CHECK_CONSTRAINTS function in lines 18-23, which is the same as Pparts (74) and Prechs (Ta)-
The counter is updated and the loop continues.

6.3. Routing Heuristic

For a given schedule, routes are constructed using either the exact method with relaxed time con-
straints implemented in CPLEX, for the matheuristic approach, or using a routing heuristic described
in Algorithm 3| The routing heuristic has been developed for efficient solutions providing a route for
each shift of a schedule (s, s2). The algorithm begins by checking if the boolean variable matheuristic
is set to true in line 2. If this is true, then a relaxed version of the routing problem, 7, is
solved independently for each d € D by relaxing the constraints , , and (76]), in lines
3-5 using the RELAXED_EXACT_SOLVE function. In this instance the scheduling variables Gya, Juw;t
and §,q are all parameters determined by s' and s?. If the boolean variable matheuristic is false
then a simple heuristic is employed in lines 7-12. First an initial solution for the route for each day
is constructed using the CONSTRUCTION_HEURISTIC function in line 8. More specifically in the con-
struction heuristic, the drop-off nodes are first ordered by earliest required arrival time and distance
from the depot. The drop-off node for the turbine with the earliest arrival time that is closest to the
depot is selected as the first node on the tour. Then the technicians required for jobs at the next
drop-off and all remaining drop-offs are calculated. If there are enough technicians available on the
vessel to perform all remaining drop-offs the rest of the route is constructed by visiting the drop-off
nodes in order and visiting the pickup nodes in reverse order. If there are not enough technicians
available on the vessel to perform all remaining drop-offs the following steps are taken. If there is
time to wait at the current drop-off for the maintenance to be performed before heading to the next
node, the pick-up node for the current drop-off is selected as the next node in the tour. If there is
not time to wait, then it is checked if there are enough technicians on vessel to visit the next drop-off
node. If there are enough technicians, the next node in the tour is selected as the drop-off node for
the nearest turbine. If there are not, the vessel will visit the nearest pick-up node of the turbine with
the earliest finish time until there are enough technicians to perform the next drop-off. This process
continues until all drop-off nodes have been assigned to the tour. The return tour is then constructed
as the inverse of the drop-off tour, excluding nodes where the pick-up has already been visited. The
time of arrival at each node and the number of technicians on the vessel after leaving a node are
tracked.

An improvement heuristic is then used to find valid routes with a lower cost using the N-
NODE_SWAP function in line 10. The 2-opt swap heuristic [I] was used but did not return satisfactory
solutions. This is mostly likely due to the asymmetry of the problem. The vessel must arrive at a
drop-off node before a specific time and at a pick-up node after a specific time and it must visit
the pick-up node for a turbine only after it visits the drop-off node. Therefore, an n-node swap im-
provement heuristic is proposed, illustrated graphically in Figure 5] with only valid node combinations
shown. In this method all possible combinations of n-nodes in the tour are generated, excluding the
first and last nodes which must be the O&M base leave and return nodes, respectively. For each
combination of n-nodes and all permutations of a tour these n-nodes are swapped and new tours are
generated. Tours where the pick-up node occurs before a drop-off node are discarded and the cost of
the tour including penalties is calculated. The tour with the best cost is selected. This method does
not scale efficiently for very large tours, it was found for a tour with more than six drop-offs to be too
computationally expensive regardless of the choice of n. Therefore, only the construction heuristic is
used for tours longer than this. To avoid excessive computational time the number of nodes to be
swapped is capped at n™?*, for this problem four was found to be an acceptable limit. Once routes
are computed, if there is an infeasible route the reason for infeasibility for a given shift is returned
and this reason is used to select neighbourhood operators in Algorithm [4]

6.4. Objective Function

The objective function is the same as for the MIP formulation described in §5] To explore a
larger solution space infeasible solutions are permitted but are penalised in the objective function.
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Algorithm 3 Routing.

Input: Input data for parameters and sets, a schedule ({s', s}), matheuristic boolean
Output: A constructed route s3, infeasibilities
1: procedure ROUTING(s!, %)
2 if matheuristic then
3 for all d € D do
4 s3[d] +~RELAXED_EXACT_SOLVE(s!, 5?)
5: end for
6: else
7 for all d € D do
8 s3[d] +~CONSTRUCTION_HEURISTIC(s!, 5?)
9: if Number of drop-offs on d < 6 then
10: s3[d] <+~ N-NODE_SWAP(s', s?)
11: end if
12: end for
13: end if
14:  for alld € D do

15: if Route is infeasible then

16: Acquire reason for infeasibility
17: end if

18: end for

19: return s>, infeasibilities

20: end procedure

Figure 5: Example of 4-node swap heuristic for a 6 node tour with only valid combinations of swaps shown.

Jobs j € J/! which are scheduled after their deadline are penalised by Pe!2 for each period between
their deadline and start of maintenance. Each period that a job is scheduled in a time period that is
inaccessible is penalised by Pe®. Similarly, the technicians required; parts being used; and job loca-
tion constraints are penalised by the amount they are exceeded multiplied by Petech, peparts peloc,
respectively. If the route on any day is infeasible the reason for infeasibility is returned, in addition
to penalty costs, as this guides the selection of which neighbourhood operators to apply. Infeasible
routes are penalised in four ways. A late return to the O&M base is penalised by PePaselate: g Jate
drop off at a turbine is penalised by Pe"''2¢: a route that is too long to perform in the shift is
penalised by Peroutelong: and insufficient technicians on the vessel to perform the next job in the tour
is penalised by Peroutetechs

6.5. Neighbourhood Operators

Neighbouring solutions 5 € S are created by employing a neighbourhood operator ¢ € Z. For
this paper 7 different neighbourhood operators are proposed: 1-1 interchange, 1-0 interchange, slide,
split, merge, split-slide and parallelisation. To explore a large neighbourhood space stacking of neigh-
bourhoods where multiple neighbourhood operators are applied sequentially in one go is allowed. An
example, based on the 1-1 interchange operator, is illustrated graphically in Figure [6]

1-1 interchange. The 1-1 interchange operator takes two jobs, in different shifts, and swaps the start
times for each job, i.e., swapping the shifts on which jobs are done. Only valid swaps are considered
and the jobs to be swapped are selected based on their penalties and if there are no penalties they
are selected randomly. This neighbourhood is stacked with the split, merge, split-slide, parallelisation
and slide operators.
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1-1 Interchange

v Y v Y v

Split Merge Split-Slide Parallelisation Slide
3 5 5, 53 54 55 o

Figure 6: Example of stacking neighbourhood operators. In this example the 1-1 interchange operator generates six
neighbouring schedules 8p—85. One where just the original operator is applied, 8¢, and five where other neighbourhood
operators are subsequently applied to the neighbouring schedule 5.

1-0 interchange. The 1-0 interchange operator takes one job and moves it to another shift. The
job selected is based on the one with the highest penalty costs associated and if there are no penal-
ties it is selected randomly. The start point of the selected job is set so that the revenue loss from
performing that job in the shift is minimised. This neighbourhood is stacked with the split, merge,
split-slide, parallelisation and slide operators. When this neighbourhood is selected based on routing
infeasibilities there is no stacking applied.

Slide. The slide operator takes one job and moves the start point of that job within its shift.
The job selected is based on the one with the highest ratio between revenue losses from performing
that job and the average revenue losses for a shift. The start point of the selected job is evaluated
for all feasible start points within the shift. This neighbourhood is stacked with the split, merge and
parallelisation operators. When this neighbourhood is selected based on routing infeasibilities there
is no stacking applied and multiple jobs are shifted based on how late the arrival at each turbine is.

Split. The split operator takes a job which has more time scheduled for maintenance on a given
shift than is available to perform maintenance in that shift and moves a portion of the job to the
adjacent shift. This is illustrated graphically in Figure[7] The job selected is based on the one with
the largest penalty for scheduling in an inaccessible period. A job can be split multiple times across
multiple shifts. This neighbourhood is stacked with the 1-0 and split-slide operators.

Original Schedule
N
N
\

” / 7 %
7 7 // //

/) /) 7 /) /,

Split Maintenance

6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Time
71 Inaccessible Periods Scheduled Maintenance

o
—-
N
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Figure 7: Example of split operator applied to a job.

Merge. The merge operator is the opposite action to the split operator. It takes a job which
has been split and merges some of the splits. This neighbourhood is stacked with the 1-1, 1-0 and
slide operators.

Split-Slide. The Split-Slide operator takes a job which has been split and moves the start points of
each split. It does this in an identical manner to the Slide operator. This neighbourhood is stacked
with the merge operator.
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Parallelisation. The parallelisation operator takes a turbine with multiple jobs and schedule the
jobs to occur in parallel if constraints are not violated. The principle is that performing multiple
jobs on the same turbine at the same time is beneficial as the total downtime of the turbine due to
maintenance for these jobs will only be equal to the duration of the longest job. This neighbourhood
is stacked with the 1-0 and merge operators.

Repair. If there is an infeasible route the reason for infeasibility for a given shift is returned and a
repair operation for that route is applied. If the reason for infeasibility is a late return to the O&M
base or a late drop off at a turbine then the slide operator is chosen to be performed either on the
last job before return to the O&M base or on the first late drop off, respectively. If the reason for
infeasibility is a route which is too long for the accessibility window, the 1-0 interchange operator is
chosen for the job with the longest travel time.

6.6. Neighbourhood Selection

Neighbourhood operators are selected according to the roulette wheel approach, where a neigh-
bourhood operator is selected based on a probability of selection. This is described in Algorithm [4

Algorithm 4 Neighbourhood Selection.

Input: Input data for parameters and sets, the iteration number of the ALNS (n),
the number of iterations since the last update (n'P42t¢)  the iterations after
which neighbourhood weights should be updated (7™¢"), the minimum weight-
ing of an operator (wpin), the number of improved solutions generated by a
neighbourhood operator i € Z (k;), the number of times that neighbourhood

operator ¢ € Z has been selected (k;), infeasibilities
Output: Neighbourhood operator to use ¢, the number of iterations since the last update

(nupdatc)
1: procedure NEIGHBOURHOOD_SELECTION(Z, 77, piPdate preset oy ok, k;)
2 if n =0 then
3 for all i € 7 do
4: w; — \%I > Initially equal weightings
5: Initialise p; using
6: end for
7 i < wetghted random selection
8 else if s3 is infeasible then
9: i < REPAIR(infeasibilities)
10: else
11: if nupdate — nreset then
12: for all7 € 7 do
13: Update w; using (84)) > Update weightings based on success rate
14: Update p; using (85)
15: end for
16: nupdate —0
17: end if
18: i < wetghted random selection
19: end if
20: nupdate — ,r}update + 1
21: return i, nuPdate

22: end procedure

In the first iteration of the main ALNS loop all neighbourhood operators are set to have an equal
probability of selection in lines 2 - 6 and a random neighbourhood operator is selected in line 7. If
after the first iteration there is an infeasible route, the REPAIR operator is selected in lines 8-9. If
there are no infeasible routes then, after 77" iterations the probability of selection is updated based
on a weighting for each neighbourhood in lines 11-17. The weighting denoted by w; of neighbourhood
operator ¢ € 7 is based on the success rate of each neighbourhood operator in leading to an improved
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solution and is determined by

kT
w; = max <l, wmin) (84)

ki

where k:z+ is the number of improved solutions generated by a neighbourhood operator ¢ € Z; k; is
the number of times that neighbourhood operator i € Z has been selected and wy;, is the minimum
weighting for a neighbourhood operator. The probability p; of selecting neighbourhood operator i € Z
is then

W;
N ST
iez Wi

A neighbourhood is then randomly selected based on these probabilities in line 18 and the number
of iterations since an update n"P42* is incremented by 1 in line 20.

(85)

7. Computational Experiments

Computational experiments to evaluate the efficacy of the proposed framework and solution meth-
ods were carried out using historical data from an operational OWF in the UK. The OWF is composed
of 27, 2.3 MW turbines and it is serviced using a single crew transfer vessel (CTV). Data were avail-
able from the maintenance logs, turbine and weather monitoring systems, historical weather forecasts
and historical power prices. Two distinct experiments were undertaken:

1. A comparison of CPLEX, the ALNS metaheuristic and the ALNS matheuristic for solving the
MRSP.

2. An evaluation of the full tactical and operational framework against the historical maintenance
costs.

The aim of the first experiment is to evaluate the performance of the ALNS solution methods
against the exact solution given by CPLEX comparing objective function value and time to reach a
solution. The aim of the second experiment was to compare the solutions produced by the long-term
job allocation and MRSP models within the presented framework against the historical maintenance
plans to determine the effectiveness of the framework. In both experiments the following key assump-
tions are made:

1. Spare parts are always available.
2. Vessels are always available.
3. Technicians are always available.

Assumptions 1 and 2 were confirmed as valid by the maintenance teams at the wind farm being used
for case study. Assumption 3 is made because access to the staff availability data is not possible.

The code for all experiments was written in Python with CPLEX 20.1.0.0 as the solver. The code
was run on a Dell PowerEdge R740 machine running Scientific Linux 7 with an Intel Xeon Gold 6234
processor @ 3.3GHz using a maximum of 10 threads when models were solved using CPLEX and a
single thread for the ALNS solution method. For both experiments hyperparameters for the ALNS
method were set according to their values in Table The hyperparameters were found through a
grid-search hyperparameter tuning on two weeks of data. All penalty terms that are not related to
routing are multiplied by the maximum revenue generation in time ¢ € T, ie. argmax, {7 }. Other
experimental parameters can not be provided due to the confidentiality of the data.

Table 2: Tuned Hyperparameter values for the ALNS.

Nmax 2500 || Nmax* 1875 || Wmin 0.1
,r]rcsct 125 pmax 4 Pelatc 10

Pe® 0.05 Petech 0.05 Peparts 1.5
PGIOC 1.5 Pebaselate 0.1 Pewtlate 0.1
Peroutelong 0.05 Peroutetechs 0.1
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7.1. MRSP Solution Method Comparison

In this experiment the MRSP was solved for the 12 busiest weeks at the case study windfarm.
Each week was solved independently and the maintenance jobs that were historically performed that
week were the jobs input into the MRSP. The schedules and routes for each week were solved using
CPLEX, ALNS metaheuristic (ALNS-m), and ALNS matheuristic (ALNS-ma). The maximum solve
time for CPLEX was set to 7200s. The results of the objective function values, MIP gaps and
Lower Bound (LB) gaps, and the run times are shown in Table 3] The objective function values are
normalised against the historical baseline costs, for confidentiality reasons, so that a value of 100%
means that no improvement was made over the historical maintenance schedules.

Table 3: Objective function value, MIP & LB gap, and timing results of solution methods for a 12-week period at the
case-study OWF.

Week CPLEX ALNS-m ALNS-ma
Score (%) MIP Gap (%) Time (s) | Score (%) LB Gap (%) Time (s) | Score (%) LB Gap (%) Time (s)
1 99.37 2.85 7202.02 98.61 2.13 62.58 98.79 2.08 735.27
2 37.92 0.01 0.92 38.95 1.28 4.15 39.15 3.24 28.82
3 22.05 0.01 100.83 22.79 2.67 12.75 22.81 3.47 5.72
4 83.61 5.65 7201.40 84.49 7.10 26.34 84.01 5.43 66.84
5 52.24 3.20 7202.70 52.06 0.79 12.21 52.20 3.22 11.08
6 56.42 4.65 7200.09 56.51 5.04 130.65 56.21 4.49 164.18
7 62.48 2.58 7201.33 60.87 0.00 71.84 60.87 0.00 7.69
8 14.65 0.00 0.87 14.65 0.00 4.52 14.65 0.00 16.80
9 16.08 0.00 12.91 16.08 0.00 5.98 16.08 0.00 35.06
10 41.03 0.00 3.82 41.03 0.00 7.09 41.60 0.62 19.92
11 63.81 1.95 7201.29 62.56 0.00 227.33 62.56 0.00  6528.94
12 97.29 2.51 7204.77 98.68 4.05 39.05 97.69 2.58 973.24
Total | 50.91 - - | 50.76 - - | 50.78 - -

It is shown that over the 12-week period all three solution methods lead to an approximately 49%
improvement in total maintenance costs. In weeks 1 and 12 the historic maintenance schedule cost is
very close to the costs obtained in the computational experiments. In a comparison of the solution
methods the ALNS-m and ALNS-ma methods obtain equivalent or better objective function values
than CPLEX for 7 out of 12-weeks but at significantly reduced solution times, in particular the
ALNS-m which is 84 times faster on average. In the cases where ALNS-m and ALNS-ma outperform
CPLEX it is when CPLEX was not able to reach the optimal solution within the specified time
limit, indicating that these solution methods can lead to faster and higher quality solutions. In
the cases where they obtain a worse objective function value the ALNS-m and ALNS-ma are on
average only 0.8% absolute and 0.7% absolute worse than CPLEX, respectively. Given the solution
speed and relatively quality, the ALNS-m is proposed to be used as the solution method for solving
large instances of the MRSP and was selected as the solution method for the second computational
experiment. The revenue losses and routing costs, for the historic maintenance schedules and the
schedules produced by the three solution methods, as a proportion of total maintenance costs are
presented in Table [4]

As can be seen for weeks 1 and 12 the historic revenue losses make up only 2.2% and 4.2% of
the total maintenance costs, respectively, and the routing costs only make up 1.9% and 2.0% of
the total maintenance costs, respectively. Given that in these tests corrective maintenance could
not be performed in advance of any failures, the scope for making savings on the repair costs was
limited. Therefore, for weeks when the revenue and routing costs only make up a small proportion
of the overall costs, the absolute improvement of optimised maintenance schedules is small. In weeks
where the revenue losses account for a larger proportion of total maintenance costs, the schedules
produced by the three solution methods lead to significant savings in the total maintenance costs,
for example weeks 3 and 8. Across all 12-weeks revenue losses go from accounting for 44.6% of total
maintenance costs to only 6.4%, 3.8% and 4.4%. The routing costs go up from accounting for 2.8%
of total maintenance costs to 4.0%, 4.4% and 4.1%; however, whilst the proportional cost of routing
has increased, the absolute routing costs have decreased. The largest reduction in maintenance costs
is driven by the significant reduction in revenue losses, as the routing costs make up only a small
proportion of the total maintenance costs.

An example of the difference in plans between the historic and computed maintenance schedule,
produced using CPLEX for week 10, are given in Figure[8] Job 2 was scheduled for the same time in
both the historic and optimised plan but jobs 1 and 3 were brought forward to happen towards the
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Table 4: Revenue loss and routing costs as a proportion of total maintenance costs.

Week Revenue loss as a proportion of total costs | Routing costs as a proportion of total costs
CPLEX ALNS-m ALNS-ma Historic | CPLEX ALNS-m ALNS-ma Historic
1 1.0% 0.4% 0.3% 2.2% 1.8% 2.1% 1.9% 1.9%
2 13.2% 8.3% 7.6% 59.5% 8.1% 11.9% 12.0% 10.7%
3 7.6% 7.3% 8.8% 77.9% 6.0% 8.3% 7.5% 3.0%
4 2.1% 1.9% 1.4% 17.6% 4.6% 5.4% 4.2% 4.3%
5 4.0% 0.4% 1.5% 48.9% 4.5% 4.6% 6.4% 3.4%
6 1.7% 0.9% 0.6% 20.2% 4.8% 4.7% 4.8% 1.3%
7 4.6% 3.2% 3.0% 39.9% 3.1% 3.8% 3.8% 2.4%
8 27.4% 15.7% 20.6% 87.6% 11.1% 8.9% 12.1% 3.4%
9 20.3% 17.6% 15.6% 86.9% 10.0% 7.2% 3.9% 1.9%
10 23.9% 16.8% 21.7% 48.4% 3.5% 3.6% 2.4% 2.8%
11 5.3% 0.1% 0.1% 11.3% 3.3% 4.6% 4.4% 2.4%
12 0.2% 0.2% 0.1% 4.2% 3.3% 4.7% 3.3% 2.0%
Total |  6.4% 3.8% 4.4% 44.6% | 4.0% 4.4% 4.1% 2.8%

start of the week, which were lower revenue periods, rather than the end of the week. The historic
weather forecasts at the start of the week revealed that the forecasted accessibility windows match
those that were experienced, therefore the differences in schedules cannot be explained by inaccurate
weather forecasts. A potential reason for the difference could be technician availability on a given
day. Due to data unavailability this cannot be investigated.

Job 3

2]
< Job 2
S,

Job 1

Day 0 Day 1 Day 2 Day 3 Day 4 B Day 5 Day 6 Day 7
Time Windows
Il Optimized Schedule B Overlap (Optimized & Historic)

Il Historic Schedule Il Inaccessible

Figure 8: Example of historic and computed maintenance schedule, produced using CPLEX, for week 10.

7.2. Combined Tactical and Operational Framework FEvaluation

The combined framework presented in §3| was evaluated against the historical maintenance plans
for a full year of operation. This provides the longest comparison between maintenance plans, that
were performed in practice, with those provided by a model. The initial long-term job allocation was
first performed for the list of jobs that need to be performed at the OWF every year, for example
annual services and inspections. This list was confirmed through discussion with the maintenance
team at the OWF. Then the ALNS-m was used to solve the MRSP on a rolling weekly basis with new
jobs appearing based on their historical notification date. Two strategies were investigated to select
which solution of the resolved long-term allocation, when new jobs arose, to accept. A strategy which
always accepted the minimum cost solution and one that selected the minimum disruption solution.
The initial solve and all resolves of the long-term job allocation problem were solved using CPLEX.
The initial solve had a 7200s time limit whilst the resolves had a 600s time limit. The revenue loss
due to WT maintenance downtime in the objective function of the long-term job allocation problem
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is dependent on a function U,; which is a function of the total utilisation of the turbine in that
planning period w,:. The function, an example of which is illustrated graphically in Figure [0 is
non-linearly increasing with utilisation. To avoid non-linearities a piecewise linear approximation for
different values of utilisation was used, an example of which is also shown in Figure [

1.0 4 —— Cost-Utilisation Curve
Piecewise Linear Approximation

0.8 A

0.6 1

Cost

0.4 A

0.2 /

_~
/

0.0 { Omrmpm———"

0 20 40 60 80 100
Utilisation (%)

Figure 9: Example cost against utilisation curve and piecewise linear approximation.

The results of the initial long-term job allocation solution against the historical maintenance plan
are shown in Figure The initial long-term job allocation solve produced a plan with a cost of
81.14% of the historic plan and a MIP gap of 0.26%. As can be seen more work was prioritised
towards the start of the year in the computed plan and jobs were more evenly distributed throughout
the year.

100% | == Cumulative Model Cost
—— Cumulative Baseline Cost
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Figure 10: Chart showing the cumulative weekly cost of the computed initial long-term schedule and the historical
baseline initial schedule. Only jobs considered in an initial long term plan, such as annual services, have been included.

The development of the long-term plan with new information is shown in Figure Both the
minimum cost strategy and minimum disruption strategy with the solution from the MRSP lead to
an improvement of 66% and 65%, respectively over the historic maintenance plans. Both strategies
prioritise performing work earlier in the year compared to the historical strategy. The strategy which
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selects the resolved long-term maintenance plans based on minimising cost leads to a larger saving
compared with the strategy that selects the resolved long-term plans based on minimum disruption.
This is as expected; however, the magnitude of improvement is only 1% over the course of the
full year. The total cumulative disruption incurred by two strategies is shown in Figure [2] The
minimum disruption strategy leads to a total cumulative disruption of approximately 20% of that of
the minimum cost strategy. Given the minimal difference in costs between the two strategies, it may
be preferable for the maintenance teams on site to apply a minimum disruption strategy to facilitate
more consistent planning.
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Figure 11: Chart showing the cumulative weekly cost of the computed maintenance schedules following the minimum
cost and minimum disruption strategies compared with the historical baseline maintenance costs for a full year. All
maintenance jobs are included.
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Figure 12: Chart showing the cumulative disruption of the computed maintenance schedules following the minimum
cost and minimum disruption strategies.

8. Conclusions and Future Work

In this journal paper a framework, to be used by the wind farm maintenance teams, for planning
OWF maintenance activities across tactical and operational timescales was presented. On the tactical
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timescale a long-term job allocation problem is solved to assign known maintenance jobs to periods
within the year, whilst minimising the total maintenance costs including lost revenues. Then as
new maintenance tasks appear and forecasts are updated, the long-term job allocation problem is re-
solved, allowing the operator to choose between long-term maintenance plans that either minimise the
total maintenance costs or the disruption to the original plan. On the operational timescale, based
on the jobs assigned to the relevant block, a set of daily schedules and maintenance vessel routes
are computed using an optimisation model where the objective function is to minimise the total
cost of maintenance, including revenue losses and vessel costs. In this way the longer-term planning
requirements of maintenance at offshore wind farms can be combined with the daily needs to allow
more efficient and cost reducing maintenance practices. A MILP was derived and presented to solve
both the long-term job allocation problem and the MRSP. A key feature of the MILP developed for
the MRSP is the ability of maintenance tasks to be split across multiple maintenance shifts. An
ALNS meta and matheuristic approach is also developed for solving the MRSP in a computationally
efficient manner.

The results of computational experiments to determine the efficacy of the different solution meth-
ods proposed for the MRSP, reveal that the ALNS metaheuristic method is able to produce fast
solutions with a lower objective function score than CPLEX for some isntances of the MRSP. In
some cases where CPLEX reached the set time limit of 7200s the metaheuristic method was able
to reach a solution in as little as 12s and is therefore proposed as the best method for solving the
MRSP. Over a 12-week period the MRSP was able to produce maintenance schedules and routes that
would have lead to a 49% reduction in maintenance costs when compared to the historic schedules.
Computational experiments were also run to test the implementation of the framework for a full year
of maintenance scheduling against the historic maintenance plans. The initial long-term maintenance
plan was able to produce a plan with a cost 19% lower than the historical plan with a gap of 0.26%
within 7200s. With the full framework combining the long-term job allocation with the MRSP us-
ing a minimum-cost and minimum-disruption strategy for selecting the resolved long-term solutions
savings of 66% and 65% were achieved over the historical baselines.

The framework in this article was evaluated in deterministic conditions. In reality the planning
of maintenance at OWFs is subject to much uncertainty. In particular there is, uncertainty in
the weather which affects OWF accessibility windows and revenue generation; uncertainty in the
electricity markets which affects the revenue generation; uncertainty in the spare parts, number
of technicians and time required to complete maintenance jobs; uncertainty in the technician and
spare part availability; and finally uncertainties in the occurrence of new maintenance jobs. Whilst
the ability of the framework to be updated daily helps to somewhat reduce the impacts of these
uncertainties an improvement to the models presented will be to directly consider the stochastic
effects of the parameters mentioned in the solution stage. Finally, the next generation of OWFs
will use new maintenance strategies utilising vessels such as helicopters and service operation vessels
which can change the operation practices of OWF maintenance teams. Models should be developed
considering the impact of these strategies on the scheduling and routing of maintenance at OWFs.
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Appendix A. Sets, Parameters and Variables

Table A.5: Sets used in this paper.

Set Definition

Long-Term Job Assignment

T The set of indices for the long-term planning periods with ¢ as the index
T The set of indices for the short-term planning periods with ¢ as the index
w The set of indices for the turbines with w as the index

Tw The set of indices for the jobs at turbine w with j as the index

T The set of indices for jobs that lead to a failure of the turbine if their deadline is exceeded with j as the index

N The set of indices for the jobs that do not lead to a failure of the turbine with j as the index

Rw | The set indices of all job pairs that must be performed at regular intervals indexed by (j, 7)

The set of indices for spare parts with f as the index

The set of indices for the turbines that originally had jobs scheduled at them in the long-term resolve with w as the index

The set of indices for the jobs, from the original list, that have not been completed by the point of the resolve with j as the index

RSP-Scheduling

The set of indices for the discrete maintenance shifts with d as the index

The set of indices in each discrete maintenance shift with ¢ as the index

The set of indices of technicians types with p as the index

RSP-Routing

The set of drop-off nodes for the turbines with w as the index

The set of pick-up nodes for the turbines with 7 as the index

The set of leave nodes for the O&M base with i as the index

].—
w
Tu
M
D
Ta
B The set of indices of the working areas in a turbine with b as the index
P
M
w
w
w
w The set of return nodes for the O&M base with ¢ as the index

Vv

The set of vertices with i as the index

Av The set of arcs that connect the drop off and pick up vertices for the turbines with (4, k) as the index

A4 | The set of arcs that connect the leave vertex of the base with the drop off vertices for the turbines with (4, k) as the index

A | The set of arcs that connect the pick up vertices for the turbines with the return vertex of the with (i, k) as the index

A The set of arcs that connect the drop off and pick up vertices for the turbine and the base with (7, k) as the index
ALNS

A The set of neighbourhood operators with ¢ as the index

S The set of neighbouring solutions generated by a nieghbourhood operator with § as the index
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Table A.6: Parameters used in this paper.

Parameter

Definition

Long-Term Job Assignment

Tmax The latest long-term planning period index

Jrmax The latest short-term planning period index

Tww! The travel time from turbine w € W to turbine w’ € W

Cww' The travel cost from turbine w € W to turbine w’ € W

Tw The travel time from the O&M base to turbine w € W

Ow; The time required to complete job j € J,, at turbine w € W

lwj The deadline to complete job j € J,, at turbine w € W

L The earliest start time for job j € J,, at turbine w € W

Lwjjr The minimum interval between jobs j € J,, and j' € J,, at turbine w € W
Pwj The number of technicians required for a job j € J,, on turbine w € W
A The number of technicians available in t € T

e The amount of time available to perform maintenance in each t € T
Oy f The quantity of part f € F required to perform a job j € J,,

Af The lead time to acquire part f € F

afy The initial stock of part f € F in time t € T

cny The inventory holding cost

Cooj The cost to perform a corrective job j € J; after failure

c;,j The cost to perform a preventative job given no failure

T The cumulative revenue loss from 0 up to time ¢t € T

MRSP-Scheduling

Téﬂi“ The start index for work on each shift d € D

Tj“ax The end time for work on each shift

izu,jt Binary indictor if job j € J,, can be performed at turbine w € W at time t € T

Bwjb Binary indicator if job j € 7, at turbine w € W is performed in turbine area b € B
B,‘)“'(‘X The maximum number of jobs that can be performed in any of the turbine areas at once
Pwip The number of technicians of each type required for a job j € 7, on turbine w € W

P The availability of technician type pint € T

Wwj The weight of spare parts required for a job j € J,, on turbine w € W

T The revenue generation of a turbine in time t € T

MRSP-Routing

@max The vessel spare parts capacity limit

prax The vessel technician capacity limit

ALNS

Nmax The maximum number of ALNS iterations

N max* The maximum number of non-improving ALNS iterations

Winin The minimum weighting of a neighbourhood operator

preset The number of iterations after which probabilities of selection should be updated
J A sorted list of jobs

nmax The maximum number of nodes to be swapped in an n-node swap procedure
Pelate Penalty for jobs which are scheduled after their deadline

Peim Penalty term for scheduling a job in an inaccessible period

Petech Penalty term for using too many technicians

Peparts Penalty term for using too many spare parts

Peloc Penalty term for scheduling too many jobs in a location in a turbine
Pebaselate Penalty term for a late return to the O&M base

Pevtlate Penalty term for a late drop off at a turbine

Peroutelong

Penalty term for a route that is too long for the shift

Peroutetechs

Penalty term for having insufficient technicians on the vessel
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Table A.7: Variables used in this paper.

Variable

Definition

Long-Term Job Assignment

Tawjt Binary variable to track if job j € J,, at turbine w € W is scheduled in period t € T

Yww't Binary variable to track if turbines w,w’ € W are both assigned to period ¢t € T

2 The assignment cost of period t € T

St The stock of part f € F at the end of period t € T

Tf The quantity of part f € F ordered in period t € T

Owjt Binary variable to track if job j € J at turbine w € W is delayed and assigned to period ¢t € T
Ut The utilisation of turbine w € W in period t € T

Vj The change in assignment time for j € 7, at turbine w € W

MRSP-Scheduling

Binary variable to track if maintenance for job j € J,, is occurring at turbine w € W at time ¢ € T

Tawjt

TJwjt Binary variable to track if maintenance for job j € J,, is starting at turbine w € W at time ¢ € T

U jt Binary variable to track if maintenance for job j € J,, ends at turbine w € W at the end of time ¢ € T
Gud Binary variable to track if turbine w € W is visited during maintenance shift d € D

Swd The number of technicians needed at turbine w € W for shift d € D

123110 jt Binary variable to track once job j € J,, has started at turbine w € W for the first time

ki,jt Binary variable to track once job j € 7, has finished at turbine w € W for the last time

fffujt Binary variable to track when turbine w € W is offline because of job j € 7,

oL it Binary variable to track after first start for job j € J,, at turbine w € W

f)fujt Binary variable to track after last finish for job j € J,, at turbine w € W

Mawt Binary variable to track if turbine w € W if offline in time t € T

Zwjt Binary variable to track time ¢ € 7 between a job’s j € J,, at turbine w € W deadline and start if late
Owj Binary variable to track if job j € J,, at turbine w € W is scheduled late

MRSP-Routing

Binary variable to track if arc (i, k) € A is traversed in shift d € D

Tikd

tid The arrival time  at vertex i € V on shift d € D

Did The number of technicians on the vessel after leaving vertex i € V

ALNS

s A solution to the ALNS

st Representation of start times for jobs

s? Representation of end times for jobs

53 Representation of routing in each shift d € D

n Iteration number of ALNS

n" The number of non-improving iterations of ALNS

kf The number of times neighbourhood operator i leads to an improving solution
k; The number of times neighbourhood operator i has been selected

pupdate The number of iterations since the probability of acceptance has been updated
Tw A list of unassigned jobs

Di The probability of selecting neighbourhood operator i € 7
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