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ABSTRACT

In this paper, we suggest a framework for determining the best operation and maintenance strategies for offshore wind tur-

bines. The framework takes into account both quantitative and qualitative data gathered from the wind turbines. The proposed

framework consists of a simulation-optimization approach for designing, planning, and scheduling maintenance operations

for offshore wind farms and finding the optimal intervention solution for minimizing costs while keeping a high availability of

wind turbines and guaranteeing safety standards for workers. Several parameters and constraints are addressed to account for

the realistic complexity of the problem, such as weather conditions, resource cost, and maintenance duration. A numerical case

study focusing on offshore wind turbine blade maintenance is presented to demonstrate the implementation of the proposed

framework. The example simulates realistic defect progression scenarios, stratified by severity level, and incorporates empiri-

cally grounded estimates of failure rates, repair costs, technician requirements, and vessel logistics. The study illustrates how the

simulation-optimization approach integrates economic considerations, resource constraints, and safety risk factors to support

data-informed maintenance scheduling decisions under uncertainty.

1 | Introduction

In March 2021, the United States set an ambitious goal to in-
stall 30 GW of offshore wind energy capacity on the outer conti-
nental shelf by 2030, signaling strong support for the industry’s
expansion [1]. Achieving these deployment goals will require
a workforce that is sufficient in size and well-trained to meet
the specific demands of offshore wind energy development.
Ensuring safety remains a top priority for the offshore wind en-
ergy sector. Yet there is ongoing uncertainty about the specific

safety standards and training requirements needed, as well as
the roles various stakeholders will play in maintaining safety.

An effective and reliable maintenance strategy aims to max-
imize economic benefit, extend components' lifespans, reduce
the number of emergency repairs, decrease overtime labor costs,
and relieve the working stress and risk for the personnel in-
volved [2]. Moreover, this must be done in a way that accounts
for the stochastic attributes of uncertain maintenance outcomes
and deviations between predicted and actual failure scenarios
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[3]. It is estimated that the operations and maintenance (O&M)
contribute nearly 35% of the levelized cost of energy for a fixed-
bottom offshore wind farm [4]. In this work, we propose a
condition-based maintenance strategy that combines relevant
information about an offshore wind turbine's (OWT's) current
condition with statistical models of failure risk and external fac-
tors such as cost and worker safety.

The strategy proposed here is a multicriteria decision-making
framework similar to those initially developed for formalizing
and optimizing decisions for civil engineering systems [5, 6].
The framework consists of three phases (see Figure 1): in Phase
I, the technical state of the OWT is assessed; in Phase II, a set of
contingencies and outcomes is constructed (these are expressed
in terms of economic and safety impact); and finally, in Phase
111, a decision model is formulated, which assesses the value of
all possible interventions, and appropriate action is chosen.

In contrast to previous work on maintenance decision frame-
works, the strategy proposed here explicitly combines economic
costs with worker safety, allowing for a multistakeholder opti-
mization scheme. The novelty of this framework lies in its ap-
plication of cumulative prospect theory (CPT) to offshore wind
maintenance to account for varying risk tolerances among
stakeholders, which is crucial in managing complex offshore en-
vironments. Furthermore, unlike existing frameworks that typ-
ically focus on economic costs or damage evaluations, this work
integrates safety considerations directly alongside economic
assessments to offer a holistic view of maintenance planning.
These innovations contribute to a more resilient and adaptable
maintenance strategy for the offshore wind sector, aligning with
the ambitious goals of expanding wind energy capacity while
prioritizing worker safety and operational efficiency.

In Section 4, a numerical example is presented, focusing on
turbine blade defects using the cost evaluation provided for the
6.1-MW National Renewable Energy Laboratory (NREL) off-
shore reference project turbine as a case study [4]. This exam-
ple demonstrates the application of the proposed framework by
simulating the progression of defects within the turbine blade
over time. Various stages of defect development are modeled,
ranging from minor wear to severe damage requiring replace-
ment, and potential maintenance strategies are assessed at each

stage. Because access to real-world datasets involving offshore
wind turbine failures, repair events, or safety incidents is ex-
tremely limited due to proprietary restrictions and the sensitive
nature of O&M logistics, we employ synthetic data. These data
are calibrated using publicly reported statistics on failure rates,
downtime costs, repair durations, and vessel logistics. The ex-
ample illustrates how the proposed decision-making framework
integrates defect detection, economic modeling, and safety risk
assessment in a realistic offshore operational context. This case
study illustrates how the framework integrates defect detection,
economic impact analysis, and safety considerations to guide
optimal maintenance decisions, highlighting its relevance in
real-world offshore wind turbine operations.

2 | Background
2.1 | Decision Frameworks

This paper presents a decision framework that involves multiple
decision-makers and varying scales of safety and economic risk.
In behavioral economics, decisions under risk are often mod-
eled using cumulative prospect theory as introduced by Tversky
and Kahneman [7]. The CPT model balances the risk of extreme
events with the more average (i.e., likely) events and calibrates
risk according to a neutral reference point. Significantly, this al-
lows a CPT model to incorporate the cognitive and emotional
processes of decision-making under uncertainty by weighting
outcomes against this reference point. This type of modeling
is particularly useful for scenarios where multiple stakeholders
have differing neutral reference points.

Many empirical studies have been done to connect the CPT
model to real-world decision-making in nautical navigation [8],
wind energy procurement [9], and disaster response [10]. The
concept of CPT has also been used to develop broad mainte-
nance decision frameworks for engineered systems [11-13]. The
present work builds on these prior investigations to develop a
safety-aware decision framework that focuses on the mainte-
nance objectives of the offshore wind sector. Unlike in prior
work, the work ties human risk directly to the labor involved
in the maintenance of the system rather than the human risk
inherent in the failure of the system.

P Technical

e o Directly computed fatigue or other performance quantities.

& e Statistically modeled defect level (e.g. Markov process).

- Economic Safety

ﬁ e  Cost of materials to perform repair. e Risk of proper equipment availability.

£ e Cost of personnel and specialized vessels. o Risk of weather and metocean conditions.
e Cost of downtime. o Risk mitigation from workplace and unions.

& Valuation

=

a

FIGURE1

| The multifactor decision model combines a technical fatigue and defect assessment to learn the state of the equipment (Phase I), fol-

lowed by a set of contingencies and outcomes based on economic and safety considerations (Phase II), and finally, a formal valuation of the decision

space to arrive at an optimal course of action (Phase III).
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2.2 | Maintenance Strategies

The proposed framework is applied within the context of off-
shore wind maintenance due to the unique operational and
environmental challenges that offshore environments present.
Offshore wind turbines face harsher weather conditions and ac-
cessibility issues, creating heightened safety risks and driving
up maintenance costs. These factors necessitate a maintenance
strategy that accounts for both economic considerations and
safety risk perception, especially under uncertain environmen-
tal conditions.

Maintenance consists of activities to ensure that a WT is in
working order and fulfilling its functions [14]. This typically in-
volves deploying a technical crew on a transfer vessel to visit
the turbine and perform required or scheduled maintenance.
Activities related to offshore WT maintenance can be divided
into preventative and condition-based. Although preventative
maintenance involves periodically servicing the WT accord-
ing to a fixed maintenance schedule, condition-based mainte-
nance actions are only carried out in response to updated WT
condition status [15]. As such, there are some explicit trade-offs
between availability and reliability, depending on the choice
of maintenance strategy, and some of this is borne out in the
overall maintenance costs [16]. This work assumes a condition-
based maintenance strategy, expanding upon its traditional
framework. Traditional condition-based maintenance model
frameworks incorporate variables related to component reliabil-
ity, such as mean time to failure [17] or remaining useful life
[18]. These quantities can be approximated by component-level
annual failure rates [19], comprehensive fatigue life estimates
[20], or latent state modeling techniques [21, 22].

In decision models related to maintenance, it is often important
to consider the many stakeholders involved in decision-making,
such as developers, technicians, vessel operators, and other on-
shore support [23, 24]. These models commonly take an eco-
nomic cost and benefit approach [25], incorporating levelized
cost of energy [26], WT availability [27], and fluctuating market
conditions [28]. All of these models incorporate a degree of un-
certainty around damage modeling, risk assessment, and main-
tenance outcomes [3, 29], but they often lack a fully integrated
approach that considers additional decision-driving factors.

2.3 | Probabilistic Defect Assessment

Failures in WTs can be categorized into two main sources:
(1) long-term operation and aging and (2) short-term overload
and sudden breakdown. The likelihood of short-term failure is
often higher in the first 1-3years of operation, whereas long-
term aging failures often occur within the last few predicted
operational years. In engineered systems, this type of survival
behavior is commonly modeled with a Weibull distribution to
determine a probabilistic estimate of time to failure [30].

The types of failures experienced by a WT can be categorized
by severity and overall turbine health. For component-based
failures, we consider the three common failure classifications
as in recent work (see, e.g., [31-33]): minor repair, major re-
pair, and major replacement. Minor repairs include operational

errors, electrical component malfunctions, and any hindrance
to operation that can be fixed within 30 hours. Major repairs are
more often related to intense structural damage and damaged or
broken components and often take 30-120h to complete. Major
replacements are often connected to complete component fail-
ure and require an overhaul of the component, often taking over
120h to complete. The probability of minor repairs versus major
repairs varies between components, but on average, minor re-
pairs occur six times more frequently than major repairs [31].

2.4 | Maintenance and Repair Costs

The overall maintenance costs can be broken down into fixed
and variable costs. Fixed costs include material costs associated
with carrying out routine maintenance or defect repair [34].
These costs vary significantly by component and defect sever-
ity [31].

Variable costs include factors related to transportation, logis-
tics, personnel, and downtime, which scale with the amount of
time it takes to complete a maintenance action. Depending on
the turbine's size and the defect's severity (Table 1), it might be
necessary to charter specialized crew transport vessels, heavy-
lifting vessels, or even helicopters. These can vary in price and
typically incur daily use costs as reported in [35] and shown here
in Table 2. Variable costs include personnel costs to operate the
vessels and a team of specialized technicians to perform the re-
pair 31, 36].

TABLE1 | Estimated vessel requirements by defect type, as reported
in [35].

Category Description

Minor repairs Can be completed by a single crew

transfer vessel (CTV) or a helicopter.

Requires a crew transfer vessel (CTV)
and/or a service operation vessel
(SOV), depending on how many

workers are needed to make repairs.

Major repairs

Requires a service operation vessel
(SOV) or heavy lifting vessel
(HLV) for large components,

which is extremely costly because
of low supply of these vessels.

Major replacement

TABLE 2 | Estimated vessel costs by type, as reported in [35].

Wind Energy, 2025

Vessel type Vessel cost/day
Heavy lifting vessel (HLV) $220,000.00
Service operation vessel (SOV) $38,421.90
Crew transfer vessel (CTV) $2561.46
Helicopter $701.77
Unmanned aerial vehicle (UAV) $300-$500
Jackup boat —
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Additionally, costs related to turbine downtime scale with the
amount of time that the turbine is not operational. Downtime
consists of the duration of time that the turbine is not operating
as intended. This includes how much time technicians spend
to carry out the repair (sometimes called the “mean time to re-
pair” or MTTR) [37]. The duration of the repair time varies by
component and defect severity, but extensive surveys out of the
European wind industry give component-wise estimates of re-
pair times [19, 31]. Costs per hour of downtime are subject to
the particulars of a power purchase agreement and the chang-
ing price of energy, but most current US wind power purchase
agreements have a purchase price of less than 2 cents per kWh
[38]. Downtime costs become especially relevant in the long
term when considering the levelized cost of energy for offshore
wind [32].

2.5 | Safety Analysis

Prioritizing worker safety is crucial in developing a multifactor
decision framework for offshore wind turbines. Insights and
concerns from other industries, such as onshore wind, oil and
gas, civil construction, and other countries, highlight the im-
portance of having a robust and established set of guidelines in
place [39]. In the context of offshore wind energy, Europe typ-
ically follows a prescriptive regulatory approach with detailed
guidelines and significant government involvement in planning
and development [40]. In contrast, the United States employs
performance-based regulatory regulations that specify desired
safety and environmental outcomes without dictating specific
methods, allowing flexibility for regulated entities in choosing
the best methods to meet their goals [41].

A hierarchy of safety standards (described in Figure 2) quanti-
fies safety in offshore wind operations, providing a structured
approach and incorporating various levels of regulatory and op-
erational guidelines [41]. At the top of the safety hierarchy for off-
shore wind turbines is the Federal Regulatory Authority, which
includes the Bureau of Safety and Environmental Enforcement
(BSEE) and the Bureau of Ocean Energy Management (BOEM),
which together handle the Department of the Interior's offshore
renewable energy regulations, detailed in the 2024 Code of

Federal Regulations 30 CFR part §585-586 (BOEM) [42] and 30
CFR part §285 (BSEE) [43]. Key documents reviewed by BSEE
and submitted to BOEM include the Site Assessment Plan (SAP),
Construction and Operations Plan (COP), and General Activities
Plan (GAP). The SAP details site assessment methodologies; the
COP outlines construction, operation, and decommissioning
processes; and the GAP covers smaller-scale activities. These
documents ensure compliance with federal regulations and in-
corporate safety measures such as a Safety Management System
(SMS) or Emergency Response Procedures. BSEE ensures the
safe and environmentally responsible design, fabrication, in-
stallation, operation, and decommissioning of offshore wind
energy facilities, enforcing compliance with all relevant safety,
environmental, and conservation laws and regulations from
construction through decommissioning [44]. BOEM oversees
prelease activities and approves COP terms, with BSEE helping
to develop COP terms and conditions to ensure comprehensive
workplace safety.

BSEE and BOEM set outcome-based goals, allowing operators
to adopt the latest technologies and practices. This encourages
innovation and market-driven development, emphasizing risk
management through SMS and other documentation. This flex-
ible approach helps the US offshore wind industry maintain
rigorous safety and environmental standards. However, the in-
dustry and developers must still demonstrate to BSEE that they
have identified relevant risks and implemented appropriate con-
trols. This approach promotes innovation and adaptability while
ensuring compliance with safety and environmental standards.

Below the federal requirements is the SMS framework, which
encourages operators to seek certification through recognized
standards. These certifications include ISO 45001, familiar to
European offshore wind operators; API RP75W, used by US
offshore oil and gas operators; ANSI/AHA Z10, known among
manufacturers and fabricators; and the ISM Code, specific to
vessel operations. Achieving certification under these standards
ensures that the SMS framework meets international best prac-
tices for safety management.

A Safety Management System is a set of interrelated or interact-
ing elements of an organization to establish policies, objectives,

Objective Relevant Organizations
and Certifications
Federal Federal regulations and enforcement BOEM, BSEE
Regulatory bodies that oversee the design, fabrication,
Authority installation, operation, and

decommissioning of wind farms.

A set of interacting policies of an
organization that are in place to achieve
safety objectives. Operators are

Safety Management System

ISO 45001, API RP75W,
ANSI/AHA Z10 ISM

encouraged to seek certification through
recognized standards.

Accredited guidance specifying processes
and systems to meet regulations. Can be
prescriptive (e.g. OSHA) or performance
based (e.g. GWO, G+).

OSHA, G+, GWO, IMCA,
API, ISO, ANSI

FIGURE 2 | A hierarchy of safety standards exists to ensure that operators have the appropriate knowledge, systems, and processes in place to

meet safety and environmental regulations.

40f 19

Wind Energy, 2025

QSUDDI'T SUOWIO)) dANEAI) d[qedrjdde oY) Aq pouIoA0S o1e SOOILIE V() 9SN JO SN 10§ ATRIqIT dUI[UQ) AS[IAL UO (SUONIPUOI-PUB-SULI} WO AJ[IM" ATRIqI[DUI[U0//:Sd1Y) SUOHIPUO) PUE SWLID [ Ay} QS *[9707/10/1€] U0 Areiqr suruQ Ao[ip ‘Aisioatun syng £q $900L°2%/2001°01/10p/wod Aim Areiqijourjuo//:sdny woiy papeojumod ‘71 ‘SZ0T 7816601



and processes to achieve safety objectives. An example subset
consists of the Emergency Response Procedures (ERP), which
are plans prepared to respond to emergencies, including both
onshore and offshore actions and support, to mitigate safety and
environmental consequences. An SMS has the aim of managing
risks associated with various activities: leadership and contrac-
tor management, hazard identification and risk assessment, risk
controls and planning, workforce engagement, evaluation and
improvement, emergency response plans, regulatory require-
ments (including remote monitoring and control), and use of
standards. Developers submit their SMSs to BOEM as part of
their COP, which can be approved, disapproved, or approved
with modifications. BSEE would receive and review the SMSs
and develop terms and conditions for BOEM's COP relevant to
BSEE jurisdiction.

At the base of the hierarchy are the Hazard-Specific Standards
and Recommended Practices (RP), which provide accredited
guidance specifying processes and systems to meet regulations
and that can be either prescriptive, like OSHA standards [45], pro-
viding clear regulations that must be followed, or performance-
based like those from the Global Wind Organisation (GWO)
offering flexibility in achieving safety outcomes [46]. The GWO
has developed training standards for the offshore wind industry
with the goal of making H&S training standardized across the
industry to raise standards and to make it easier for companies
to ensure their employees have been adequately and uniformly
trained. The GWO has developed standards that cover train-
ing in areas including basic safety, advanced rescue, and first
aid [47].

Hazard-specific recommended practices are often provided by
industry safety organizations such as G+ Global Offshore Wind
Health and Safety Organisation, which releases an annual re-
port on safety incidents and good practice guidance for the in-
dustry, or the International Marine Contractors Association
(IMCA), which produces industry guidance and best practices
for vessel operations, dynamic positioning, ROV, lifting, marine
operations, and training. These are largely performance-based
and tailored to address particular risks in offshore wind opera-
tions [48, 49].

In US offshore wind energy, several RPs from other offshore in-
dustries are used, though none are specific to this sector. These
RPsare created by standards bodies like the American Petroleum
Institute (API), International Standards Organization (ISO), and
American National Standards Institute (ANSI) in collaboration
with industry organizations such as the American Clean Power
Association to develop consensus by convening industry stake-
holders. Developers can choose the most suitable RP for their
project and must prove safety through performance-based au-
dits. These standards enhance worker safety by clarifying train-
ing requirements for developers, subcontractors, and regulators.

3 | Methodology

The following section combines the abovementioned cost and
safety discussion into a comprehensive quantitative decision
model. Following the conventions of cumulative prospect the-
ory (CPT), the decision model will be framed in terms of events

(i.e., different types of interventions), outcomes (i.e., economic
costs and safety risks), and the associated likelihoods, risks,
and rewards of each [7]. Unlike classical economic utility the-
ory, CPT allows decision makers to explore a large space of
possibly competing events and outcomes, where the risks are
calibrated relative to a decision maker's reference point (see,
e.g., [50, 51]).

Suppose the space of possible interventions, ordered by com-
plexity, is given by

I={Ip, ... . Iy ... Iy}

(see Table 3), and suppose that all possible real-valued outcomes
are sorted from worst to best relative to a neutral reference point,
x, € R, where x < x, are considered to be losses and x > x, are con-
sidered to be gains. The prospect value, P, for an intervention,
I,, is evaluated in terms of the possible outcomes, and their as-
sociated probabilities given by p(x,,,) = pj.-

Xm = {x—fm’ o X 1me Xoms Ximo -+ ’ka}’

For simplicity, the m subscript is dropped in the following dis-
cussion. The value is placed on the outcomes in X by applying a
strictly increasing utility function, v(x):X — R with v(x,) = 0. The
prospect value for an intervention in I can then be written as

P:AZ x7v(x) + Z xrv(x), @

where 77 and =] are the decision weights that adjust the mar-
ginal contribution of outcome x; to the overall value of the pros-
pect. These are computed in terms of the outcome probabilities
and a probability weighting function, w. In this way, weighted
marginal probabilities are obtained as

t=w(p,) and 77 =w(p;+. ... +p;) —W(pys + ... +Dy)

@)
foro<i<k-1and
77, =w(p_,) and 77 =w(p_,+. ... +p;) —w(p_,+ ... +pi_y)
3

for1-¢ <i<0. A probability weighting function aims to allow
utility theory to match common sense by systematically en-
larging ratios between high probability events by choosing a

TABLE 3 | Each of the M possible interventions has a set of possible
outcomes with an associated economic prospect and safety prospect.
The economic and safety prospects are formulated as in Equation (6).

Wind Energy, 2025

Intervention Outcome Prospect

Iy X = {x—ma -+ 5 X_100 X0, X105 -+ ’xko} b,

Im Xm = {x—fm’ oo s X1 Xoms X1ms -+ ’ka} Pm

Iy Xy = {x—fM’ e Xoans Xon Xivs - ’ka} Py
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weighting function that overweights low values and under-
weights high values, leading to a regressive effect (utility the-
ory is subject to the so-called “common ratio effect,” which
observes that the common sense choice often differs from the
best choice under utility theory; for example, people often opt
for a marginally higher payoff with marginally higher risk
when an event is very rare to begin with—e.g., lottery tick-
ets—but, at the same time, will opt for a marginally lower
payoff when the choice is between a guaranteed success and a
50-50 chance of success [52]).

One good choice for this function is described by Prelec [53] and
given by

w(p) = @ @)

for pe(0,1] and w(0) =0, where 0 <y <1. One typical utility
function associated with this choice of probability weighting
is the power utility function (see, e.g., [50, 54-56]). Therefore,
the prospect is completely parameterized by the set ¢, which in-
cludes x,, y, and any other parameters of the utility function, and
the prospect value of an intervention is given by

P(¢) = i ol [(xi—xo)‘”] + ,-g Tt [_ﬂ(—(xi—xo))"’],

i=-7¢

%)
where | and z; are as in Equations (2) and (3).

In the context of the present problem, outcomes of an interven-
tion I,, are considered in terms of economic prospects, V,,, and
safety prospects, R,, (see Table 3). For each of these, a prospect
value can be computed as

Ko K
Pm(¢economic) = Z it v(xi) and Pm(d’safety) = Z T u(xi>’
i=—tp i=-2,

©

where v is an economic utility function and u is a safety utility
function, whereas @economic aNd Pty and are the set of parame-
ters used to parameterize the two utility functions. They include
quantities such as utility shaping parameters or reference neu-
tral points, or also decision weights. The utility functions and
the parametrizing characteristics will be described more fully in
the following section.

3.1 | Defect Level Inference

Suppose a defect state, d,, is entered at time ¢, and is detected at
time ¢,. Assuming that time is measured in days, this means n
days have passed between the time the defect state was entered
and the time the defect was detected. We will consider a set of
three possible defect levels: minor repair (1), major repair (2),
and major repair with replacement (3).

Based on the defect level and time since detection, the goal is to
choose the best possible intervention out of the set of possible in-
terventions, I = {I,, ... I}, where intervention I, corresponds
to initiating repair on day ¢,,,, that is, m days after the defect
is detected. This intervention has a set of possible outcomes
given by

Xm = {x3m’x2m’xlm’x0m}’ (7)

where x,, corresponds to entering defect level k on day ¢,,,,
(defect level 0 corresponds to no defect). Note that these out-
comes are ordered by descending index in order to sort from
worst to best outcome, to keep in line with the conventions of
cumulative prospect theory. At the time that the repair begins,
the defect level is d,,,, and when the repair is complete, the
defect level is 0. A visual timeline of this process is shown in
Figure 3.

In the time between the initial occurrence of the defect at
time ¢, its detection at time ¢,, and the initiation of repair
at time t¢,,,,, we allow for a worsening of the defect, that is,
0<d, <d, <d,,, The progression of defect levels in a turbine
component is modeled as a Markov process. Markov models
are particularly effective for systems where transitions be-
tween discrete states occur probabilistically over time, and
the future state depends solely on the current state, a property
known as the Markov property. The application of Markov
models in reliability engineering is well established [57].
They have been effectively used to assess the reliability of re-
pairable systems and to model the degradation processes of
components subject to stochastic failures. For instance, stud-
ies have demonstrated the efficacy of Markov models in pre-
dicting the reliability of offshore wind energy systems and in
modeling the degradation of wind turbines [58, 59]. Figure 4
illustrates the Markov chain model representing the probabi-
listic progression of defect states in an offshore wind turbine
component over time.

Mean time to repair defect level d ,

Enter defect level do

t t

0 n n+1

N

Detect defect level d Ve

Space of possible interventions
A
~N

.
>
Time

n+M tn+m+r

J

~

Total downtime

FIGURE 3 | The timeline for decision-making begins at time f, when the turbine enters defect level d, > 0. This defect is detected at time ¢, af-
ter which the space of possible interventions follows. The defect can continue to worsen during this time. After the repair is made, the defect level

returns to 0 (i.e., operational) at time ¢, ., .
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Markov process for defect transition

No Defect Minor Repair

Major Repair Replacement

_/

-

Defect States (top row):
No Defect — Fully operational
Minor Repair, Major Repair — Increasing severity
Replacement — Irreversible failure

Detection States (bottom row):
Not Detected, Detected — Fault visibility status

Arrows:
Solid: transition governed by matrix A (defect evolution)
Dashed: transition governed by matrix D (detection process)

.

v

Markov process for defect detection

~ - =

Not Detected )
L .

N

Detected L

FIGURE4 | Thisdirected graphical model illustrates the underlying Markov processes involved in defect accumulation and defect detection. The
top row of the graphical model shows the transitions between operational and defect states with probabilities associated with the test case described

in Section 4. Solid arrows indicate a transition with an associated probability; the base of the arrow is the state at time ¢, and the head of the arrow

is at time ¢ + 1. Once a repair or replacement state is entered, a second Markov model is activated. This is shown in the bottom row, where arrows

indicate a transition from “not detected” to “detected” with associated probabilities.

The top row of circles depicts potential defect states, ranging from
“no defect” and “replacement,” with intermediate states such as
“minor repair” and “major repair,” indicating increasing severity
and repair requirements. The arrows between states represent
possible transitions, each governed by a probability that reflects
the observed behavior of defects in turbine components.

The bottom row shows a parallel Markov process for the detec-
tion status of defects, transitioning between “not detected” and
“detected” states. Detection status is critical in maintenance
decision-making, as defects that go undetected may worsen and
require more extensive interventions. The dashed lines illustrate
that defect detection progresses concurrently with the defect's
severity, influencing the likelihood and timing of repair actions.

Modeling these transitions mathematically requires knowledge
of the current system state and the probability of entering one of
the more severe defect states. This information is expressed as a
4 x4 Markov transition matrix, A, where the ij entry is the prob-
ability of transitioning from defect level i to defect level j, which
is represented in Figure 4 by the arrows. Note that A is an upper
triangular matrix because a defect will only get worse without
intervention. Let e, be the row vector, which is 1 in position d,
and 0 elsewhere. Then, the probability of experiencing outcome
X (€., entering the k™ defect level at time ¢,,,,) is given by

n+m.

Pim = (ednAHm) k ®

In a similar manner, whether or not a defect has been detected
will also be modeled as a Markov process, where D is the 2x2

upper triangular matrix with the transition probabilities be-
tween “not detected” and “detected.”

3.2 | Economic Cost Model

We will estimate the utility of intervention I,, as the cost to re-
pair m days after a defect is detected. At this point, the defect
level is d > 0, and ¢ days have passed since the defect occurred.
The cost to repair is a function of the defect level and the number
of days elapsed, and it is given by

C(d’ t) :f(d) . [Cvessel(d) + cpersan(d)] + (f(d) + t) * Cown + Cmalerials(d)s
©

where f(d) is the mean time to repair a defect of level d, ¢, (d)
and ¢,,,(d) are the associated vessel rental and personnel costs
per day for a defect of level d, ¢,,,4.i:(d) is the material cost to re-
pair a defect of level d, and the constant value c,,,, is the cost per
day for turbine downtime. Tying this back into the framework
of cumulative prospect theory, we define the economic utility of

outcome x,,, of intervention I,, as v(x,,) = c(k, n + m).

3.3 | Risk Assessment and Safety Cost Model

The safety component of the decision-framework model is
broken down into a risk score and a safety cost model. This
distinction is functional in dividing between factors that af-
fect the risk score and those that are affected, providing key
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insights into understanding the dynamics of safety manage-
ment in offshore wind operations. The risk score is designed
to account for and integrate key safety factors, like delay,
weather, and equipment suitability, which directly impact the
risk score because they influence the likelihood and severity
of potential incidents. This comprehensive risk assessment
enables identifying and quantifying hazards associated with
offshore wind energy operations. In contrast, factors affected
by the risk score, such as insurance costs and reputational
impact, are consequences that result from the quantified risk
[60]. Higher risk scores typically lead to increased insurance
premiums because insurers perceive a greater likelihood of
claims. Reputational impacts can arise from high-risk inci-
dents, damaging the credibility and market position of the
operator. Therefore, the safety cost model acts as a bridge,
translating the inherent hazards of offshore operations cap-
tured by the risk score into financial and operational reper-
cussions, highlighting the importance of mitigating primary
risk factors to control subsequent costs and impacts.

In offshore wind energy operations, workers' safety conditions
are addressed and planned for by developers in the design of
safety management systems that are often translated into a
risk assessment matrix (RAM) to evaluate safety operations
systematically. The matrix assesses potential hazards by cat-
egorizing the severity and likelihood of incidents, thereby
guiding decision-making and risk mitigation strategies.
Severity levels range across different injury concerns from no
injury to multiple fatalities, whereas likelihood levels range
from highly unlikely to highly probable. These levels are de-
termined by factors such as equipment availability, weather
conditions, and time delays. The risk score is calculated as the
product of severity and likelihood, and it integrates the impact
and probability of an event, providing a comprehensive mea-
sure of risk.

Figure 5 shows an example of a customized risk assessment
matrix below that is tailored specifically for offshore wind op-
erations. This matrix will be later used in the numerical appli-
cation. It incorporates severity and likelihood scales relevant
to the specific hazards encountered during these operations,
such as severe weather conditions, equipment failure, and per-
sonnel safety issues. The matrix consists of categories ranging

from A1 (highly unlikely, no injury) to E5 (highly likely, multi-
fatalities), each associated with a risk score using a three-color
scheme: acid green (low risk, 0-0.5), peach (moderate risk,
0.5-1), and magenta (high risk, 1-1.5). Depending on the spe-
cific activity and weather conditions, such as wave height for
vessel transfer and wind speed for working at height, scenar-
ios are assessed and placed within this matrix. For instance,
wave heights and wind speeds are mapped to their respective
risk categories, determining the necessary safety measures.
This approach integrates quantitative risk assessment into
decision-making processes.

These risk assessment matrices are conditional upon the inter-
vention type and phase of the intervention. In this setting, our
intervention outcomes are still given by

X = {X_ms - X Xoms Xims -+ >Xem }»

but now, the x,, is an external or environmental state that might
be encountered in the m™ intervention.

One of the key contributions of this work is proposing a decision-
making framework that enables one to account for how risk is
perceived differently by various parties involved in the decision-
making process. These individuals, or “agents,” have different
preferences and levels of risk tolerance that inform their per-
ceived risk. This subjective assessment translates into a mod-
ulation of the risk score defined and calculated from the risk
assessment matrix, and it is modeled using a risk perception
function, r; defined for each party or agent involved, j. The risk
perception function is a mathematical model that translates a
quantitative measure of risk into a perceived level of risk. The
design of the risk perception function can follow different strat-
egies. A piecewise linear approach (see Figure 6) is one common
choice because it captures a basic threshold effect, where risk
perception is minimal below a threshold x, and increases linearly
beyond it [61]. However, it lacks flexibility for modeling nonlin-
ear escalation in perceived risk. To overcome this limitation, in
this work, the authors propose a piecewise risk perception func-
tion r; as presented in Equation (10) and shown in Figure 6,

r

P (i =) + R Xy >,
i (Xim) = { ’ ’ (10

h if x,, <x,

FIGURES5 | Risk assessment matrix.

SO Highl Highl
Likelihood 9 | Unlikely | Possible | Likely lghly ] e
Unlikely Likely Severity Likelihood
B (o3 D
A E
1 No Injury A Highly Unlikely
No Injury: 1 A1 B1 C1 D1 E1
2 Minor Injury B Unlikely
Minor:2 A2 B2 Cc2 D2 E2
3 Major Injury C Possible
Major:3 A3 B3 C3
Fatalities:4 A4 B4 C4
Multi-Fatalities:5 A5 B5
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Piecewise Linear Risk Function

Agentl (xo=x1,01=1,m=1)
Agent 2 (Xo=X2,01=1,m=1)

Ii(Xim) = Xim — Xo for Xjm > Xo

Agent Risk ri(xjm)

Quantity driving risk Xxjm

Power Risk Function

Agent 1 (xo=x1,01=1,n;=0.5)
Agent 2 (xo = X2, 02 =1, n2=0.25)

ri(Xim) = Pi(Xim — Xo0)™ for Xim > Xo

Agent Risk ri(xjm)

Quantity driving risk xjm

FIGURE 6 | Examples of risk perception function as described in Equation (10). The piecewise linear function on the left corresponds to p; =1

and #; = 1for both agents. The power function on the right corresponds to different positive values for #;.

where p; is a scaling factor that adjusts the intensity of the per-
ceived risk for each agent; x, is the threshold beyond which
risk starts to be perceived; and 5; determines the curvature of
the function, allowing for different sensitivities to risk as x;,
varies. It is possible to consider x,, as representative of one
or the primary quantity driving the risk, such as wind speed
when working at height or wave height when performing a
vessel transfer operation. This work focuses on a single risk
variable x,,, although this framework could be extended to a
weighted sum or other aggregate function that includes mul-
tiple risk covariates.

This piecewise function effectively models risk perception,
being able to account for a threshold x, below which risk percep-
tion is constant, assuming a small value (or 0). This aligns with
the idea that risks below a certain level are somewhat small or
not perceived as significant. The parameters 5; and p; allow for
flexibility in shaping the risk perception curve, accommodating
various levels of sensitivity to risk. For instance, different agents
can have different values for these parameters, reflecting their
unique risk perceptions. Finally, the nonlinear nature of the
function when x,, > x, models how risk perception can increase
at an accelerating rate, which is often observed in real-world
scenarios.

The safety cost model ;(x,,) for the i outcome of the m™ in-
tervention by the j* agent includes insurance and reputational
costs, which are functions of the perceived risk

Sim = 0} 13 (X)) an
and
Rip = 4+ 13(Xim ) 12

where o;and 4 represent parameters that scale the perceived risk
to reflect the actual insurance premium and potential impact
on the developer's reputation for the j* agent. They vary based
on the insurance provider's assessment of risk and the coverage
required, as well as the organization's public image, industry
presence, and stakeholder engagement. The combined safety
cost model for agent j becomes

Ui (Xim) = Sim + Rim = (0 + &) + 17 (i) 13)

depending on the specific safety ramifications of intervention I,
and the inherent risk of outcome x;,,.

3.4 | Decision Model

Prior to computing the prospect value, the probabilities given in
Equation (8) are adjusted using the Prelec function and weighted
marginal probabilities as in Equations (3) and (4). Combining all
of this, we have an overall prospect for intervention I,, for agent
j» which is given by

ij =a- Pm (¢economic) + ﬁ . ij(‘bsafety)’ (14)

where a and g are two weighting parameters that can be adjusted
based on targeted relative model contributions of economic fac-
tors and safety factors. Alternatively, « and g could be scaling
factors to recalibrate the base orders of magnitude of the eco-
nomic and safety contribution. This might depend on how the
risk cost is evaluated. From here, the optimal maintenance in-
tervention is given by

I =argminP,, (15)

the intervention with the lowest prospect value.

4 | Numerical Example

This section applies the previously outlined methodology to
a case study focusing on the maintenance planning of wind
turbine blades. Blades are critical structural components that
operate under complex loading conditions and are continu-
ously exposed to harsh environmental factors, making them
susceptible to various damage mechanisms. Common defects
include leading edge erosion, adhesive joint degradation, trail-
ing edge failure, buckling, and damage from lightning strikes.
These defects can significantly impact the structural integ-
rity and aerodynamic performance of the blades, leading to
reduced energy production and increased maintenance costs
[62]. Leading edge erosion is particularly prevalent due to the
continuous impact of rain, hail, and airborne particles, which
degrade the blade's surface and aerodynamic profile over time.
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Adhesive joint degradation and trailing edge failures often re-
sult from fatigue loading and manufacturing imperfections,
leading to delamination and structural instability. Buckling
can occur under extreme loading conditions, compromising
the blade's load-bearing capacity. Lightning strikes, although
less frequent, can cause severe damage, including delamina-
tion and material ablation, necessitating extensive repairs or
complete blade replacement [63].

Understanding these failure modes is essential for developing ef-
fective maintenance strategies. The subsequent analysis utilizes
synthetic data calibrated with empirical statistics to model the pro-
gression of blade defects and evaluate the economic implications
of different maintenance decisions. This approach enables the as-
sessment of risk-informed maintenance planning, optimizing the
balance between operational reliability and maintenance costs.

4.1 | Defect Severity Modeling and Cost
Assessment for Wind Turbine Blade Maintenance

There are several downsides related to the development of dam-
age in blades. Blade defects significantly impact the operational
efficiency and financial performance of offshore wind farms.
Leading edge erosion, for instance, can reduce aerodynamic
efficiency, leading to a decrease in power output by up to 5%
annually [64, 65]. Structural defects such as cracks and delam-
ination compromise the integrity of the blade materials, posing
risks of catastrophic failure if not promptly addressed. These de-
fects often necessitate immediate maintenance actions, leading
to turbine downtime. The duration of such downtime can vary
from a few days to several weeks, influenced by the severity
of the defect and the availability of repair resources. Extended
downtime not only results in lost energy production but also in-
curs substantial maintenance costs, thereby impacting the over-
all economic viability of wind farm operations.

Given the critical role played by these structural components in
the maintenance strategies for offshore wind farms, the following
section focuses on this particular turbine component. To imple-
ment the proposed methodology, we utilize the NREL 6.1-MW
offshore reference turbine as the basis for our case study. This tur-
bine model is part of NRELS fixed-bottom offshore wind reference
project, which is widely recognized in the industry for its compre-
hensive and publicly available data. The reference project reports a
net capacity factor of 48.7%, reflecting realistic operational perfor-
mance for offshore wind turbines in suitable wind resource areas.

For economic modeling, we assume a power purchase agree-
ment (PPA) price of $0.02 per kilowatt-hour (kWh), consistent
with industry benchmarks for offshore wind energy [38]. Based
on these parameters, the estimated cost of downtime per hour
for the turbine is calculated as follows:

6,100 kW x $.02 /kWh x 48.7% = $59.41.

Additionally, maintenance labor costs are incorporated into the
economic analysis. According to the US Bureau of Labor Statistics,
the median hourly wage for wind turbine service technicians was
$29.70 as of May 2023 [36]. This wage rate is used to estimate the
labor component of maintenance and repair activities.

By employing the NREL 6.1-MW offshore reference turbine, we
ensure that our case study is grounded in a well-documented
and industry-accepted framework, facilitating the applicabil-
ity and scalability of our findings to real-world offshore wind
operations.

Wind turbine blade maintenance activities are systematically
categorized based on the severity and nature of the damage,
which directly influence the required repair strategies and as-
sociated resources. This classification is essential for optimizing
maintenance operations and ensuring the structural integrity
and performance of wind turbines.

Minor repairs [66] address superficial damages that do not
compromise the blade's structural integrity but may affect
aerodynamic performance. Common issues include leading-
edge erosion, surface roughness, and minor coating degrada-
tion. Such damages are typically addressed through surface
treatments like sanding and recoating, application of pro-
tective tapes, or minor patch repairs. These repairs are often
conducted during scheduled maintenance intervals without
necessitating turbine shutdown. Major repairs involve more
substantial damage, such as nonstructural material matrix
cracks or delamination. Repair techniques often include fill-
ing, sealing, and resin injections to restore structural integ-
rity. These repairs often necessitate turbine downtime and
may require specialized equipment and skilled personnel [67].
Finally, major replacements [68] encompass severe damage
scenarios, such as total blade collapse resulting from delami-
nation or buckling. The most common cause of major replace-
ments in blades is lightning strikes, which can sometimes
require the replacement of all three blades [69, 70].

This structured classification facilitates a risk-based approach
to maintenance, allowing operators to prioritize repairs, allo-
cate resources efficiently, and minimize turbine downtime. By
understanding the severity and implications of different dam-
age types, maintenance strategies can be tailored to ensure the
longevity and optimal performance of wind turbine blades.
Empirical data from Carroll et al. [31] provide detailed insights
into the resource requirements associated with different re-
pair categories. For instance, minor repairs, such as addressing
leading-edge erosion, typically involve an average repair time of
9h and require a small team of technicians. In contrast, major
repairs, addressing more significant structural issues, demand
longer repair times and larger teams. Major replacements, often
necessitated by catastrophic failures like lightning strikes, in-
volve extensive repair durations and substantial resource al-
location. These metrics are crucial for modeling operational
expenditures and are detailed in Table 4.

In the context of wind turbine blades, defects typically prog-
ress through identifiable stages, such as minor damage (e.g.,
surface erosion), moderate damage (e.g., delamination), and
severe damage (e.g., structural failure). These stages can be
represented as discrete states within a Markov model, with
transition probabilities informed by empirical failure rates,
such as those reported by Carroll et al. [31]. This study reports
annual failure rates per turbine of 0.456 for minor repairs,
0.010 for major repairs, and 0.001 for major replacements.
These rates are derived from extensive operational data,
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making them a reliable foundation for our analysis. Using
these failure rates, we construct a discrete-time Markov tran-
sition matrix, denoted as A, where the ij* entry of A represents
the probability of transitioning from the defect state i to state
Jj within a given time interval:

pyi=p(d, =jld,_, =1i),
where d, is the defect level at time ¢ and ¢ is measured in days.

This modeling approach allows for the quantification of the like-
lihood of progression from one damage state to another over a
specified time horizon and enables the evaluation of the impact
of different maintenance strategies.

To model the stochastic progression of blade defects, we define
a row-stochastic transition probability matrix where each entry
represents the probability of transitioning from defect level i to j
in one time step (day). The matrix structure assumes monotonic
deterioration, such that defects can only worsen or persist in the
absence of repair:

1= (poy +Poz2 +Po3) Do Pox  Pos
A= 0 1-(p+Pis) P2 Pis
0 0 1-py P
0 0 0 1
TABLE 4 | Average repair values associated with blade defects and

failures as reported in [31]. Currency values are converted from Euros
to USD using the historical 2016 average 1.11 Euro-USD exchange rate.

Minor Major Major
repair repair replacement
Material repair 189 1665 99,900
cost (USD)
Number of 2.1 33 21
technicians
Time to repair 9 21 288
(hours)
Prelec Probability Weighting
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Economic Prospect Value

From [31], we know that turbine blades have a 0.456 annual
failure rate, which means the probability of requiring a minor
repair in a given year is

1 — e 046 = 0.366.

Assuming the turbine begins in a fully operational state

X, = (1,0,0,0) (i.e., operational at time ¢ = 0), its state after ¢ days is

given by the vector x,A’. Therefore, after 365 days, we would expect
(x9A%%), ~ 0.366.

To calibrate the transition probabilities, p;, we formulate an
optimization problem that minimizes the squared difference
between the expected number of failures N, and the observed
number N, for each category k. Specifically, we solve

min Z <Nk —ﬁk>2,

(Por:P12:P13) k

f =
where

j\\]k = (xOA365)k : Ntotal'

This is achieved by using ordinary least squares minimiza-
tion implemented using Scipy's minimize function with con-
strained optimization by linear approximation (“COBYLA”).
The calibrated transition matrix obtained is

0.945 0.053 0.001 0.000
0 0.997 0.001 0.001
0 0
0 0 0 1

A= .
0.999 0.001

This matrix reflects realistic defect progression dynamics in tur-
bine blades and is consistent with reported long-term reliability
data, making it a valid and scientifically grounded choice for the
defect modeling framework.

For numerical simplicity, we assume that p,, = p;, and p;5 = p,3,

although this need not be the case. Figure 7 shows the sample
economic prospect values for this numerical example. In all cases,

Economic Prospect Model

0.475 ~
y =0.01 -,
04501 m = y=07 PR
P~ ”
2 0.4251 R
o] ,/
%5 0.400 -
0 b
S 0.3751 R
= -
= 0.3501
: ol
£ 0.3251 L
0300{ »°
P d
0 5 10 15 20 25 30

Intervention Index

FIGURE 7 | Economic prospect values for varying interventions and choices for y in Equation (4). The smaller values of y correspond to giving

roughly equal weight to all possible outcomes, whereas larger values stay closer to a linear probability weighting.
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the economic prospect value increases over time since damage
accumulates over time if left unchecked. The solid gray line in
Figure 7 corresponds with y = 0.01 in Equation (4), which gives
nearly equal weight to all outcomes regardless of probability.
Because probabilities of the outcomes evolve over time, and be-
cause the costs associated with each outcome differ, the gray light
shows very slight instability. The black dashed line, on the other
hand, corresponds to y = 0.7, which always gives a strong priority
to the most likely outcome, which, over time, becomes the most
costly outcome. Notice that the two lines cross each other at in-
tervention index 10, that is, intervention on the 10" possible day.

Figure 8 illustrates the outcomes of using the Markov model de-
scribed (Figure 4) in Section 3.1 combined with the described tran-
sition matrix to simulate defect, detection, and repair cycles for two
turbines over 365days. The x axis represents the days, whereas the
y axis categorizes the type of defect or repair activity, ranging from
“no defect” to “major replacement.”

Turbine 1 (continuous gray line) experienced a total of 13
minor repairs, 0 major repairs, and 1 major replacement. The
minor defects for Turbine 1 are frequent and spread through-
out the year, indicating regular but less severe maintenance

Defect, Detection and Repair Cycles for 2 Turbines Over 365 Days

~ Simulated Turbine 1
==+ Simulated Turbine 2

Major Replacement

Major Defect

Minor Defect

No Defect

0 50 100 150 00 250 300 350

Days 2
FIGURE 8 | Two simulated cycles of defect, detection, and repair.
Turbine 1 required 13 minor repairs, 0 major repairs, and 1 major re-
placement. Turbine 2 required 13 minor repairs, 2 major repairs, and 0
major replacements.

requirements. The major replacement is indicated by a signifi-
cant spike near the middle of the year cycle, showing that this
event required more resources and time. The flat area at the
top of each spike represents the combined time between defect
occurrence, detection, and repair (recall that there may be a
lag between defect occurrence and detection).

Turbine 2 (dashed black line) required 13 minor repairs, 2 major
repairs, and 0 major replacements. Similar to Turbine 1, Turbine
2's minor defects are distributed throughout the year, showing
consistent, less critical maintenance. The two major repairs are
noticeable on the graph as more intensive maintenance activi-
ties compared to the minor repairs.

Comparatively, both turbines underwent significant mainte-
nance. The number of minor repairs is equivalent for Turbine 1
compared to Turbine 2, but Turbine 2 also needs major repairs,
suggesting Turbine 2 might be slightly less reliable in terms of
minor/major issues. Conversely, Turbine 1 experienced a major
replacement, requiring the complete overhaul of a turbine
component.

Figure 9 illustrates the proportion of turbines in different de-
fect or repair states over time, specifically tracking 100 turbines
across 365days. The x axis represents the days, whereas the y
axis indicates the proportion of turbines in each state. The green
line represents turbines that are fully operational and have no
defects. The yellow line shows turbines that are still operational
but have some form of defect, either minor or major. These tur-
bines continue to function despite the defect, but may require
maintenance soon. The red line indicates turbines that are non-
operational because they are undergoing repairs. This includes
turbines in the more severe states of major repair or major re-
placement, where they are taken offline until the repairs or re-
placements are completed. The red line reflects the proportion
of turbines out of service for active repair, whereas the yellow
line covers those with defects that have not yet led to downtime.

Proportion of Turbines in Defect/Repair States Over Time

Proportion of Turbines

1 1
0 50 100 150

== (QOperational with No Defect
Operational with Defect
=== Non-Operational (i.e. Under Repair)

1 1
200 250 300 350

Day

FIGURE9 | Cycles of defect, detection, and repair were simulated for 100 turbines across 365 days. Overall, there is a defect-free fleet availability

of around 70%.
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Throughout the year, the proportion of defect-free operational
turbines fluctuates but generally remains around 70%. This
suggests that most turbines are kept in good working condition
through regular maintenance and repairs. The operational tur-
bines with defects, represented by the yellow line, show a con-
sistent presence, indicating that although some turbines operate
with minor issues, they are still functional.

The red line, representing nonoperational turbines under repair,
remains steady at around 10% throughout the year. This propor-
tion indicates that although the likelihood of turbines entering
severe defect states, such as major repairs or replacements, is rel-
atively low, the turbines that require these interventions remain
out of service for extended periods. The transition matrix’s final
row, with a value of 1 in the “major replacement” state, indicates
that once a turbine enters this state, it stays nonoperational until
the repair or replacement is fully completed. This prolonged
downtime, particularly for major repairs and replacements,
leads to a consistent proportion of turbines being unavailable
at any given time. The 10% nonoperational rate aligns with the
assumption of fixed repair times in the study, where turbines
undergoing significant repairs or replacements are out of service
for predictable durations, contributing to the stable proportion
seen in the plot.

4.2 | Risk Evaluation for Vessel Transfer
and Working at Height

The blade repair process in offshore wind farms is divided
into several critical phases, each with specific decision points
and safety considerations. This section will address the safety
considerations and modeling strategies for the case of minor
crack repairs described and identified in the previous section.
Figure 10 summarizes the key stages considered in the present
case study.

The simulation of this repair assumes the mobilization of per-
sonnel and equipment. The assumptions made here consist of
including two blade repair specialists, two rope access techni-
cians, and two safety officers alongside the necessary equip-
ment, such as a crew transfer vessel (CTV), ropes and harnesses,
UV curing lamps, composite patch materials, and safety gear.

The port preparation phase initially involves inspection, risk as-
sessment, and a go/no-go decision based on weather forecasts
and readiness. During navigation to the site, the team continu-
ously monitors weather conditions to ensure safe transit. Upon

arrival, a safety briefing precedes the vessel transfer, where sea
state and wind speed are assessed to determine whether the pro-
ceeding is safe.

Once the crew safely transfers to the wind turbine, they prepare
for climbing, ensuring all safety gear is secure and the weather
conditions are favorable. During the working-at-height phase,
repair specialists perform the crack repair using composite
patches and UV curing lamps. This phase requires continuous
monitoring of weather conditions and stability.

After completing the repair, the team prepares for the descent,
ensuring all safety measures are in place. The descent and sub-
sequent vessel transfer back to the CTV are carefully executed,
considering real-time weather conditions. The final phase in-
volves navigation back to port, with continuous weather mon-
itoring to ensure a safe return.

Throughout these phases, key factors such as weather conditions
significantly influence decision-making, especially regarding
vessel transfer and working at height. Safety considerations in-
clude the reliability of equipment, emergency preparedness, and
risk assessment models to mitigate potential hazards.

The two most critical phases are the vessel transfer and working
at height. The specific risk assessment categories can be identi-
fied in the particular phase of analysis by looking at the RAM
presented in Figure 5.

Table 5 below presents a combined risk assessment for vessel
transfer and working at height in offshore wind operations. It
categorizes the nature of hazards, identifies the persons at risk,
describes the possible effects of these hazards, and assigns
a safety rating to each scenario. For vessel transfer, adverse
weather, equipment failure, and poor visibility are identified
as primary risks, each with significant safety implications.
Similarly, hazards such as equipment failure and varying wind
conditions are highlighted for working at height, with adverse
weather, particularly high winds, being the most critical, associ-
ated with severe consequences such as falls and fatalities.

For vessel transfer, adverse weather (high wave-wind), equip-
ment failure, and poor visibility are identified as key hazards,
with safety ratings of C4 for adverse weather and poor visibil-
ity and C3 for equipment failure, highlighting the significant
risks of capsizing, personnel injury, and navigation errors. For
working at height, the risks include equipment failure, moder-
ate wind, and high wind, with safety ratings ranging from C3 to

FIGURE 10 | Visual sequence representing key stages in offshore wind farm blade repair. From left to right: port preparation with a coastal

dock view, navigation phase with a crew transfer vessel en route to the site, vessel transfer with CTV alongside the wind turbine, reaching the

nacelle depicted by technicians approaching the turbine, and the blade repair phase showing technicians performing work at height on the turbine

structure. Source: Shutterstock, Turbine Transfers, Orsted, and WBUR.

Wind Energy, 2025

13 0f 19

QSUDOIT SUOWIO)) dANaI) d[qeatjdde Yy Aq PauIdA0S e SA[ONIE Y OSN JO SN J0J AIRIQIT SUIUQ AS[IAN UO (SUOHIPUOI-PUB-SULID}/WOd" KM’ ATRIqIouI[uo//:sdiiy) SUONIPUO)) pue SWId T, Y1 39S [9707/10/1€] U0 A1eiqry suruQ Ad[IA ‘ANSIDAIUN SYNT AQ S900LIM/Z001 0 1/10p/W0d Kd[im A1eiqijaurjuo//:sdny woly papeojumod ‘Z1 ‘70T ‘bT816601



D5, indicating the severe risk of falls and fatalities under adverse
weather conditions. These ratings emphasize the critical need
for stringent safety measures to protect crew and technicians
during these operations.

This work will focus on a simplified application of the risk as-
sessment framework where x represents a single variable that
drives the risk score. Specifically, for the vessel transfer phase, x
represents wave height. For the working at height phase, x rep-
resents the wind speed. The risk function models the increased
danger of vessel transfer or working at height as wave height or
wind speeds rise above a threshold x,, with the curvature pa-
rameter # adjusting how rapidly perceived risk escalates. The
function captures how these weather parameters drive and im-
pact the safety for these two phases, reflecting higher risk per-
ceptions as conditions worsen.

Tables 6 and 7 provide a detailed summary of the quantitative
factors influencing risk perception functions for both transfer
operations and working at height in offshore wind turbine main-
tenance. These tables categorize various safety factors into low,
medium, and high-risk perception levels, such as weather condi-
tions and PPE availability.

The threshold defining the boundary between low and medium
risk perception serves as the neutral reference point, x;. This ref-
erence point is critical for establishing baseline step functions
in the risk assessment matrix and building the risk perception
function. For instance, in Table 6, a wave height below 1.5m and
a wind speed below 5m/s are considered low risk, defining the
neutral points for these parameters. Similarly, in Table 7, a wind
speed below 4m/s and a wave height below 1.5m define the low-
risk threshold for working at height.

These neutral reference points allow for the creation of baseline
risk perception functions, which can then be integrated into
the overall risk assessment matrix. By mapping the conditions
above to higher risk levels (0, 0.5, and 1) according to the RAM,
these tables facilitate the systematic construction of step func-
tions that model how risk perception escalates from low to me-
dium and high as conditions worsen.

As shown in Figure 11, for vessel transfer, the baseline risk
perception function shows minimal risk up to a wave height
of 1.5m, beyond which the risk escalates sharply. This thresh-
old reflects industry consensus on safe operational conditions.
In contrast, Agent 1's risk perception increases more gradually

TABLE 5 | Combined risk assessment for vessel transfer and working at height.

Activity Nature of hazard Persons at risk Possible effects of hazard Safety
Vessel transfer Adverse weather (high wave-wind) Crew, technicians Capsizing, personnel overboard C4
Equipment failure Crew, technicians Injury or loss of equipment c3
Poor visibility Crew, technicians Navigation error, collision C4
Working at height Equipment failure Technicians Injury, delayed repair C3
Adverse weather (medium wind) Technicians Slips, falls C4
Adverse weather (high wind) Technicians Falls, fatality D5
TABLE 6 | Summary of quantitative factors influencing risk perception function for transfer operations.
Safety factor Low risk perception = Medium risk perception = High risk perception
Weather conditions Wind speed <5m/s S5m/s<x<13.4m/s >13.4m/s
Wave height <1.5m 1.5m<x<3m >3m
Wave period <6s 6s<x<16s > 16s
Water temperature > 15°C 5°C<x<15°C <5°C
Current <0.25m/s 0.25m/s<x<0.51m/s > 0.51m/s
Visibility Good Mild Limited
Daylight Morning Afternoon Night
PPE availability Life Jackets/PFD > 275N < 275N
PLB (locator beacon) Available Not available
Gloves w/good grip Available Not available
Boots (waterproof) Available Not available
Immersion suit Available Not available
Warm clothes Available Not available
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TABLE 7 | Summary of quantitative factors influencing risk perception function for working at height.

Safety factor Low risk perception Medium risk perception  High risk perception
Weather conditions Wind speed <4m/s 4-9m/s >9m/s
Wave height <1.5m 1.5-3m >3m
Water temperature > 15°C 5°C-15°C <5°C
Visibility Good Mild Limited
Life jackets/PFD Available Not available
PPE availability Gloves Available Not available
Immersion suit Available Not available
Safety harness Available Not available
Vessel Transfer Working at Height
1.4 | = Baseline (xo =1.5) 2.5 = Baseline (xo = 4)
Agent 1 (xo=1.5,01=1,n,=0.3) Agent 1l (xo=3,p1=1,n1=0.3)
1.21 Agent 2 (xo=1.5,p:=0.7,n1 =0.2) 2.0 Agent 2 (xo=5,0,=0.2,n,=1.1)
1.0 1
1.5 1
7 0.8 ~
v v
= 0.1 ‘ o 1.0 ——
0.4 1 ,
0.5 1
0.2 1 ’
0.0 1 0.0 1 :
0 1 2 3 4 o 2 4 6 8 10 12 14

Wave Height [m]

Wind Speed [m/s]

FIGURE 11 | Risk perception functions for vessel transfer and working at height, with baseline scenarios derived from neutral safety thresholds.

The plots illustrate how different agents perceive risk in response to increasing wave height and wind speed, reflecting varying levels of risk aversion

and sensitivity to environmental conditions.

beyond the same threshold, indicating a more cautious approach
that acknowledges escalating risk in a more nuanced manner.
Agent 2 perceives a slower increase in risk, suggesting a con-
sistently higher sensitivity to wave height variations across the
spectrum.

In the working-at-height scenario, the baseline risk perception
function follows a similar pattern, significantly increasing per-
ceived risk beyond the neutral point of 4m/s wind speed. This
sharp rise highlights the critical safety concern associated with
higher wind speeds. Agent 1, however, begins to perceive in-
creased risk at lower wind speeds, reflecting a lower tolerance
for risk and a preference for heightened caution. Agent 2's more
linear risk perception suggests a steadier approach to risk esca-
lation, indicating confidence in managing risks even as condi-
tions worsen.

These varying risk perceptions highlight the differences in risk
tolerance among stakeholders, emphasizing the importance of
incorporating such models into decision-making frameworks.

Figure 12 illustrates the simulated wind speed and wave height
over a week and their corresponding impact on risk perception
for different agents, aiding in determining the optimal day for
intervention. The top plot combines wind speed and wave height

data over the simulated period, with wind speed on the left y
axis and wave height on the right y axis. The middle plot shows
the risk scores associated with wave height, whereas the bottom
plot displays the risk scores associated with wind speed. The
baseline risk, Agent 1 (more risk averse), and Agent 2 (more risk
tolerant) are compared. The variations in risk scores reflect how
each agent's perception changes with the environmental condi-
tions, highlighting the differences in decision-making strategies
under fluctuating wind and wave conditions. The highest risks
are observed around September 26, coinciding with peak wind
speeds and wave heights. As conditions improve later in the
week, the risk scores decrease, with the baseline returning to
zero when conditions fall below critical thresholds. The optimal
day for intervention, where risks are minimized, can be identi-
fied by the lowest risk scores later in the week, signaling safer
conditions for going out.

4.3 | Combined Prospect Value Assessment

Figure 13 presents the normalized combined prospect values
for two simulated agents across a series of intervention sce-
narios. The normalization process was employed to rescale
the economic and safety prospect values to a common range,
making it easier to compare the decision-making strategies
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of the two agents on a qualitative level. This normalization
was achieved by first subtracting the minimum value of the
respective prospect functions and then dividing by the max-
imum value, ensuring that both the economic and safety
prospects fall within a [0, 1] range. This approach allows for
focusing on relative changes in prospect values rather than
their absolute magnitudes, providing clearer insights into the
agents' decision-making processes.

Figure 13 illustrates the normalized combined prospect values
derived from integrating economic and safety considerations for
two simulated agents. With a lower risk tolerance and higher
sensitivity to both wave height and wind speed (see Figure 12),
Agent 1 perceives relatively high safety risks even at low wind
speeds. This is evident from the combined prospect value trend,
where Agent 1 shows a sharp decrease only when the wind and
waves drop below the tolerance threshold. This drop alleviates

Wind Speed and Wave Height Over Time
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the perceived safety risk for Agent 1, leading to a significant de-
crease in the prospect value. This change underscores Agent 1's
cautious strategy, prioritizing safety and early intervention as
soon as conditions improve.

On the other hand, Agent 2, with a higher risk threshold, has
lower sensitivity to both wave height and wind speeds (see
Figure 12), showing a more moderate response to changes in
wave and wind conditions. The prospect value for Agent 2 in-
creases gradually, indicating a strategy that is less reactive to
immediate changes in wind speed. Agent 2's higher tolerance for
safety risks allows for a more immediate intervention approach,
reflected in the steadier rise in the combined prospect value over
time, even as wind speeds vary throughout the observed period.

Despite both agents sharing the same economic coefficient
(y =0.7), their safety parameters drive different overall strate-
gies. Agent 1's economic considerations are more strongly in-
fluenced by the immediate need to reduce safety risks, leading
to quicker and more substantial changes in combined prospect
value as soon as safer conditions (lower wind speeds) are per-
ceived. Agent 2, however, balances economic and safety con-
cerns differently. With a higher tolerance for wind speed risks,
Agent 2 is willing to take immediate action regardless of chang-
ing conditions. This reflects a strategy that integrates economic
potential more heavily over immediate safety concerns, particu-
larly when wind speeds are high.

The wind speed peaked on September 26th, leading to the highest
risk perception, especially for Agent 1. As wind speeds decreased
after this peak, Agent 1's prospect value saw a sharp increase,
indicating that this agent found it more advantageous to inter-
vene quickly as soon as the risk level (due to high wind speeds)
dropped. Agent 2, however, remained more conservative in their
prospect value increase, reflecting a strategy of waiting for even
more favorable conditions before considering intervention.

The variations in combined prospect value between the two
agents highlight how different safety sensitivities and risk toler-
ances shape their decision-making strategies in response to envi-
ronmental changes, such as wind speed. Agent 1, with a stronger
emphasis on safety, responds more immediately to reductions in
wind speed, leading to more dramatic changes in prospect value.
In contrast, Agent 2, which is more economically driven and less
sensitive to wind speed changes, shows a more gradual change in
prospect value, reflecting a strategy that favors early intervention.
This differentiation illustrates the flexibility and applicability of
the combined prospect value model in capturing diverse decision-
making approaches under varying environmental conditions.

5 | Discussion

This paper introduced a comprehensive framework for man-
aging offshore wind turbine maintenance, designed to guide
the process from initial defect detection through to optimal
decision-making for intervention. The proposed strategy is ver-
satile and can be adapted to various application domains, such
as onshore wind and other industrial settings, where mainte-
nance needs differ based on environmental and operational fac-
tors. For instance, in onshore wind maintenance, the framework

could focus more on land-based logistical considerations, such
as equipment availability and cost efficiency, while placing less
emphasis on challenges like extreme weather and restricted ac-
cessibility that are critical offshore. Onshore applications would
likely prioritize minimizing downtime and maximizing equip-
ment availability over addressing high-stakes safety risks asso-
ciated with vessel transfers or harsh marine conditions.

The framework can support flexible, real-case scenario inte-
grated maintenance strategies, enabling, for example, a mix of
condition-based and preventive approaches. Condition-based
monitoring would target high-risk components, triggering main-
tenance only when necessary, whereas preventive schedules for
less critical systems would ensure steady functionality and re-
duce unexpected failures. This dual approach would introduce
an adjustment of the economic costs and defect assessments,
stabilizing defect progression and enhancing cost efficiency.
Preventive maintenance would help slow wear in less critical
components, improving prediction and planning for mainte-
nance intervals. By combining these strategies, the framework
could achieve optimal reliability, cost-effectiveness, and safety
across all operational areas.

Although robust, this framework has some limitations. It cur-
rently assesses risk based on a single variable, like wind speed,
whereas maintenance decisions are influenced by multiple in-
teracting factors. Future research will aim to incorporate mul-
tivariable risk assessments for a more comprehensive analysis.
Additionally, the Markov model relies on assumed transition
probabilities for defect progression, which may oversimplify
real-world defect behavior due to limited empirical data.
Refining these probabilities with real-world data is essential
for improving predictive accuracy. The model's validation re-
lies on numerical simulations, lacking the integration of real-
time monitoring data, which limits its adaptability and does not
fully capture the complexity of actual offshore environments.
Incorporating real-time monitoring would allow for dynamic
updates and more responsive decision-making. Addressing
these limitations in future work will enhance the framework's
accuracy and applicability in offshore wind maintenance.

Finally, although the proposed framework treats safety as a key
decision factor, it remains agnostic to farm-specific standards
due to limited public access to project-level implementation
data, often constrained by jurisdictional and proprietary factors.
As a result, the proposed framework focuses on capturing vari-
ations in safety priorities and regulatory emphasis, rather than
prescribing or evaluating specific compliance pathways. Future
work will aim to incorporate empirical case studies as more
standardized and transparent data become available.

The framework's flexibility and robustness make it a strong
candidate for further development, particularly in the context
of multiscale, multistakeholder modeling. Although this study
focused on a narrow application via a numerical model, future
research will extend the framework to incorporate a broader
range of stakeholders and temporal scales, enabling a more com-
prehensive analysis of offshore wind operations. This extension
will provide deeper insights into the complex interactions be-
tween stakeholders, further enhancing the framework'’s utility
in research and practical applications.
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