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ARTICLE INFO ABSTRACT

Keywords: As wind power installations continue to expand rapidly, ensuring reliable and cost-effective Operation and
Wind energy Maintenance (O&M) over the wind turbine lifetime has become increasingly important. With the development
Prognostics and health management of Industry 4.0, predicting the health status of wind turbines and making informed maintenance decisions has

Operation and maintenance
Remaining useful life prediction
Artificial intelligence
Maintenance optimization

become an urgent challenge that must be addressed to enable the next generation of O&M paradigms. This
paper starts with presenting a comprehensive review of health prognostics for wind turbines. Existing ap-
proaches are generally divided into two main categories: (1) model-based methods, including physics-based
and knowledge-based approaches, and (2) data-driven methods, which encompass statistical methods as well
as Artificial Intelligence (AI)-based methods, including both traditional and emerging AI methods. Subsequently,
the maintenance decision-making problem informed by wind turbine health information is systematically sum-
marized, with a particular focus on the historical evolution, problem formulation, data challenges, modeling
techniques, optimization objectives, and solving techniques. Finally, key open challenges in the context of fu-
ture digital and intelligent O&M are highlighted, and potential research directions are outlined to address these
challenges.

1. Introduction offshore deployment, especially toward deep and far offshore regions
[4,5]. As of 2024, offshore wind accounts for 7.3 % of the global in-
stalled capacity, and this value is expected to rise to 11.3 % by 2030
[6]. Meanwhile, to capture wind energy more efficiently, the record for
the largest wind turbine has been repeatedly broken in recent years, with
capacities now exceeding 20 MW [7,8].

Wind energy, particularly offshore wind, has become a key building
block in achieving carbon neutrality [1,2]. By 2030, the total installed
capacity of wind turbines worldwide is projected to reach 2 TW [3]. The
development trend in the wind energy sector is shifting from onshore to
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List of Abbreviations

Al Artificial intelligence
ALNS Adaptive large neighborhood search

ARIMA  Autoregressive integrated moving average
ARMA  Autoregressive moving average
BiLSTM Bidirectional long short-term memory
CAPEX Capital expenditure

CBM Condition-based maintenance

CNN Convolutional neural network

DL Deep learning

EKF Extended Kalman filter

FTA Fault tree analysis

GA Genetic algorithms

GAN Generative adversarial network

GNN Graph neural network

GRU Gated recurrent unit

KF Kalman filter

KG Knowledge graph

LCoE Levelized cost of energy

LLM Large language model

LSTM Long short-term memory

MILP Mixed-integer linear programming
MIP Mixed-integer programming

ML Machine learning

MLP Multilayer perceptron

MOGA  Multi-objective genetic algorithm
MOPSO Multi-objective particle swarm optimization
MTTF Mean time to failure

MTTR  Mean time to repair

NSGA-II Non-dominated sorting genetic algorithm II
O&M Operation and maintenance

OEM Original equipment manufacturer

OM Opportunistic maintenance

OPEX Operational expenditure

PdM Predictive maintenance

PF Particle filter

PHM Prognostics and health management
PINN Physics-informed neural network

PSO Particle swarm optimization

RAM Reliability, availability, maintainability
RL Reinforcement learning

RNN Recurrent neural network

RUL Remaining useful life

RxM Prescriptive maintenance

SA Simulated annealing

SCADA  Supervisory control and data acquisition
SP Stochastic programming

UKF Unscented Kalman filter

However, Operation and Maintenance (O&M) challenges remain one
of the major bottlenecks hindering the further development and large-
scale deployment of wind energy. It is widely recognized that O&M costs
account for approximately 25 % of the total lifecycle cost for onshore
wind turbines and can reach up to 30 % for offshore wind [9,10]. With
the ongoing trend toward deeper waters, greater distances from shore,
and larger turbine capacities, offshore O&M is becoming more challeng-
ing and costly. Reducing the Levelized Cost of Energy (LCoE) remains a
widely acknowledged industrial priority. As reported in [11], by 2050,
the LCoE for onshore wind, fixed-bottom offshore wind, and floating
wind is expected to fall substantially by 44.4 %, 59.3 %, and 78.3 %,
respectively, compared to 2020 benchmarks.

The digital and intelligent transformation brought by Industry 4.0
offers promising solutions to the challenges of wind turbine O&M. The
most notable shift is the transition from traditional corrective and time-
based maintenance to the novel maintenance based on the health status
of the wind turbines. This approach involves analyzing data collected
from remote condition monitoring systems to capture the health of
wind turbines, thereby providing actionable insights for maintenance
decision-makers and guiding subsequent maintenance actions. Such a
paradigm driven by accurate health prognostics and informed mainte-
nance decisions represents the next generation of wind energy O&M.
This ongoing digital transformation in the wind energy industry not only
underscores the significance and timeliness of this topic but also propels
it to the cutting edge as one of the most active research fields.

The growing research interest has led to the publication of many
review papers on this topic. Table 1 summarizes the review articles
published over the past decade (2015-2025) on wind turbine health
prognostics and maintenance decision-making. Some of these studies
provide comprehensive overviews of related topics such as condition
monitoring, Prognostics and Health Management (PHM), and digital
twins. While not specifically dedicated to prognostics and maintenance,
these papers offer valuable insights relevant to these topics and are
therefore included in the table. From 2015 to 2018, the number of rel-
evant publications remained relatively low, but a notable increase has
occurred since 2019. In addition, the table classifies the papers accord-
ing to the target turbine type, including general wind turbines, offshore

wind turbines, and floating or novel designs. It is observed that most
prognostics-related reviews focus on general wind turbines, while about
half of the reviews relevant to maintenance decision-making specifically
address offshore or floating wind turbines. This trend likely reflects the
unique challenges associated with the O&M of offshore wind turbines
(e.g., marine environments), which deserve additional attention in the
literature.

The constructive papers listed in the table offer valuable insights into
the current research landscape and actively contribute to the evolution
of the field. However, some gaps still exist in the research and require
further attention, as summarized below.

(1) Previous reviews often group condition monitoring, diagnostics,
and prognostics together, lacking in-depth analysis specifically
from the perspective of prognostics. Some studies further restrict
their scope to specific critical components (e.g., bearings) or par-
ticular methodologies such as Machine Learning (ML). Currently,
the reviews that are exclusively dedicated to wind turbine health
prognostics and that provide a comprehensive examination of
all available prognostic techniques and solutions remain insuffi-
cient. Moreover, although Artificial Intelligence (AI) has become
a dominant approach in recent years, most existing reviews are
still limited to review conventional Al-based approaches, with-
out exploring whether the methods can meet the emerging needs
of health prognostics in future developments. Critical analysis of
these emerging paradigms, particularly in terms of their potential
capabilities and inherent challenges, remains insufficient.

(2) Existing maintenance-related reviews commonly adopt a broad
perspective, covering a wide range of O&M activities, includ-
ing strategy design, resource allocation, and on-site operations.
Others often focus on specific aspects, such as particular strate-
gies (e.g., opportunistic maintenance) or specific types of wind
turbines (e.g., floating wind turbines). Despite existing efforts,
there is still a notable lack of comprehensive and in-depth reviews
that systematically address the key elements essential for effective
maintenance decision-making driven by prognostics, including
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Table 1
Existing review papers on wind turbine prognostics and maintenance decision-making from 2015 to 2025.
References Year Wind turbine Focus Brief description
General Offshore Floating Prognosis Maintenance
and
novel
con-
cepts

[12] 2015 v v This paper reviews the state-of-the-art of maintenance logistics in offshore wind energy
following a classification scheme with strategic, tactical and operational decision-making
levels

[13] 2016 v v This paper reviews the state-of-the-art in diagnostics and prognostics of low-speed bearings
and planetary gearboxes of wind turbines

[14] 2018 v 4 This paper provides a review of fault diagnosis and prognosis for wind turbines, focusing
on the application of artificial neural networks

[15] 2018 v v This paper presents a review of prognostic techniques applied to wind turbine gearboxes,
bearings, blades, pitch systems

[16] 2019 v v This paper provides an overview of the different prognostic phases for wind turbines,
including health indicator construction, degradation detection, and RUL estimation

[17] 2019 v v This paper reviews the state of the art in decision support models for maintenance
scheduling

[18] 2019 v v This paper reviews maintenance policy optimization and inspection planning of wind
energy systems and structures

[19] 2019 v v v This paper reviews condition-based maintenance for offshore wind energy, focusing on
condition monitoring, fault diagnosis and prognosis, and maintenance optimization

[20] 2019 v v This review aims to identify and classify the different types of models used at the strategic,
tactical, and operational decision levels of wind turbine maintenance

[21] 2020 v v This paper provides a literature review on the RUL prediction of critical components
including gearboxes, generators, blades, bearings

[22] 2020 v v This paper makes a review of the state of the art in maintenance strategy optimization for
wind energy.

[23] 2021 v v This paper reviews the state-of-the-art on fault diagnosis, prognosis, and resilient control
for wind turbines

[24] 2021 v v This paper provides a review of integrated prognostics and health management control
systems for the wind sector.

[25] 2021 v v This paper reviews the studies on maintenance optimization models for offshore wind
farms

[26] 2021 v v This paper reviews the state of the art on wind farm O&M, failure rate, reliability, con-
dition monitoring, maintenance strategies, maintenance and life cycle, maintenance
optimization

[27] 2021 v v/ This paper reviews the state-of-the-art research on offshore wind turbine O&M, covering
strategy selection, schedule optimization, onsite operations, repair, assessment criteria,
recycling, and environmental concerns

[28] 2021 v v This paper reviews the existing literature and novel approaches in the O&M of offshore
wind turbines

[29] 2022 v v This paper presents a systematic review of failure prognostic methods for offshore wind
turbines.

[30] 2022 v This paper provides a review of the state-of-the-art condition monitoring technologies for
wind turbine diagnosis and prognosis.

[31] 2022 v v This paper reviews the decision support systems for offshore wind farm maintenance with
a focus on the applicability of these models to novel turbine concepts, including X-Rotor
and Multi-Rotor System turbines

[32] 2022 v v This paper reviews the existing literature surrounding floating offshore wind O&M models.

[33] 2022 v 4 v This paper reviews the current methods and technologies in predictive and prescriptive
maintenance strategies

[34] 2022 v v This paper summarizes the monitoring, O&M of offshore wind farms

[35] 2023 v v This paper reviews recent advancements in digital twin technology, specifically focusing on
offshore wind farm maintenance

[36] 2023 v v This paper reviews data-driven methods for wind turbine diagnosis and prognosis

[37] 2023 v v This paper provides an overview of the opportunistic maintenance strategy used within
other industries and an in-depth review of the work specific to offshore wind

[38] 2023 v v This paper reviews the damage detection, maintenance, and monitoring techniques,
diagnosis, and digital twin for wind turbine blades

[39] 2024 4 v This paper reviews health monitoring, damage diagnosis, prognosis, and condition-based
maintenance strategies to ensure reliable and secure operations of wind turbine structures

[40] 2024 v v v This paper reviews the research on the predictive and prescriptive maintenance of wind
turbines, focusing on the data-driven models, particularly deep learning approaches for
detecting, diagnosing, and prognosing failures

[41] 2024 v v This paper presents the latest advancements in the technologies for the installation and
maintenance of floating wind turbines

[42] 2024 v This paper review the latest condition monitoring technologies for fault detection, di-
agnosis, and prognosis in wind turbines, with a particular focus on machine learning
algorithms

[43] 2025 v/ 4 v This paper provides a review for degradation modeling, prognosis, and prognostics-driven
maintenance techniques for wind energy systems

[44] 2025 v v v This paper provides a review of prognostics and health management techniques in wind

energy, particularly remaining useful life prediction
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Reliability, Availability, Maintainability (RAM) data, modeling
approaches, optimization methods, and objective functions.

(3) Previous reviews have attempted to outline the state of the art and
highlight open issues. However, several key research directions
and challenges, despite their importance, have been overlooked,
and in-depth discussions on these aspects remain insufficient.

Based on the above discussion, this paper is motivated by the rapid
development of digitalization in wind energy and increasing attention
on prognostics and maintenance decision-making, along with the gaps
identified in the existing literature review papers. The objective of this
paper is summarized as:

(1) This paper provides a comprehensive and in-depth review of re-
cent advances in health prognostics for wind turbines. On one
hand, existing prognostic methods are reviewed from two per-
spectives: model-based approaches, including physics-based and
knowledge-based methods, and data-driven approaches, includ-
ing statistical models and Al-based techniques. The key methods
within each category are summarized and discussed. On the
other hand, particular attention is given to Al-based prognostics,
which are further categorized into traditional and emerging Al
paradigms. The traditional AI approaches are reviewed through
the perspective of spatial, temporal, and spatiotemporal model-
ing techniques, offering a structured overview of the development
in this field. The emerging Al methods are examined with a fo-
cus on how they address pressing challenges in health prognostics,
such as model interpretability, prediction continuity, small-sample
conditions, and data privacy.

(2) This review presents a comprehensive overview of the latest devel-
opments maintenance decision-making informed by wind turbine
health information. To provide a more systematic analysis, the
maintenance decision optimization problem is decomposed into
several key elements. First, we overview the transformation of
maintenance approaches and formulate maintenance decision-
making problems based on health assessment. We then examine
the RAM data required for modeling, along with the associ-
ated modeling approaches. Subsequently, we review optimization
methods and objectives that underpin decision-making processes.
This structured approach enables a clearer synthesis of the state of
the art and discussions on the strengths and limitations of existing
methods.

(3) To meet the future demands of wind turbine O&M, this review
identifies the key challenges that lie between the current re-
search progress of prognostics and maintenance decision-making
research and its future development, particularly those overlooked
in existing review papers, and proposes potential solutions to
guide the development of next-generation O&M solutions.

The remainder of this paper is organized as follows. In Section 2,
the methods for wind turbine prognosis are outlined and classified into
different categories: physics-based methods, knowledge-based methods,
statistical methods, and both traditional and emerging Al-driven meth-
ods. Section 3 summarized the maintenance decision-making process,
following the aspects including available data, modeling methods, opti-
mization objectives, and optimization methods. In Section 4, the poten-
tial directions for future research are highlighted. The paper concludes
with final remarks in Section 5.

2. Health prognostics

The definition of the Remaining Useful Life (RUL) can be referenced
from previous studies [45,46]. Let {X(¢),t > 0} denote a stochastic
degradation process of the system, where X (¢) is a scalar damage indica-
tor that increases as deterioration accumulates. Detection is performed

at discrete time instants {r,,0 <m < M} during the system operation,
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representing the times when measurements or updates of the health state
are obtained. Fig. 1 depicts a time-evolving degradation trajectory from
healthy condition to catastrophic failure. Detection is performed as the
system starts to operate. Incipient failure appears in the very early stage
when the system begins to deviate from the healthy state. Anomalies
can be detected by devices when they exceed a critical level. Then, the
diagnosis task can be initiated to analyze the location, type, and mag-
nitude of potential failure. RUL prediction referring to the time from
the current moment until catastrophic failure becomes feasible after the
incipient failure, given sufficient diagnostic information. Without main-
tenance actions, incipient failure may develop into functional failure
even if it is not completely broken. In the severest case, catastrophic
failure happens with irreversible consequences.

The prognostic process can be formally expressed in the following
mathematical forms. Suppose that the failure threshold is &. The lifetime
is defined as

T=inf{r: X(0)>£]X0) < &) )

Correspondingly, the RUL L, at detection time ¢,, is defined as the min-
imum additional time required for the degradation process to reach
the failure threshold, given the system is still operating normally (i.e.,
X <éforallt <t,):

L, =inf {l,, : X(t,, +1,) 2 E|X(1) <&Vt <t,,1,>0} (2)

As noted in [47], the PHM starts with the identification of criti-
cal components that have a significant impact on system performance,
availability, reliability, and productivity. Numerous studies have sys-
tematically analyzed wind turbine systems in this regard, considering
multiple factors such as failure rates, availability, and the costs and
losses associated with maintenance and failures [48-50]. Overall, elec-
trical systems, control systems, and pitch systems exhibit relatively
higher failure rates, whereas failures in the gearbox, generator, rotor,
and blades typically lead to prolonged downtimes. Based on such data,
there have been a number of studies, including [51-54], employing
methods such as Failure Mode and Effect Analysis and Failure Mode,
Effects, and Criticality Analysis to rank and identify critical compo-
nents. In particular, the study [55] provided a comprehensive review
and comparison to conclude that the generator, tower and structure,
pitch system, gearbox, and blade are of high criticality. Accordingly,
various failure prognosis methods have been developed with a particular
focus on these critical components, aiming to predict their RUL.

Past studies have classified failure prognosis methods in various
ways. For example, the prognosis is categorized into hardware signal-
based techniques, mathematical model-based techniques, and hybrid
approaches [30]. The paper [44] divided the methods into physics-
based methods, data-driven methods, and hybrid methods. The study
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Fig. 1. Diagnosis and prognosis in wind turbine degradation.
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[33] classified the methods into data-driven, physics-based, stochastic,
and hybrid approaches. It can be found that the studies adopt similar
structures to summarize prognostics methods, but differences in under-
standing often lead to variations in the interpretation and application of
these methods.

In this section, we provide a comprehensive review and synthesis of
recent advances in wind turbine prognostics. The methods are catego-
rized into model-based and data-driven approaches as Fig. 2. The former
includes physics-based and knowledge-based methods, while the latter
encompasses statistical models and Al-based techniques. Particular at-
tention is given to Al-based methods, where we further discuss both
conventional and emerging approaches.

2.1. Model-based methods

Model-based approaches utilize explicit representations of system dy-
namics and failure mechanisms to perform failure prognostics. These
models are constructed based on first principles related to failure mech-
anisms or damage accumulation and domain expertise, so they are
classified into physics-based methods and knowledge-based methods.

2.1.1. Physics-based methods

The physics-based method is to analyze the physical failure mecha-
nisms of the system and establish mathematical models that capture the
underlying physical laws of degradation. If the physical failure mech-
anisms are well understood, and the model parameters are estimated
using actual measurements of the damage state, the future degradation
trend can be predicted to enable RUL prediction.

2.1.1.1 Degradation modeling.  Typical applications of physics-based
methods focus on the lifetime prediction concerning fatigue degrada-
tion. Specifically, estimating the number of load cycles that a material
or structure can withstand under given operating conditions [56]. In
this context, fatigue lifetime prediction models can be broadly catego-
rized into two types: the Stress-Life approach (also known as the S-N
curve), which relates the number of cycles to failure to the magnitude
of the applied load, and fracture mechanics-based crack growth mod-
els, which simulate the propagation of a crack from an assumed initial
size to a critical threshold under cyclic loading, beyond which failure is
considered to occur [57].

Fig. 3 illustrates an example S-N curve adopted in Stress-Life ap-
proach for wind turbine structures, where the vertical axis represents the
applied stress range (S) and the horizontal axis represents the number
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of load cycles leading to failure (N), both plotted on a logarithmic scale.

These curves are typically derived through regression analysis of fatigue

test data, and most codified S-N curves feature a two-slope format.
Mathematically, the S-N model reads as follows [58]:

k
logN = loga — mlog A0'<L>
Tref

where Ao is the applied stress range, N is the predicted number of cycles
leading to failure for stress range Ao, logN is the intercept of the S-N
curve with the log N-axis, m is the negative inverse slope of S-N curve, ¢ is
the thickness of the structure, 7. is the reference thickness, and & is the
thickness exponent. S-N curves are often applied in conjunction with the
Palmgren-Miner rule (or Miner’s rule for brevity) [59,60], which enables
the evaluation of fatigue damage under variable loading.

The Palmgren-Miner rule is based upon a linear summation hypoth-
esis, which states that when the stress range distribution is expressed by
a histogram, consisting of a number of constant stress range blocks Ag;
each with repetition »;, the cumulative damage can be calculated from
the following:

p=Yy%

i=1

3)

4@

=

The fracture mechanics approach assumes that a flaw can be ideal-
ized as a sharp tipped crack which propagates in accordance with the
law relating the crack growth rate and the range of stress intensity fac-
tor for the material containing the flaw [61]. The overall relationship
between crack growth rate and stress intensity factor range is normally
observed to be a sigmoidal curve in a logarithmic plot. There is a central
portion for which it can be reasonable to assume a linear relationship
(i.e., the Paris law). Considering a semi-elliptical crack with length of
2¢ and depth of g, this relationship can be mathematically described as
follows (also see Fig. 4):

da m
In = CalAK(80,a,¢,Y)] 2)
dc m
I = ClAK(Ac.a,e.Y)] (5b)

where C,, C, and m are the material coefficients determined experimen-
tally, da/dN and dc/dN are the crack growth rates in the thickness
direction and the length direction respectively, AK is the range of stress
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Fig. 2. Classification of health prognosis methods.



M. Li, Z. Xu, S. Li et al.

10° ‘ ‘
5 t \*
s logN = loga — mlog [Ao— ( ) ]
—_— tref
& 2
S10° ¢
S
w
$ N<10°
a m 3

loga| 11.764 | 15.606
1 01 T . \
10 10° 108

Number of cycles

Fig. 3. Example S-N curve for fatigue lifetime prediction: D curve documented
by Ref. [58].

Paris’ law

Log (Crack growth rate)

Log (Stress intensity factor range)

Fig. 4. Schematics of Paris’s law for crack growth modeling.

intensity factor and is usually a function of the applied stress range
Ao, crack depth g, crack length ¢ and the geometry function Y. This
method provides a quantitative basis for predicting how cracks grow
under applied loads in the critical components, such as the tower [62].

In addition to Paris’ law, more advanced crack growth laws have also
been applied in wind turbines, such as the Forman equation [63] and
the NASGRO equation [64], which more effectively simulate the crack
growth behavior across multiple stages of fatigue crack growth.

The distinct operational environments and modes of different com-
ponents in wind turbines result in varying failure causes. For instance,
critical components such as the tower, blades, and drivetrains are sus-
ceptible to failures induced by different factors like fatigue, wear, and
corrosion. Consequently, in addition to fatigue-based life prediction
models, it is essential to develop models that explicitly account for the
degradation processes of each component under varying operational sce-
narios. Representative examples of such physics-based models include
dynamic models for gearboxes [65], wear models for blades [66], and
corrosion models for structural elements [67,68].

2.1.1.2 Model state estimation.  For physics-based methods, accurately
estimating and calibrating models is crucial. Monitoring data is used
to assess and predict the system condition, but errors are inevitable.
This is because the data is always subject to measurement errors, noise,
and fluctuations, while future loads or operating conditions remain un-
certain[30]. Therefore, it is essential to adjust the model based on the
discrepancies between predicted and measured values to reduce these
differences as much as possible.

Common parameter estimation methods include maximum likeli-
hood estimation [69] and least squares [70]. Among these, Bayesian
methods have gained widespread application, as they effectively quan-
tify uncertainty through probability distributions by combining prior
information with newly observed data, thereby providing insights
into parameter estimates and the associated uncertainties [71,72]. For
example, the study [73] analyzed new condition monitoring data using
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Bayesian methods to update the distribution of material model param-
eters and the crack initiation time, thereby updating the prediction of
failure time. In the paper[74], an adaptive Bayesian method is adopted
for different features to predict RUL for wind turbine bearings.

When applied to dynamic systems to estimate the states through a
recursive process, Bayesian methods evolve into Bayesian filtering meth-
ods. As pointed out in the paper [75], the classification of Bayesian
filtering methods has been controversial within the PHM community.
Many review articles and research studies hold the view that filter-
ing methods should be classified under data-driven methods [69,76].
Although the Bayesian filtering method estimates states using con-
secutive measurements from sensors, in this study, it is classified as
a model-based method. This classification is due to its fundamental
reliance on constructing models, such as state transition models and ob-
servation models, to describe system behavior and update states. Hence,
the model serves as the core of the estimation process.

As the most typical Bayesian filtering method, Kalman Filter (KF)
uses measurements observed over time to estimate the internal state and
unknown variables of the system under the assumption of linearity and
Gaussian noise. Hereby we provide an introduction to the most simple
form of KF. Suppose that the evolution of the system state from time 7— 1
to time ¢ is given as

X =AX,_ | + W, (6)

where x, is the state at time #; A is the state transition matrix applied to
the previous state x,_;; w,_; is a process noise assumed to be zero-mean
and follow the Gaussian distribution. The measurement of the state x, at
time ¢ is z,, as

z, =Hx, +v, (7

where H is the measurement matrix; v, is a measurement noise assumed
to be zero-mean and follows the Gaussian distribution.

The recursive process consists of two phases: prediction and update.
During the prediction phase, the state estimate ,_,},_; from the previous
time step is used to predict the current state %,,_; . This predicted state
estimate is known as the prior state estimate. In the update phase, the
discrepancy between the current prior prediction and the current mea-
surement (z, — HR,,_ ) is multiplied by the optimal Kalman gain K, and
combined with the previous state estimate to refine the state estimation
%, - This estimation based on current measurement is referred to as the
posterior state estimate.

When the process to be estimated or the measurement is non-linear,
KF is not applicable. In such cases, to adapt the filtering method for non-
linear systems, the Extended Kalman Filter (EKF) is utilized to linearize
the current mean and covariance. Unlike EKF, the Unscented Kalman
Filter (UKF) does not linearize the functions. Instead, it employs the un-
scented transform to handle highly nonlinear systems that may challenge
the linear approximations of EKF. When the noise distribution is non-
Gaussian, the Particle Filter (PF) can be applied. PF estimates the state
of dynamic systems from noisy or incomplete observation sequences by
using a set of random particles with associated weights to represent the
posterior probability of random events. Particle filters are capable of
operating with any state space model and any noise distribution, thus
offering greater flexibility. KF and its extensions, have been widely ap-
plied to estimate model parameters in the failure prognosis of structures
[68], blades [77], and bearings [78] for wind turbines.

Overall, the typical characteristic of physics-based methods is that
the input parameters are explicitly defined and represent real-world
(often measurable) quantities, such as natural constants, physical prop-
erties, or material characteristics. As a result, these models offer a clear
understanding of both inputs and outputs, leading to what is commonly
known as a white-box model. The advantage of this method lies in its
capacity to accurately represent the physical processes underlying sys-
tem degradation and failure mechanisms, thereby offering high levels of
interpretability and generalizability [79]. Moreover, the development of
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such models does not require extensive data, and physics-based predic-
tions offer high accuracy and reliability. However, obtaining an accurate
physical model is highly challenging and costly, as it not only depends
on the completeness of physical and domain-specific knowledge but
also faces challenges in understanding the mechanisms of fault propaga-
tion, evolution, and interaction within and between components [80].
When influenced by multiple competing degradation mechanisms, it is
often difficult to obtain accurate models [81]. These challenges repre-
sent obstacles that need to be addressed for implementing physics-based
methods in achieving accurate real-time failure prognostics.

2.1.2. Knowledge-based methods

Physics-based methods often rely on precise physical modeling and
parameter identification, which can be difficult to fully achieve for
complex wind turbine systems, thereby highlighting the practicality
and adaptability of knowledge-based methods. The typical knowledge-
based methods applied for wind turbine failure prognosis include expert
systems, Fault Tree Analysis (FTA), and Knowledge Graph (KG).

Before the era of large-scale data analytics, expert systems were
widely applied to wind turbine condition monitoring. Taking the driv-
etrain as an example, these systems leveraged predefined rule bases to
infer potential anomalies based on observed dynamic responses, such as
envelope spectrum peaks, band energy, and oil condition indicators like
metallic particle concentration [82].

Formally, let the set of monitoring features be X = {x,x,,...,x,},
where x; denotes the i-th monitored feature (e.g., x; represents kurtosis
and x, represents oil condition). The expert system operates according
to a set of inference rules of the form:

n
IF \(x;, 0;,6,)THEN Condition = F, ®)
i=1

where 6, is the predefined threshold for the i-th health indicator, o, de-
notes the comparison operator (e.g., >, <, >), and F; represents a specific
health condition or fault category of the system.

Building a professional and domain-specific knowledge base is fun-
damental to achieving reliable condition assessment. A key step in this
process is conducting thorough fault and failure mechanism analysis
to extract trustworthy domain knowledge. Advanced signal process-
ing techniques like empirical mode decomposition, ensemble empirical
mode decomposition, and variational mode decomposition can serve as
effective tools for denoising and feature extraction for various signals
including vibration signals, acoustic signals, electrical signals, and even
temperature signals. This knowledge can then be encoded into well-
defined boundaries as expert base and inference rules, enhancing the
accuracy and credibility of rule-based expert systems.

FTA, as a quantitative reasoning mechanism, can be seamlessly
integrated with expert systems [83]. While expert systems excel at rule-
based inference and qualitative reasoning based on domain knowledge,
FTA provides a structured framework for modeling causal relationships
and quantifying the probability of system-level failures [84,85]. By
combining the two, condition assessment outcomes derived from ex-
pert rules can be further translated into probabilistic representations
to enable more reliable failure prognosis and decision-making under
uncertainty [86]. Moreover, advanced forms of FTA, such as dynamic
fault trees, have been proposed to model state-dependent behaviors
and sequencing relationships between events, significantly enhancing
modeling capabilities for systems with dynamic dependencies [87].

A KG is a semantic network that uses a graph structure to repre-
sent relationships between entities. Essentially, it is a structured and
inferable form of knowledge representation. It represents knowledge
in the form of triples: (Head entity, Relation, Tail entity) = (h, r, t),
where entities are nodes and relations are edges. For engineering appli-
cations, a triple might be (“Gearbox”, “Failure Mode”, “Overheating”)
for components of wind turbines. KGs provide a structured and visualiz-
able knowledge foundation for expert systems for wind turbines. For
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example, [88] presented a novel framework for KG construction de-
signed for the safe O&M of offshore wind turbines. In KGs, the ambiguity
of attribute values and the applicability range of rules in expert system
knowledge bases are often affected by data uncertainty, which in turn
impacts decision-making. The fuzzy rule-based approach plays a crucial
role in mitigating such uncertainty, thereby significantly enhancing the
reliability and robustness of condition assessment.

Overall, knowledge-based methods use expert domain knowl-
edge, providing strong interpretability and transparent decision-making
through explicit rules. They require less historical data, making them
suitable for data-scarce environments. In addition, these methods are
flexible in updating rules as system knowledge evolves. However, build-
ing and maintaining accurate knowledge bases is time-consuming and
relies heavily on expert input. The rule sets may be incomplete or con-
flicting. Such methods may not be able to adapt to changing operating
conditions and large-scale, high-dimensional data.

2.2. Data-driven methods

Data utilized for estimating the RUL of wind turbines can be classified
into two categories: the so-called event data and condition monitoring
data [89]. Such data holds significant potential for offering valuable in-
sights into the lifetime prediction of wind turbines. With the continuous
advancements in sensing and condition monitoring technologies, com-
bined with the growing volume of O&M data in the wind industry, data
concerning wind turbine degradation processes is becoming increasingly
accessible and cost-effective to acquire. Compared to model-based meth-
ods, data-driven methods rely on previously observed data to project the
system state or to identify and match similar patterns in historical data,
thereby inferring the RUL.

In this section, data-driven methods for RUL prediction are catego-
rized into statistical approaches and Al-based methods. The statistical
approaches are classified based on whether they rely on regression mod-
els or stochastic processes. For Al-based methods, we categorize them
into conventional and emerging Al approaches. This differs from previ-
ous review papers, which typically classify methods based on problem
type (e.g., classification vs. regression) [90], learning paradigm (e.g.,
supervised, unsupervised, and self-supervised learning) [91], or model
structure (e.g., shallow learning and deep learning) [92]. The reason
is that the use of various methods has become increasingly diverse
and intertwined with the advancement of Al technologies and the in-
creasing research on their application in wind turbine PHM. Fig. 5
demonstrates how conventional and emerging Al approaches are applied
to prognostics. Conventional methods focus on the data-to-prognosis
process and are categorized into spatial, temporal, and spatiotemporal
learning. Emerging methods are characterized by their ability to meet
the multi-dimensional requirements of modern prognostics, including
adapting to evolving operational conditions, overcoming data scarcity,
handling system-specific heterogeneity, and complying with privacy and
data-governance constraints. Correspondingly, they can be categorized
according to their functional roles and learning paradigms, including
domain-adaptive and continual learning, data augmentation and few-
shot learning, physics-informed and knowledge-enhanced learning, as
well as federated and privacy-preserving learning.

2.2.1. Statistical methods

The statistical methods are to fit a statistical model to the evolu-
tion of degradation indicators and then extrapolate this degradation
process to a defined failure threshold, thereby predicting the RUL. The
simplest among these is the lifetime distribution model. Lifetime distri-
bution models are derived by analyzing lifetime data such as historical
failure and maintenance records and describing the time to failure us-
ing statistical distributions (e.g., Weibull distributions) [93]. However,
in real-world scenarios, direct failure data for wind turbine compo-
nents is often unavailable, making it difficult to obtain reliable lifetime
distribution models. Moreover, this method cannot effectively reflect
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Fig. 5. Demonstration of Al approaches in health prognostics.

the degradation process of the system [75]. The other representative
methods are broadly classified into regression models and stochastic
models.

2.2.1.1 Regression models. The most common regression models are
the Autoregressive model and its variations. The Autoregressive model
is a linear prediction modeling technique that uses past values to predict
current values. Building on the Autoregressive model, extensions such as
the Autoregressive Moving Average (ARMA) model incorporate moving
averages, accounting for the impact of previous lags and residuals in pre-
dictions. The Autoregressive Integrated Moving Average (ARIMA) model
further extends this concept by incorporating differencing, enabling it to
handle non-stationary time series data. [94] and [95] developed ARMA
and ARIMA degradation models, respectively, using Supervisory Control
and Data Acquisition (SCADA) data to estimate the RUL of wind turbine
gearboxes and generators.

In addition, other regression models such as linear regression, ran-
dom coefficient models, and proportional hazard models have been
applied for failure prognosis. For example, a linear regression model and
a stochastic exponential random coefficient model are utilized to pre-
dict bearing RUL by modeling mild and severe degradation stages [96].
A new proportional hazard model that incorporates observed degrada-
tion signals is proposed in [97], using wear particles in lubricating oil
to predict the lifetime of wind turbine gearboxes.

2.2.1.2 Stochastic models.  Typical stochastic models include Lévy pro-
cesses and Markov models. A Lévy process describes a stochastic process
{W(),t > 0} with independent, stationary increments. Depending on
specific parameter values, Lévy processes are a class of stochastic pro-
cesses that include several well-known special cases, such as the Wiener
process (Brownian motion) and the Gamma process.

In the case of a Wiener process, the increments follow a Gaussian
distribution, meaning that for ¢, > t,, we have:

W) — W(ty) ~ NO,1; — 1) 9

When modeling the system RUL, the Wiener process is often extended
to include a drift term. A commonly used linear form of this extension
is given by

X() = X0)+ ut+ocW(t) (10)

where X (0) represents the initial state, y is the drift parameter, and o is
a diffusion coefficient.

The linear Wiener process can be extended into nonlinear Wiener
processes by allowing the drift and noise terms to depend on time
or state, thereby capturing more complex degradation behaviors. The
Wiener process is widely used due to its practical physical interpretation
and favorable mathematical properties. It can represent the degrada-
tion as an infinitely divisible process, allowing for flexible modeling of
degradation trajectories that may vary bi-directionally over time. This
characteristic is useful for capturing scenarios where the degradation
process exhibits non-monotonic behavior, such as variations caused by
differing load conditions or preventive maintenance operations [98]. In
addition, the characteristics of the Wiener process enable its first passage
time (i.e., the time at which the system performance first reaches the
failure threshold) to be represented by an inverse Gaussian distribution.
[99] utilized a linear Wiener process to develop a degradation model
for the rear bearing of wind turbine generators. In the paper [100], a
nonlinear Wiener process is employed to analyze the degradation of
wind turbine bearings, capturing the inherent nonlinear behaviors for
predicting failures.
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When the increments follow a Gamma distribution, the stochastic
process is known as a Gamma process. In this case, the increments
satisfy:

W(t)) — W(t,) ~ Gamma(a(t; — 1), f) an

where a is the shape parameter and p is the scale parameter.

The Gamma process exhibits monotonic behavior, making it par-
ticularly suitable for modeling cumulative damage and irreversible
degradation processes in systems. [101] developed a stochastic degra-
dation model following a Gamma process to estimate the probability of
fatigue failure in wind turbine composite blades. In the paper [102], the
authors proposed degradation models and RUL prediction models for
wind turbine gearboxes based on both Wiener and Gamma processes,
conducting comparative analysis and validation of the models.

In addition to Gamma and Wiener processes, other Lévy processes,
such as the Poisson process and the inverse Gaussian process, have also
been applied to RUL prediction, as shown in studies such as [103,104].

The above mentioned methods can be considered to model state
evolution as continuous-time processes. Alternatively, system states can
also be modeled as discrete-state processes by using the Markov model.
The Markov model captures the stochastic degradation process based
on two fundamental assumptions. First, the future state depends solely
on its current state, with no dependency on prior states. Second, the
system state can be directly observed through condition monitoring
data [89]. Assume the system has a series of degradation states de-
noted by {X,,,n =0,1,2,... ,N} and there is a countable state space
x = {x¢.x1,Xp.....xy }. The initial state is the perfectly healthy state
and the final state represents the ultimate degradation failure. The
Markov property is represented as

P(X,=x;| X,y =x. X, 0..... Xg=) =P (X, =x;|X,_, =x;) = p,;
12)

where p;; is the state transition probability from the state i to ;.

Building on this model, semi Markov and hidden Markov models
have been developed to better capture real-world scenarios. The semi
Markov model enhances the temporal distribution properties of the
model by allowing the sojourn time (i.e., the time spent in a given state)
to follow any continuous-time distribution. This flexibility in the tempo-
ral structure makes it more adaptable to complex time-based behaviors
in practical applications. The condition monitoring data can be cate-
gorized into direct and indirect data. Direct condition monitoring data
refers to metrics directly measured from the system, providing clear in-
dicators of its health status. In practical scenarios, the system state is
often not directly observable. Instead, indirect data, which consists of
measurements that do not directly reflect the system condition or perfor-
mance metrics but can be used to infer the overall status or performance,
needs to be utilized. In this context, the hidden Markov model intro-
duces unobservable hidden states, which must be inferred from observed
data to determine the true state of the system. [105] used a hidden
Markov model to describe the performance degradation process of the
wind turbine bearing. [106] developed a hidden Markov model for wind
turbine blades, calibrating the degradation model using inspection and
condition monitoring data to ultimately predict the RUL of the blades.

Overall, statistical models are recognized for their simplicity, ease
of implementation, and computational efficiency, making them well-
suited for scenarios with limited data or computational resources. The
interpretable parameters and ability to visualize degradation trajec-
tories facilitate understanding of degradation trends and underlying
causes, while probabilistic outputs provide a means to quantify predic-
tion uncertainty. However, the simplicity of statistical models also limits
their ability to capture complex, nonlinear degradation behaviors. The
predictive accuracy is highly sensitive to model selection, underlying
assumptions, and the quality of degradation indicators. When the indi-
cators are noisy or lack a clear trend, the models may struggle to produce
reliable prognostic results.
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2.2.2. Traditional Al-driven methods

2.2.2.1 Spatial learning.  Monitoring signals often exhibit spatial char-
acteristics, either as localized patterns embedded in the signal (e.g.,
modulations and harmonics corresponding to specific fault locations),
or as interdependencies among features collected from multiple sensors,
components, or measurement channels. Convolutional Neural Networks
(CNNs) are a class of DL models particularly effective in extracting spa-
tial features. Specifically, CNNs can autonomously capture hierarchical
and spatially localized structural features from raw data, reducing the
subjectivity and potential information loss associated with handcrafted
features. These signals may come from different modalities, such as
time-domain or frequency-domain data collected from diverse types of
sensors [107,108]. In addition to improving input quality, considerable
attention has also been given to refining the quality of decision-critical
intermediate features, typically through feature fusion or attention
mechanisms, in order to boost the performance of downstream tasks
[109]. Besides, Graph Neural Networks (GNNs) are particularly effective
for learning spatial dependencies in non-Euclidean domains to model
complex spatial interactions that are not easily captured by traditional
CNNs.

There have been many papers employing these networks for
wind turbine prognostics. For example, [110] proposed an improved
Temporal Convolutional Network that utilizes dilated causal convolu-
tion to capture long term historical dependencies and incorporates a
self-calibration module to extract and enhance local information. This
method ensures the retention of complete historical data while improv-
ing RUL prediction accuracy, even when limited time-series data are
available. The performance of the proposed model was tested using two
wind turbine gearbox bearing datasets. [111] integrated attention mech-
anism into a neural network to predict wind turbine blade icing, testing
the method on SCADA data from five doubly-fed induction wind turbines
under icing conditions.

2.2.2.2 Temporal learning. Wind turbine condition monitoring data
typically exhibits temporal dependencies, making it a classic example
of time series data. The temporal characteristics reflect the sequential
and dynamic nature of system degradation. Recurrent Neural Networks
(RNNs) explicitly model these temporal relationships in their architec-
ture and utilize the recurrent structure to maintain the state of past
information and influence subsequent outputs. This characteristic makes
RNNs particularly suited for handling sequential data in wind turbine
prognosis.

To address the vanishing gradient problem that RNNs encounter
when processing long sequences, a gated mechanism comprising forget,
input, and output gates is introduced to regulate the flow of infor-
mation. This innovation led to the development of Long Short-Term
Memory (LSTM) networks, which can maintain stable gradients over
long sequences, enabling the effective learning of long-range data depen-
dencies. Based on the LSTM architecture, Gated Recurrent Units (GRUSs)
are introduced to simplify the gating mechanism and incorporate a re-
set gate [112,113]. This simplification reduces the model complexity
and computational demands while retaining the ability to capture tem-
poral dependencies effectively. There have been a number of prognostic
studies extensively exploring various RNN variants, such as GRU, LSTM,
Bidirectional Long Short-Term Memory (BiLSTM), for learning temporal
degradation patterns from condition monitoring data for wind turbines,
such as [114-120].

However, the RNN models often focus solely on temporal dependen-
cies while overlooking spatial correlations across multi-sensor inputs or
modalities, highlighting the necessity of spatiotemporal feature extrac-
tion for more comprehensive health modeling. It is worth noting that
Transformer models are not explicitly included in the above discussion,
as their emergence was primarily motivated by the need to improve
long-range sequence modeling in data prediction tasks, rather than ad-
dressing the independent or joint extraction of temporal and spatial
features in engineering-oriented prognostic problems.
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2.2.2.3 Spatiotemporal learning.  Spatiotemporal relationships should
be given special attention in wind turbine prognosis tasks, especially
involving multiple sensors. Multi-sensor data are not only functions of
time but also exhibit structured spatial dependencies that often reflect
the physical layout of the system or signal propagation paths. In single-
sensor scenarios, spatiotemporal relationships can be interpreted as the
interdependence among extracted features (spatial dimension) and their
temporal evolution across different time steps (temporal dimension).

Among various spatiotemporal modeling approaches, the sequential
extraction method is the most classic, typically implemented by combin-
ing CNNs with RNN variants such as LSTM or GRU to separately extract
spatial and temporal features [121], such as the papers [122,123]. In
addition, spatiotemporal convolution, Transformer architectures with
integrated spatial and temporal attention mechanisms, and GNNs com-
bined with temporal modeling modules have also proven effective in
handling prognosis tasks, demonstrating strong predictive performance
and generalization capability [124,125].

2.2.3. Emerging Al-driven methods

Recent advancements in ML have introduced new methods with
potential applications in RUL prediction. The fundamental distinction
between emerging Al-driven methods and traditional Al approaches lies
in their ability to tailor models to the specific engineering challenges
of prognosis tasks. This problem-oriented customization enables emerg-
ing methods to achieve greater adaptability and practical relevance in
wind turbines. In recent years, these approaches have received increas-
ing attention and have demonstrated their feasibility in PHM for wind
turbines. Although their application to wind turbine RUL prediction
remains in its early stages with limited or even no studies available,
they hold significant potential for further exploration and should be
considered a priority for future research.

2.2.3.1 Domain-adaptive and continual learning.  Considering that wind
power equipment is typically designed for a service life exceeding 20
years, intelligent-driven prognosis approaches should be developed to
operate across the entire lifecycle, enabling continuous failure predic-
tion and maintenance decision-making. However, over such extended
periods, the performance of components inevitably degrades, result-
ing in distributional shifts in system-level observed data. Moreover,
wind power equipment operates in complex and variable environments.
Differences in climate conditions, geographical locations, equipment
models, and operating conditions across wind farms can lead to sig-
nificant variations in data distributions. These distributional changes
compromise the stability and generalization of traditional data-driven
models, highlighting the need for domain-adaptive learning [126] and
lifelong (continual) learning [127].

Domain-adaptive learning can be regarded as a subfield of trans-
fer learning, which aims to enhance model generalization in dynamic
and distribution-shifting environments. From a mathematical perspec-
tive, the goal of transfer learning is to transfer knowledge learned in a
source domain to a target domain. For instance, in the context of wind
turbine condition monitoring, degradation patterns learned from one
turbine (the source) can be leveraged for another turbine (the target),
where labeled data are scarce. The general objective function typically
includes supervised loss on the source domain and domain alignment
loss:

gmen Loource(fo, (X5): ) + A+ Laign (g, (x): fo, (x1)) (16)

where f, and f, represent the feature extractors for the source and
target domains, respectively. The hyperparameter A controls the trade-
off between classification accuracy on the source domain and domain
invariance across domains. L, refers to the domain alignment loss.
While the specific formulation of L, may vary, its core objective
is to align the feature distributions between domains, which is the
fundamental goal of domain adaptation [128,129].
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To address the challenge of RUL prediction under non-stationary
operating conditions, where models struggle to adapt to changing en-
vironments and data drift, resulting in reduced prognostic performance,
this problem is reformulated as a continual learning task under non-
stationary streaming data. This approach demonstrates robustness in
long-term prognostic tasks, which is crucial for achieving reliable capa-
bilities throughout the full lifecycle of wind turbines [130,131]. Unlike
domain adaptation, where L,;,, is used to minimize the feature distri-
bution discrepancy between the source and target domains, continual
learning employs a different form of regularization. Instead of align-
ing distributions across domains, it aims to constrain parameter updates
to preserve knowledge acquired from previous tasks. Thus, the general
loss function for continual learning with regularization-based strategies
is given by:

min Loy + 4 Lreg(0, 6°4, Q) a7

where L, denotes the loss associated with the current task, and £,
serves to preserve prior knowledge by penalizing deviations from previ-
ously important parameters. The importance weights Q can be estimated
using various criteria, such as the Fisher information matrix, parameter
sensitivity, or online synaptic importance.

Overall, from a methodological perspective, both continual learning
and domain-adaptive learning can be viewed as specialized variants of
transfer learning. Regardless of whether the challenge arises from data
drift due to equipment aging, non-stationary operating conditions, or
the emergence of previously unseen failure types, these approaches are
fundamentally concerned with addressing the distributional discrepancy
between a source domain and a dynamically evolving target domain.
The application of these methods has been explored in the context of
wind turbines, as demonstrated in studies such as [132,133]. Despite
their differing focuses, these methods share a common underlying objec-
tive enhancing model adaptability, generalization, and continuity under
distributional shifts and task expansion [134].

2.2.3.2 Data augmentation and few-shot learning.  In the wind power in-
dustry, particularly in offshore wind, the availability of real-world data
is limited. This is mainly because offshore wind farms are still in the
early stages of operation, and many critical components have not yet
entered their degradation phase, resulting in a scarcity of failure data.
Furthermore, there is a significant imbalance between healthy and faulty
condition data, and the overall quantity of usable data remains small.
These challenges can be regarded as typical small-sample problems in
Al-driven prognosis.

Data augmentation is an effective strategy to enrich the dataset.
The main challenge lies in whether the generated data can accurately
match the distribution of real failure data. An effective approach is to
use simulation models or create a digital model that faithfully reflects
the condition of the physical system to generate simulation data. In
contrast, generative approaches learn the underlying distribution of his-
torical condition monitoring data to generate realistic synthetic samples
that mimic fault patterns or rare degradation behaviors [135,136]. These
augmented datasets not only help balance class distributions but also en-
hance the generalization ability of models under limited or imbalanced
data conditions. For instance, [137] utilized Generative Adversarial
Networks (GANSs) to generate fault features for the wind turbine gearbox
with limited data samples.

Compared to onshore wind power, offshore wind not only suffers
from a lack of failure samples but may also encounter novel failure
modes that have not been previously observed. In such cases, few-shot
learning becomes particularly important [138], as it enables rapid adap-
tation and modeling of these emerging but data-scarce conditions [139].
For example, [140] proposed a few-shot learning method that effectively
extracts sequential features from augmented samples, particularly dur-
ing periods where continuous features are interrupted, to predict the
RUL of wind turbine gearbox bearings.
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2.2.3.3 Physics-informed and knowledge-enhanced learning. Recent
research has increasingly focused on integrating knowledge-based
reasoning with data-driven Al techniques, giving rise to hybrid methods
such as physics-informed or knowledge-enhanced Al Physics-informed
approaches, such as Physics-Informed Neural Networks (PINNs),
explicitly incorporate physical laws, such as differential equations
or conservation principles into the learning process, typically by
adding physics-based regularization terms to the loss function or
embedding physical constraints into the model architecture. In con-
trast, knowledge-enhanced approaches adopt a broader perspective,
leveraging additional forms of knowledge (e.g., expert rules, empirical
correlations, symbolic reasoning, or curated databases) to guide the
learning process. While physics-informed methods directly enforce
consistency with governing equations, knowledge-enhanced methods
enrich the model with supplementary information that may or may not
be derived from physical laws. This integration not only enhances the
flexibility and generalization capability of AI systems across diverse sce-
narios but also preserves interpretability and domain expertise inherent
in knowledge-based methods. Moreover, it improves the transparency
and trustworthiness of conventional black-box AI models. As a result,
the fusion of knowledge and data has emerged as a promising research
direction in the development of Al-driven O&M systems.

PINNSs are most widely applied in the discovery and rapid solution of
ordinary and partial differential equations [141]. These approaches in-
corporate physical laws directly into the learning process by formulating
them as physics-based loss terms, which act as constraints or regular-
izations. This paradigm shifts the learning process from being purely
data-driven to being guided by both observational data and governing
physical principles, thus enabling models to generalize better, especially
in scenarios with limited or noisy data.

To solve the RUL prediction problem, in traditional training, the
data loss is typically defined as the mean squared error between model
predictions and labeled data:

19 = wll*- 13)
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where J; denotes the model-predicted RUL value for the i-th sample, y;
is the corresponding ground-truth label, and N is the total number of
training samples.

In contrast, PINNs augment this objective with a physics-informed
loss term that penalizes violations of the governing physical laws:
Elotal = Edala +4- Ephysics’ 14
where 4 is a hyperparameter that balances the importance of data
fidelity and physical consistency. The total loss L, thus reflects a trade-
off between minimizing prediction error on observed data and enforcing
adherence to known physics.

The physics-informed loss is typically defined as:
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where N'(-) denotes the differential operator defined by the underlying
physics, i(x;, ;) is the model-predicted solution (such as stress, degrada-
tion, or displacement) at spatial-temporal coordinates (x;,;), and M is
the number of collocation points used to evaluate the physics constraint.

This approach not only facilitates the efficient training of Al-driven
models under small-sample conditions but also contributes to reducing
predictive uncertainty by constraining the solution space with phys-
ically consistent priors. However, the limitations of such approaches
ultimately hinge on the reliability and accuracy of the underlying phys-
ical models. Since physics-based constraints act as priors in the learning
process, the performance of physics-informed Al is largely dependent
on how well the incorporated physical knowledge represents the actual
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system dynamics. In this sense, the challenges faced by these methods
closely resemble those encountered in traditional physics-based mod-
eling, especially when dealing with complex, nonlinear, or partially
understood systems [142-144].

At present, there is no universally established paradigm for physics-
informed Al in the context of PHM for wind turbines. In our view, there
exist multiple strategies for embedding physical modules into Al-driven
models, all aiming to enhance performance while improving the relia-
bility and interpretability of the system to varying degrees [145]. These
hybrid approaches differ in how they incorporate domain knowledge,
ranging from constraints and priors to architectural design, and are often
tailored to the specific characteristics of the application. There have been
studies exploring the application of physics-informed Al in wind turbine
prognosis. [146] proposed a hybrid physics-informed neural network
model to predict wind turbine main bearing fatigue failures. [147] de-
veloped a hybrid modeling approach to predict fatigue damage in wind
turbine main bearings. The model integrates physics-based equations to
describe the bearing fatigue mechanism, whereas the grease degradation
is captured using a deep neural network.

If PINNs represent a fusion of physical modeling and AlI, then
knowledge-enhanced AI approaches can be viewed as an integra-
tion of domain knowledge and data-driven intelligence [148,149]. For
example, the combination of GNNs with KGs has proven particularly
effective in Al-driven PHM, offering not only high performance but
also improved interpretability [150,151]. However, the development
of comprehensive knowledge graphs tailored to offshore wind turbines
remains limited. Key domain knowledge, such as component hierar-
chies, operational dependencies, and failure propagation mechanisms,
is often incomplete or unavailable [152]. As a result, transferring well-
established knowledge graphs from onshore wind systems to offshore
scenarios has emerged as both a research challenge and a promising
direction for future work [150].

2.2.3.4 Federated and privacy-preserving learning.  In Al-driven progno-
sis problems, data is typically distributed across multiple wind farms,
manufacturers, or maintenance providers, rather than originating from
a single centralized source. This leads to a fundamental tension between
data availability and model performance. As a result, a key research
question emerges “How can we enable knowledge sharing across decen-
tralized entities while preserving data privacy and ensuring compliance
with confidentiality constraints?”

Apart from data privacy concerns, significant differences in environ-
mental conditions, turbine models, and sensor layouts across wind farms
lead to varying data distributions, making it difficult to address the prob-
lem with a unified model. Traditional DL models have large numbers of
parameters and high communication overhead, which are not suitable
for deployment on edge devices. Therefore, a lightweight cluster-based
federated learning framework represents a highly promising research di-
rection for applications in wind power systems [153]. [154] proposed
a federated learning framework for distributed edge wind turbines. The
framework employs knowledge learned from each edge client to form a
global knowledge repository on the cloud server. [155] used DL and fed-
erated learning combined with differential privacy method to establish
a framework to predict wind turbine failures.

Federated learning also faces challenges such as limited data avail-
ability and insufficient labeling, which are common in traditional
ML. Achieving high-performance condition assessment under real-world
constraints, such as small sample sizes, limited labels, data privacy
restrictions, and non-identical data distributions remains a significant
challenge [156].

3. Maintenance decision-making

In the current era of digitalization, maintenance decisions are in-
creasingly expected to be driven by predictive analytics. The RUL
prediction of critical wind turbine components based on various health
prognostics methods presented in Section 2, serves as a key input for
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subsequent maintenance decision-making. In this section, we begin by
reviewing the evolution of maintenance strategies, followed by the for-
mulation of maintenance decision problems and the integration of health
prediction into decision making. We then comprehensively summarize
the necessary RAM data and the existing methods for modeling and
optimizing maintenance problems.

3.1. Evolution of maintenance approaches

In the wind energy sector, the typical maintenance strategies are
corrective maintenance and time-based maintenance. Corrective main-
tenance is carried out after a component fails, aiming to restore normal
operation. On the other hand, time-based maintenance is conducted
periodically or based on predefined factors such as the operational age.

Compared to corrective maintenance and time-based maintenance,
the increasing digitalization of wind farm operations necessitates
the development of novel maintenance methods. Condition-Based
Maintenance (CBM) is a widely adopted method in which maintenance
actions are triggered when monitored parameters exceed an unaccept-
able threshold, thereby preventing potential failures [157]. However,
CBM primarily focuses on assessing the current state of wind turbines
and relies on predefined maintenance conditions set by human opera-
tors. In contrast, Predictive Maintenance (PdM) advances this method
by using predictive analytics to predict potential component failures,
allowing for more intelligent maintenance planning [158]. The ability
to predict failures and schedule maintenance in advance is particularly
beneficial for offshore wind farms where maintenance operations re-
quire extensive lead times for mobilization and logistics. The studies
on PdM commonly incorporate lifetime prediction into maintenance
threshold formulations. For instance, [10,159] employed component
RUL prediction to derive the expected maintenance cost and failure like-
lihood of wind turbines, forming the basis of an optimized maintenance
model.

Moreover, economic dependence exists in maintenance decision-
making [160], referring to the cost variations associated with perform-
ing grouped maintenance on multiple components instead of maintain-
ing them individually [161]. This feature is advantageous for wind
turbines, particularly offshore wind turbines, since grouping mainte-
nance tasks can substantially reduce costs when access to the remote
site is expensive [162]. Such grouped maintenance can also be inter-
preted as a strategy in which the repair of one component or turbine
creates an opportunity to perform maintenance on others, which is com-
monly known as the Opportunistic Maintenance (OM) strategy [163].
These maintenance opportunities are typically triggered based on com-
ponent health conditions, making OM inherently compatible with CBM
and PdM to form “condition-based opportunistic maintenance” and “pre-
dictive opportunistic maintenance” [164,165]. Notably, although many
OM models do not explicitly incorporate condition monitoring and pre-
dictive analytics, such as the papers [166,167], their decision-making
process is still state-dependent, aligning them conceptually with CBM
and PdM. In addition to the health status of wind turbines, other triggers
can also create opportunities for maintenance, such as wind conditions
[168].

However, these maintenance approaches, which still rely on human
decision-makers to interpret predictions and formulate maintenance
[169]. Against this backdrop, Prescriptive Maintenance (RxM) holds
the potential to start with real-time monitoring data collected from
wind turbine assets, simulate all possible O&M scenarios, evaluate
their impact on turbine performance, and determine the optimal de-
cisions to execute [170]. In addition to guiding maintenance actions,
RxM also facilitates operational decisions, such as adjusting operations
to mitigate degradation effects and enhance reliability [171]. A clear
comparison of the evolution of maintenance methods alongside the
necessary technological and data support is shown in Fig. 6 [172].
This comparison illustrates how maintenance has transitioned from
failure-driven corrective maintenance to RxM.
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3.2. Prognostics-informed maintenance decision-making problems

The maintenance decision-making problem can be recognized as
modeling the failure and maintenance processes and seeking optimal
solutions based on the available RAM data and preferred optimiza-
tion objectives. The mathematical formulation of a general maintenance
optimization problem is represented as follows:

min £ () = [£1 (), (0o £ ]
subjectto g;(x) <0, j=1,2,3,....a (16)
R (x)=0, 1=1,23,....b

where x is a vector of decision variables, k is the number of objective
functions, a is the number of inequality constraints, and b is the number
of equality constraints.

As discussed in Section 3, prognostics-informed maintenance is
mainly categorized into predictive and prescriptive maintenance. In such
maintenance problems, typical decision variables include the planning
of predictive maintenance actions [173] or the values of the mainte-
nance thresholds that trigger maintenance actions [10,159]. These de-
cision variables either directly or indirectly incorporate lifetime predic-
tion information. The optimization objectives are typically determined
by the characteristics of the wind turbine system and preferences of
decision-makers and may involve one or multiple objectives. Constraints
represent the inherent relationships within the maintenance optimiza-
tion model, reflecting technical, operational, and physical limitations
such as accessibility, time windows, and resource availability.

Although a considerable number of studies have been conducted on
predictive maintenance optimization [10,158,159,174-176], research
on prescriptive maintenance remains very limited. Existing studies
are mostly conceptual or framework-oriented, often leveraging digi-
tal twin technologies [177]. A standardized modeling formulation for
prescriptive maintenance has yet to be established.

3.3. RAM data

Sound maintenance decisions rely on an accurate and comprehensive
RAM database. However, data limitations remain a critical challenge
in the wind industry, where the completeness and accuracy of RAM
data directly influence the reliability and credibility of maintenance
decisions.

Recognizing this challenge, the wind industry has developed sev-
eral RAM databases, with notable examples including LWK and WMEP.
These databases have served as the basis for numerous reliability studies
of wind turbine components. For instance, [178] conducted a compara-
tive analysis of Windstats (Germany and Denmark), EPRI (USA), WMEP
(Germany), and LWK (Germany) to assess variations in wind turbine
reliability across different regions.

While these databases primarily focus on failure-related data, the
increasing complexity of O&M modeling necessitates a broader and
more detailed data collection framework. Several studies have system-
atically reviewed and synthesized RAM data to facilitate more informed
decision-making. [179] provided a comprehensive review of existing
RAM datasets for both onshore and offshore wind farms. [49] conducted
a large-scale statistical analysis of 350 offshore wind turbines across
Europe, systematically documenting critical O&M parameters such as
failure rates, repair costs and times, and the required technical person-
nel. These key data categories required for advanced O&M modeling can
be concluded as follows:

» Degradation and failure. Models need to accurately characterize
the degradation mechanisms and failure processes of wind tur-
bine components. Key reliability parameters include RUL prediction
results, failure rates, failure distribution parameters, degradation
process parameters, and Mean Time To Failure (MTTF).

» Repair and maintenance. Various types of maintenance are re-
quired for wind turbines in the process from degradation to failure.
Key parameters relevant to repair and maintenance include Mean
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Fig. 6. Evolution of the maintenance methods along with the required technologies and information [172].

Time To Repair (MTTR), repair times and costs, maintenance effect,
and required personnel.

Maintenance logistics. Once a maintenance decision is made,
maintenance execution involves mobilization and logistics to en-
sure timely resource deployment from the O&M base to the off-
shore site. Essential logistic parameters include vessel specifica-
tions (e.g., operational cost per unit time, weather constraints),
personnel classification and labor costs, spare part requirements
for different maintenance types, inventory management costs, and
transportation-related variables (e.g., estimated transit times, port
handling capacities).

Case-specific factors. Beyond parameters aforementioned, other
case-specific factors can have a direct impact on O&M performance,
including metocean conditions (e.g., wind and wave characteris-
tics), local electricity prices, and macroeconomic variables such as
inflationary impacts over the life cycle.

3.4. Modeling methods

In this section, we summarize the modeling methods commonly
used to represent the complete process from degradation to failure and
maintenance across different system levels, including components, in-
dividual wind turbines, and entire wind farms. The health condition
and predictive analysis of wind turbines can be integrated into these
models to drive maintenance decision-making. Throughout this pro-
cess, key maintenance outcomes are evaluated to assess the impact
of various maintenance decisions on wind farm operations, ultimately
guiding the search for optimal maintenance decisions. Representative
approaches include mathematical methods, simulation-based methods,
Markov models, Reinforcement Learning (RL) and Bayesian networks.

These methods share some similarities with the methods discussed
in Section 2.1 and Section 2.2.1, as they all fundamentally aim to
characterize the degradation process of systems over time. However,
when it becomes necessary to incorporate additional critical elements,
such as maintenance effects, environmental conditions, and operational
variability, a more comprehensive modeling method is required.

3.4.1. Mathematical methods
Mathematical methods formulate optimization problems using math-
ematical equations and typically employ either analytical or numerical
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methods for solutions. Analytical methods often yield closed-form so-
lutions, allowing direct determination of optimal maintenance strategy
parameters. The solutions to these equations provide direct insights into
system behavior and trends. In contrast, numerical methods rely on
iterative computations or numerical approximations to solve complex
problems where analytical solutions are difficult to obtain. For example,
authors developed an analytical model for optimizing the maintenance
schedule of wind turbine gearboxes [180]. By deriving an analytical
expression for the total expected cost per time unit, the optimal main-
tenance interval is determined. An optimization model for time-based
maintenance of offshore wind turbine gearboxes is proposed in [181],
finally obtaining an analytical solution to minimize the maintenance cost
rate. In the paper [182], the authors utilized a mathematical solution de-
rived from Ref. [183] as a benchmark to highlight the economic benefits
of the proposed novel maintenance strategy for an offshore wind turbine.
Mathematical methods often require system behavior simplifications, in-
dicating that the methods may not be applicable when modeling and
solving very complex scenarios.

3.4.2. Simulation-based methods

O&M for wind energy is highly complex, involving a number of non-
linear and stochastic factors as well as intricate dependencies and con-
flicts. Mathematical methods face significant limitations in addressing
such complex maintenance problems. In contrast, simulation methods
demonstrate exceptional flexibility and adaptability in analyzing the
reliability of complex systems [184]. The simulation methods can ef-
fectively model various types of uncertainty and stochastic processes,
such as failures, maintenance activities, and weather conditions, by
employing techniques like inverse transform sampling, and integrate
the elements into a comprehensive O&M model. Due to these advan-
tages, many well-established O&M tools, such as the StrathOW-OM
Model [185], are developed based on simulation methods. Fig. 7 demon-
strates the flow chart of the StrathOW-OM Model which contains inputs,
simulation, and outputs modules.

Commonly used simulation methods include discrete-event simu-
lation and agent-based simulation. Discrete-event simulation updates
the system state at discrete time steps and models system degradation,
failure occurrences, and maintenance processes. It employs an event-
driven mechanism to evaluate different maintenance decisions. For
example, in the papers [186,187], discrete-event simulation is used to
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Fig. 7. Demonstration of the StrathOW-OM Model (reproduced from Ref. [185]).

analyze failure and maintenance processes and model vessel scheduling
in offshore wind farms. Maintenance event outcomes are accumulated to
estimate lifetime maintenance costs, supporting the further optimization
process.

Agent-based simulation, on the other hand, models complex main-
tenance systems using agents that interact according to predefined
rules, simulating failure propagation, maintenance task allocation, and
resource scheduling. The method is employed to model maintenance
strategies over the full lifetime of offshore wind farms to seek optimal
solutions [188]. Wind turbines, monitoring systems, maintenance types,
engineers, technicians, vessels, and weather conditions can be repre-
sented as individual agents [189]. The interaction and decision-making
of these agents drive the simulation of the offshore wind farm O&M
scheduling process.

Simulation-based methods exhibit high flexibility in handling com-
plex, dynamic, and highly uncertain factors, and are well-suited for
modeling real-world interactions. However, this advantage also comes
with limitations. Achieving convergence and statistically reliable results
typically requires a large number of simulation runs, which can be com-
putationally expensive. This problem becomes particularly significant
as the scale of wind farms expands or when failure probabilities are ex-
tremely low, leading to longer computation times and higher resource
demands.

3.4.3. Mathematical programming methods

The mathematical programming method provides a formal represen-
tation of the problem through a structured model comprising decision
variables and constraints. This method is most commonly used for tac-
tical and operational decisions, such as maintenance scheduling and
vessel routing, while it is also found in strategic O&M planning [190].

The mathematical programming methods are categorized into mod-
eling deterministic and stochastic problems. Deterministic problems are
based on the assumption that all parameters are precisely known, which
are modeled by utilizing techniques such as Mixed-Integer Programming
(MIP) and Mixed-Integer Linear Programming (MILP). MIP problems in-
volve some decision variables that are constrained to take integer values.

14

MIP problems without any quadratic features are typically referred to as
MILP problems.

Deterministic problems assume that all parameters are known,
representing a simplification of uncertain practical maintenance. For
example, in the papers [191,192], the authors developed MIP/MILP to
model the maintenance scheduling for offshore wind farms, serving as
decision-making tools to determine the vessel types for purchase, the
utilization of onshore and offshore bases, etc. In the problems, factors
including wind and wave conditions, electricity prices, and costs for
leasing vessels are assumed to be deterministic.

The significant variations in the stochastic factors in reality pose chal-
lenges for maintenance decision-makers. As revealed in the study [193],
deterministic methods where all uncertain parameters are replaced with
their expected values tend to overestimate the ability to complete main-
tenance tasks under harsh marine environments. Therefore, some studies
focus on addressing the problem through Stochastic Programming (SP).
SP deals with problems where some or all parameters are uncertain
but adhere to known probability distributions. To manage these un-
certainties, SP transforms them into a deterministic equivalent model
structured as a scenario tree [194]. Each possible outcome of the uncer-
tain parameters corresponds to a specific scenario, where all parameters
are considered deterministic [195,196].

However, standard SP models typically optimize the expected objec-
tive across all scenarios, potentially resulting in solutions that perform
well on average but may violate critical constraints under specific
high-risk realizations. This is especially undesirable in safety-critical
or resource-constrained situations, where even occasional constraint
violations can lead to unacceptable outcomes. To address this limi-
tation, chance-constrained optimization has been widely adopted as
a specialized SP formulation that explicitly controls the probability
of constraint violations. Rather than ensuring constraint satisfaction
in every scenario or focusing solely on expected values, the chance-
constrained optimization method introduces probabilistic constraints
that guarantee critical conditions are met with a specified confidence
level. This formulation provides a flexible trade-off between risk and
feasibility, making it particularly suitable for wind energy maintenance
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problems that must tolerate limited uncertainty while strictly controlling
the risk of infeasibility. For example, a chance-constrained SP model is
developed for wind farm maintenance in the paper [195], incorporating
sensor-driven chance constraints that adapt to remaining life distribu-
tion predictions. By integrating sensor-based prognostics, the proposed
chance constraints enable the model to represent costs, uncertainties,
and risks as functions of predictive inputs, while accounting for prob-
abilistic failures and maintenance crew accessibility to limit turbine
downtime.

Dynamic programming can also be used for solving multi-stage
maintenance decision-making problems that follow a time-series opti-
mization structure. In such problems, randomness in system transitions,
such as uncertain component degradation, weather conditions, or crew
availability, is considered by modeling them as probabilistic transitions
between system states. The overall decision problem is solved by de-
composing the large problem into multiple subproblems based on the
principle of optimal substructure. For instance, authors proposed a main-
tenance planning model for offshore wind turbines based on dynamic
programming to schedule two-level maintenance [197].

Compared to SP and dynamic programming methods, which require
accurate knowledge of probability distributions or transition dynamics
to evaluate scenario likelihoods, risk levels, or system evolution, robust
optimization seeks solutions that remain feasible across all possible re-
alizations within a predefined uncertainty set, aiming to provide strong
guarantees even in worst scenarios. This method is particularly suitable
for maintenance planning problems where decisions must remain valid
under deep uncertainty, such as abrupt weather changes, limited crew
availability, or unknown degradation patterns. In the paper [198], a
distributionally robust chance-constrained optimization model is pro-
posed to optimize wind farm maintenance planning under inaccurate
prediction results, aiming to obtain solutions that remain robust to per-
turbations in the estimated RUL distribution. In the study [199], a robust
optimization model is proposed for maintenance scheduling that con-
siders both wind power integration and forced equipment outages. An
uncertainty set is introduced to capture fluctuations in wind power, and
a method is developed to control the conservativeness of the robust
model.

When compared to simulation-based methods, the mathematical pro-
gramming method is more suitable for problems with a well-defined
structure, explicit variables, and clear constraints. However, when deal-
ing with large-scale problems involving numerous discrete decision
variables, nonlinear relationships, and complex interactions, mathemat-
ical programming may face modeling challenges. The computational
effort required to solve such problems can grow exponentially, often
rendering them unsolvable within a reasonable time frame.

3.4.4. Markov methods

We have summarized the characteristics and categories of Markov
methods in Section 2.2.1. In this section, we further discuss how Markov
models are developed to represent the interaction among degradation,
failure, and maintenance processes for wind turbines. According to the
Markov property represented in Eq. (12), the transition probability in a
homogeneous Markov model can be formulated as

pij=P(Xk+1=xj|Xk=xi) a7
Then, the Markov state transition matrix is expressed as
Pt P12 Pi N
p=| P P2 i as)
PN1  PN2 PNN
N
where the sum of each row is equal to 1, namely Y p; = 1,Vi =
j=1
1,2,...,N.
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Fig. 8. Markov models for offshore wind turbine components [200].

The Chapman-Kolmogorov equations can be expressed in a matrix
multiplication form as
plath) — p@pb) (19)
where P™ denotes the n-step transition matrix.

By recursively applying the Chapman-Kolmogorov relation, the tran-
sition probabilities over longer time horizons can be derived from
short-term transitions, enabling calculation of the probabilities of the
system degrading to various states over time. These probabilities form
the foundation for evaluating key performance metrics such as reliability
and availability.

To clearly illustrate the impact of maintenance strategies on model
formulation and the determination of transition rates, we present a rep-
resentative Markov model in the study [200] as an example (see Fig. 8) .
In this model, S, denotes the initial perfect state. States S,;_;(i =2,...,n)
denote degraded states along the deterioration path. With continued
degradation, the state ultimately transitions to the final failure state
S5 ,+1- When the system is at any degraded state S,;_;, a random fail-
ure may occur and the system moves to random failure states .S,,(i =
1,...,n). Random failures are assumed to be repairable by minimal re-
pair, which returns the state to .S,,_;, and degradation then continues.
In order to avoid the final failure state, preventive repair can be con-
ducted at S, ,_; to recover the state. The transition probabilities «;, f;,
A;, and ¢; are calculated based on failure rates, minimal repair rates,
degradation rates, and preventive maintenance rates, respectively.

The aforementioned model refers to a homogeneous Markov model,
which can be further extended to capture more complex system state
transitions and time-dependent behaviors. Specifically, homogeneous
Markov models assume that transition probabilities are independent of
time. When transition probabilities vary with time, the model extends to
anon-homogeneous Markov model [163]. While Markov models are typ-
ically employed for discrete-time processes, they can also be extended to
continuous-time Markov models when the system evolves continuously
over time. Moreover, as previously introduced in Section 2.2.1, when the
model allows the system to reside in a state for a random sojourn time
before transitioning, it becomes a semi Markov model, which provides
greater flexibility in modeling holding times [201]. When the system
states are not directly observable, the model is extended to a hidden
Markov model, which captures the probabilistic relationship between
observable data and underlying hidden states [202]. Based on these
Markov models that describe wind turbine degradation, maintenance
decision-making aims to identify the optimal action corresponding to
each degradation state. For example, the study [203] assigned pos-
sible actions (e.g., perfect repair, imperfect repair, or do nothing) to
different degradation states of offshore wind turbine structural compo-
nents, and determined decisions by maximizing the expected reward
associated with each action. The paper [204] introduced thresholds to
compare the state differences in the Markov model of two wind turbine
components, thereby triggering maintenance actions and optimizing
preventive maintenance strategies through threshold adjustment.
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In addition to modeling the degradation process of wind turbines,
several studies have leveraged the stochastic nature of Markov models to
represent accessibility constraints caused by environmental conditions.
The papers [205,206] employed Markov models to account for weather-
dependent accessibility, specifically considering wind speed and wave
height, to evaluate wind turbine availability.

Markov approaches divide the degradation process into multiple
stages, providing greater flexibility in representing system degradation
compared to simple two-state models (i.e., healthy and failed). However,
a key limitation of Markov models lies in their memoryless property,
which makes them less effective for modeling path-dependent degrada-
tion processes, such as crack growth or fatigue accumulation, where the
future state depends on the entire degradation history rather than solely
on the current state. Moreover, state transition probabilities in Markov
models heavily rely on large amounts of high-quality, long-term degra-
dation and maintenance data, which are often unavailable or insufficient
in the wind energy industry due to the lack of comprehensive datasets.

3.4.5. Reinforcement learning

As an ML technique with significant potential for solving complex
optimization problems, RL has recently been applied to O&M decision-
making for wind turbines. RL algorithms can be broadly categorized into
model-free and model-based approaches. In the context of maintenance
optimization, the majority of existing studies have focused on model-
free algorithms [207], with the most commonly used methods being
temporal-difference learning algorithms, such as Q-learning and deep
Q-networks.

RL enables an agent to interact with an environment and learn an op-
timal policy that maximizes the expected cumulative reward over time.
The interaction between the agent and the environment is typically for-
malized using a Markov decision process, defined by (.S, 4, P, R), where
S is a set of environment and agent states, A is a set of actions, P is the
transition probability function that provides the probability of reaching
the state by executing the action, and R is the reward function. A pol-
icy is a function that defines a probability distribution over each action
and each possible state. Given a policy z, the expected value of being
in a state or performing a particular action in a given state can be esti-
mated using the state-value function V7(s) or the action-value function
Q7 (s, a), respectively. The optimal policy z* is the one that maximizes
the value functions, and it is defined as

x* = argmax V7 (s) (20)
b4

7% = argmax Q" (s, a) (21)

This process is illustrated in a simplified manner in Fig. 9a, where
the agent interacts with the environment by taking actions and receiving
states and rewards, thereby training its decision-making policy. When
applying this method to wind farm O&M, a more specific framework
is shown in Fig. 9b. In this context, the agent represents the decision-
making entity, such as a scheduling O&M system that determines when
and how to dispatch maintenance teams and vessels. Actions refer to the
set of available operations under different states, including dispatching,
inspection, and maintenance. The environment includes external factors
such as wind farm conditions, available maintenance resources, and on-
site constraints. The state may describe information such as the health
status of turbines or the current conditions for performing maintenance.
The reward is typically associated with achieving operational objectives,
such as reducing O&M costs.

A deep RL framework is proposed to explore cost-optimal CBM strate-
gies where four different CBM strategies are considered in the paper
[208]. The study employs two RL algorithms including Deep Q-Network
and proximal policy optimization. Authors applied a proximal policy
optimization-based deep RL approach to optimize the O&M of wind
farms with multiple maintenance crews in paper [209]. The results
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demonstrate that RL can potentially maximize total profit while reduc-
ing maintenance resource consumption. The paper [210] conducted a
comparative analysis between traditional maintenance strategies and
an RL-based maintenance for offshore wind turbine blades. The find-
ings suggest that RL can enhance operational performance while also
contributing to environmental sustainability.

The strength of RL lies in its ability to handle highly uncertain
and complex problems, such as those commonly encountered in wind
farm O&M including rapidly changing metocean conditions, restricted
maintenance windows, and uncertain component degradation. RL al-
gorithms can adapt to dynamic environments and evolving system
states, autonomously learning optimized maintenance strategies with
minimal human intervention, thereby improving responsiveness and op-
erational efficiency. However, RL also faces several limitations. The
training process is computationally expensive, and the learning phase
can be unstable and slow to converge, particularly in large-scale or high-
dimensional O&M problems. Moreover, RL models often suffer from low
decision transparency, making it difficult for O&M engineers to interpret
or justify the decisions made by the agent, which poses a significant
barrier to practical implementation.

3.4.6. Bayesian network

A Bayesian network is a directed acyclic graph model used to rep-
resent conditional dependencies among multiple variables. It consists
of nodes that represent random variables and edges that denote causal
relationships between these variables, with each edge being associated
with a conditional probability distribution. In a Bayesian network, the
probability of each variable X; is determined by its conditional proba-
bility given its parent nodes. The state of a variable depends solely on
its direct parent nodes and is independent of unrelated variables. The
joint probability distribution of the entire system can be decomposed
into the product of multiple local conditional probability distributions,
expressed as

N
P(X|, Xy, ..., Xy) = H P (X, | Parents(X,))

i=1

(22)

where Parent(X;) = @ for root nodes, and P(X; | @) = P(X)).

The study [211] provides an example of using Bayesian networks
to model wind turbine degradation and maintenance, as illustrated in
Fig. 10. In this model, D, represents the degradation level, where D,
denotes the initial state, and D, and D, represent the degradation
states at different time points. Parameter A denotes parameters influ-
encing the degradation evolution, such as environmental conditions
and material properties. State F is a discrete variable with two possi-
ble states, i.e., failure and no failure. The component fails when the
degradation level D; exceeds a predefined threshold. State I represents
inspection results at different time points, while R; denotes maintenance
decisions, which can be either repair or no repair. The probability dis-
tribution of node D is given as a conditional probability distribution as
P (Di | Di—lﬁAi’Ri—l)'

In the paper [212], authors proposed a Bayesian network model to
estimate the probability distribution of failure time, both with and with-
out a CBM strategy. The estimated results are then used as an input for a
simulation model designed for offshore wind turbine blade maintenance.
The study [213] employed a Bayesian network model to update the fail-
ure probabilities of floating offshore wind turbines, which are then used
to determine inspection and maintenance for wind turbines. The authors
in the paper [203] integrated fatigue failure criteria with Bayesian net-
works and the Markov decision process. A dynamic Bayesian network
was used to model stochastic degradation processes, and the optimized
maintenance strategy was then applied to achieve optimal management
of offshore wind structural components under fatigue-induced damage.

Wind turbine degradation and maintenance involve significant un-
certainties, including environmental factors, material aging, and mainte-
nance quality. Bayesian networks are well-suited for modeling such un-
certain systems, as they can capture probabilistic dependencies among
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Fig. 10. A Bayesian network for modeling degradation and failures (reproduced
from Ref. [211]).

various influencing factors. Moreover, Bayesian networks establish a
causal inference framework, enabling a representation of interactions
between variables while allowing dynamic updates without requiring
retraining of the entire model. However, defining causal relationships in
wind turbine degradation and maintenance remains a major challenge.
Additionally, constructing a Bayesian network requires conditional
probability tables for each variable, but obtaining accurate probabil-
ity distributions is often difficult due to data scarcity in wind turbine
O&M applications. Furthermore, the subjectivity of prior knowledge
may introduce cognitive biases, potentially affecting model accuracy
and decision-making reliability.

3.5. Optimization objectives

The O&M decision-makers may involve different stakeholders, each
with distinct goals and interests. Original Equipment Manufacturers
(OEMs) need to provide O&M support during the initial operational
phase of the wind turbine. Their objective is to minimize maintenance
costs. After the agreed warranty period usually lasting 2-5 years ends,
the responsibility for wind turbine maintenance falls to the wind farm
owners and operators. Their primary concerns are maximizing revenue
and energy production [214]. However, maintaining dedicated vessels,
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spare parts, and personnel for in-house operations can lead to substan-
tial management costs. To mitigate these expenses, they may choose to
outsource maintenance services by signing O&M contracts with subcon-
tractors, who are sometimes the OEMs, to handle maintenance activities.
Their goal is to reduce the cost and time of maintenance operations
while ensuring availability. This section provides an overview of the
common optimization objectives discussed in the literature, categoriz-
ing them based on their impact on economic, reliability and availability,
and environmental factors.

3.5.1. Economic aspects

Minimizing maintenance costs over a specified time horizon is the
most common optimization objective in wind farm O&M. The length
of the time horizon is typically defined by the decision-maker and can
range from a month or a year to the entire life cycle of the wind farm.
This objective can be formulated as

(23)

where i € I indexes different categories of O&M costs, I denotes the set
of all cost types (e.g., inspection, spare parts, transportation, mobiliza-
tion, and production losses), C; is the cost associated with type i, and L
represents the time horizon. In addition, other factors such as discount
factors, penalty costs, and inventory management costs can also be in-
corporated into the objective function, depending on the scope and level
of detail of the model.

The above cost objective is typically limited to models that focus
specifically on O&M decisions. However, when assessing the overall eco-
nomic performance of a wind farm from a broader perspective, these
direct O&M costs are combined with indirect O&M expenditures to form
the total operational expenditure (OPEX). By incorporating capital ex-
penditure (CAPEX), the total lifetime cost of the wind farm can be
obtained. This is then divided by the present value of total lifetime en-
ergy production to compute the LCoE, a key metric for evaluating the
economic viability of wind energy systems.

In addition to cost-related objectives, minimizing production losses
or maximizing energy production can also be categorized under eco-
nomic aspects. Throughout the lifetime of a wind farm, downtime caused
by failures, inspections, and maintenance activities can lead to substan-
tial energy production losses. The production loss can be converted into
an economic indicator using the energy price, allowing it to be directly
incorporated into the overall O&M cost. This objective can be formulated
as

. P+ Py
mimn ———
L

(24)
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where P; and Py denote the expected production losses during the
downtime due to failures and inspection and maintenance activities,
respectively.

3.5.2. Reliability and availability

Availability is a critical indicator of wind farm operational per-
formance. While onshore wind turbines typically achieve availability
rates exceeding 95 %, offshore turbines often fall below 90 % due
to operational conditions and locations. To improve availability, esti-
mating the health status of turbines through predictive analytics, and
proactively planning O&M activities, are considered effective strategies.
Availability is commonly quantified using two metrics: time-based avail-
ability and production-based availability, which can be formulated as
follows, respectively:

Tp
max (1 — ——— (25)
Tp + Ty
where Ty, is the total downtime, Tyy is the total uptime.
Pz + P
max (1 - ———_ (26)
Pr+ Pq + Py

where Pr is the total power production.

Reliability indicators can also be defined in different ways. For in-
stance, reliability can be quantified as the probability that a specific
component operates without failure over a time period ¢, denoted as
R(1). The overall system reliability can then be estimated by considering
the series or parallel configuration within the wind turbine or wind farm
system, with the typical optimization objective being to maximize relia-
bility [215]. Beyond this component/system reliability based on failure
probability, reliability can also be defined in terms of supply adequacy
when integrating wind power into the grid. In this context, reliability
refers to the probability that the power demand is satisfied over a given
time frame, which corresponds to the complement of the probability
that demand is not satisfied (commonly measured by the loss of load
probability). This metric can be formulated as

(-%)
max | 1 — —
L

where T, is the total time that the output capacity of the wind turbines is
lower than the required demand. Similar performance metrics include
loss of load expectation and expected energy not supplied, which can
also be used to assess reliability and adequacy from an energy delivery
perspective.

@7

3.5.3. Environmental aspects

In recent years, the issue of environmental impact in wind farm O&M
has received increasing attention and is now being recommended as a
key component of O&M performance evaluation frameworks [27,216].
Offshore wind O&M often relies on support vessels to transport person-
nel and equipment. As most of these modes of transport are powered
by fossil fuels, they contribute significantly to carbon emissions, espe-
cially in remote locations. To mitigate these emissions, recent studies
have proposed optimizing O&M plans to reduce environmental impact
[217], and developing energy-efficient technologies or alternative fu-
els to enable the use of green vessels and ports [218]. In addition to
transportation-related emissions, other environmentally relevant aspects
of O&M include the replacement of major components such as blades,
gearboxes, and generators. For instance, the recycling and disposal of
composite turbine blades pose a growing environmental concern due to
their material complexity and limited recyclability [219].

Despite the importance of these issues, studies that independently
optimize environmental objectives in wind farm O&M are still lim-
ited. Environmental considerations are more commonly included as
one of several objectives in multi-objective optimization frameworks,
or are integrated into a single objective through weighted aggregation
methods.
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Fig. 11. Classification of optimization methods.

3.6. Optimization methods

Following the modeling methods and optimization objectives dis-
cussed in the previous sections, it is essential to solve the formulated
optimization problems while accounting for various decision variables
and constraints associated with different maintenance manners. The
most straightforward approach is exhaustive search, as demonstrated
in [166], where the authors identified the optimal threshold setting by
comparing the costs associated with different threshold combinations.
However, this method is generally applicable only when the feasible so-
lution space is relatively small. When dealing with large feasible spaces,
more advanced optimization methods are required to efficiently identify
optimal solutions. In this section, we classify these optimization meth-
ods into two main categories: exact methods and heuristic methods. The
classification is illustrated in Fig. 11.

3.6.1. Exact methods

Exact methods are a class of algorithms that can identify the globally
optimal solution within a finite number of steps. They rely on well-
defined mathematical models and are typically applicable to problems
with clearly structured variables and constraints. Exact methods are typ-
ically applied to solve wind energy maintenance optimization problems
modeled by mathematical programming methods. These problems are
addressed using well-established operations research techniques, such
as branch and bound [220], branch and check [221], and cutting-plane
methods [222].

In many cases, decision-makers are required to consider multiple ob-
jectives simultaneously, driven by contractual obligations, performance
metrics, and broader management goals. These objectives are often con-
flicting in nature, meaning that optimizing one objective may negatively
impact others. For instance, overemphasizing wind turbine reliability
may lead to over-maintenance, thereby increasing maintenance costs
and reducing economic performance. In such scenarios, the optimization
method is required to improve one objective without causing adverse ef-
fects on other objectives, generating a set of non-dominated solutions
as a Pareto front representing the optimal trade-offs among conflict-
ing objectives. Exact methods including the weighted sum method and
the e-constraint method are typically applied to address multi-objective
optimization for wind turbine maintenance. The weighted sum method
[223] transforms multiple objectives into a single-objective function by
assigning weights to each objective. Varying the weight combinations
generates different Pareto-optimal solutions. The e-constraint method
[224] selects one objective as the primary optimization goal while con-
verting the remaining objectives into constraints. By adjusting the value
of ¢, a set of Pareto-optimal solutions can be systematically explored.

However, when dealing with complex problems involving highly
nonlinear relationships, large-scale decision spaces, or combinatorial
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Fig. 12. Populations converge to a Pareto front over generations in bi-objective
optimization (reproduced from Ref. [228]).

structures, exact methods often become computationally intractable or
even unsolvable in practice.

3.6.2. Heuristic methods

When addressing large-scale optimization problems characterized
by nonlinearity, high dimensionality, and complex constraints, heuris-
tic methods, including both problem-specific heuristic methods and
general-purpose metaheuristic methods, are among the most commonly
adopted methods. Metaheuristic algorithms represent an advancement
over traditional heuristic algorithms, combining randomized search
strategies with local search techniques to form a general and problem-
independent optimization framework. Many metaheuristic algorithms
draw inspiration from natural stochastic phenomena to guide the search
process. The classical metaheuristics which have been widely applied
in wind energy O&M optimization include GA [176], PSO [225],
Simulated Annealing (SA)[186], and Adaptive Large Neighborhood
Search (ALNS)[226].

When dealing with multi-objective optimization problems, by per-
forming iterative randomized search and evaluation, the metaheuristic
methods progressively generate a set of non-dominated solutions, which
eventually converge to a Pareto front. As illustrated in Fig. 12, the
solution set gradually converges to a Pareto front as the number of
generations increases. Non-dominated solutions located at the two ends
of the Pareto front represent priority solutions that focus on minimiz-
ing one objective over the other, while other non-dominated solutions
reflect trade-off solutions, which balance the competing objectives.
Typical metaheuristic methods widely applied in wind turbine O&M
problems include Multi-Objective Genetic Algorithm (MOGA) [227],
Non-dominated Sorting Genetic Algorithm II (NSGA-II) [228], and
Multi-Objective Particle Swarm Optimization (MOPSO) [229].

Due to the stochastic nature of heuristic methods, the obtained solu-
tions may vary across different runs, although in some cases, particularly
with small or well-structured problems, repeated runs may converge
to the same result. The primary objective of heuristic algorithms is to
efficiently identify good-quality feasible solutions within a reasonable
computational time, yet they do not guarantee global optimality. In past
years, a wide range of novel intelligent optimization algorithms, often
inspired by various natural processes, have been proposed and increas-
ingly applied to wind energy O&M optimization problems. However, in
many papers, the proposed algorithms are not thoroughly benchmarked
against well-established metaheuristic methods, making it difficult to as-
sess their improvements in solution quality or computational efficiency.
Therefore, we emphasize the importance of selecting algorithms that are
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well-aligned with the characteristics of the formulated models and of
conducting rigorous comparative studies, rather than pursuing algorith-
mic novelty as the main research contribution. Methodological advance-
ments should be grounded in demonstrated performance, rather than
novelty alone, and help prevent the unnecessary proliferation of meth-
ods that provide limited practical benefit for this class of optimization
problems.

4. Future directions

Through a comprehensive review of recent advances in prognostics
and maintenance decision making for wind turbines, in this section,
we outline several promising directions for future research that deserve
further attention and in-depth exploration.

(1) Condition monitoring

First, due to structural constraints, cost limitations, and re-
stricted accessibility, etc., implementing comprehensive condition
monitoring for wind turbines remains challenging, potentially re-
sulting in blind spots in system health. Second, monitoring data are
highly heterogeneous across types and are often owned by differ-
ent stakeholders, directly making data integration and aggregation
particularly difficult. Third, failure data, especially those related
to early-stage or rare failure modes, as well as long-term degra-
dation histories, are very scarce in the real-world wind industry.
To address these challenges, future work needs to prioritize the
development of advanced sensing technologies (e.g., virtual sen-
sors), multimodal data fusion at the data, feature, and decision
levels, and federated learning overcoming data silos and ensur-
ing privacy preservation. In addition, data augmentation through
physics-based simulations and generative models (e.g., GANs) can
help mitigate the issue of data scarcity.
Multifaceted prognostic performance

Current wind turbine failure prognosis still requires improve-
ment in trustworthiness and interpretability, transferability, and
continuity. Al-based models lack interpretability and often pro-
duce unreliable predictions under unseen conditions. This limits
their operational trustworthiness. Enhancing model transparency
through explainable AI, physics-informed techniques, and uncer-
tainty quantification is essential to improve reliability and support
risk-informed decisions. Moreover, most models are trained on
fixed datasets from specific turbines and environments, making
them difficult to generalize. Transfer learning, including domain
generalization and domain adaptation, can improve generalizabil-
ity across different scenarios. Finally, current prognosis models
often require full retraining when new data become available,
which hinders real-time adaptability. Continual learning methods
are needed to enable incremental updates without much per-
formance loss and realize responsive predictions under dynamic
conditions.
RAM databases

The availability, accuracy, completeness, and continuity of
RAM data remain major challenges for wind turbine mainte-
nance decision-making. Failure mechanisms are diverse and often
produce similar symptoms, making root cause analysis difficult.
Current O&M practices largely rely on experience rather than
systematic, traceable failure inference. Relevant knowledge, such
as fault manuals, logs, and maintenance records, is fragmented,
semi-structured, and linguistically diverse, complicating unified
modeling and reasoning. Engineers face difficulties retrieving
context-aware information, and knowledge transfer is hindered
by inconsistent terminology and lack of formal representations.
Future work needs to advance the standardization and complete-
ness of RAM databases through both academic efforts and industry
collaboration. Identifying typical failure evolution pathways is es-
sential for better diagnosis and prognosis. Moreover, advanced

(2
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techniques such as KG modeling and Large Language Models
(LLMs) can help structure and integrate fragmented data and
expert knowledge.
Next-generation maintenance paradigm

The next-generation maintenance paradigm is evolving toward
RxM, which not only predicts failures but also leverages Al to
enable autonomous decision-making. Instead of relying on pre-
defined, rigid rules, intelligent systems can dynamically generate
a set of feasible operational and maintenance actions and flexi-
bly select the optimal one based on real-time system conditions.
Achieving this vision requires deep integration with enabling tech-
nologies such as digital twins and RL, making it a promising
direction for future research in wind energy O&M. Moreover, the
environmental issues and occupational health and safety aspects
have not gained enough attention in current O&M. It is impor-
tant to place greater emphasis on incorporating these aspects into
decision-making as key performance indicators.
Maintenance decision coupling and updating

Wind energy O&M spans multiple decision-making levels, in-
cluding long-term, mid-term, and short-term planning. Decisions
made at different echelons are inherently interdependent. For
example, mid-term decisions such as vessel chartering may fail
to account for unexpected short-term failures, while short-term
maintenance scheduling may neglect the cost structures or logis-
tical commitments defined at higher planning levels. However,
most existing studies remain confined to a single echelon. Such
isolated optimization strategies may compromise overall O&M ef-
fectiveness when evaluated from a more holistic standpoint. A few
studies have begun to explore multi-echelon integration, such as
[230], highlighting the need for further research in this direction.
Future efforts should focus on modeling the interdependencies and
feedback mechanisms across decision-making echelons to achieve
decision coupling, thereby ensuring coordination and feedback
across planning levels for coherent and responsive operations. This
requires the utilization of techniques such as real-time data assim-
ilation, rolling-horizon optimization, and model predictive control
in the O&M planning framework.
Uncertainty-aware O&M

Wind energy O&M is susceptible to a high degree of uncer-
tainties arising from a variety of sources, including limitations
of sensing technologies, incomplete or noisy degradation data,
stochastic environmental conditions, and structural or behavioral
model imperfections. These uncertainties propagate throughout
the entire O&M process, spanning from data acquisition and pro-
cessing, to health condition assessment, and finally maintenance
execution. Such propagation leads to unnecessary O&M costs,
additional power generation losses, and reduced reliability and
safety of wind turbines. Future research is recommended to focus
on uncertainty-aware O&M. Promising research directions include
the identification of uncertainty sources and types, as well as
the investigation of how multi-source and heterogeneous uncer-
tainties propagate across the entire O&M process. Subsequently,
uncertainty quantification should be employed to characterize the
confidence associated with key outputs such as RUL predictions
and maintenance strategies, and to assess how input uncertainties
influence critical outcomes. Finally, integrating uncertainty infor-
mation into the decision-making process enables the formulation
of more robust and risk-aware maintenance plans.
Adaptation for floating wind and novel designs

Floating wind turbines and other novel designs(e.g., X-rotor
and multi-rotor designs) represent the next frontier in wind energy
development. However, these design shifts, such as the transi-
tion from fixed-bottom to floating platforms, introduce additional
complexity to O&M activities. Floating platforms, which exhibit
six degrees of freedom, lead to increased motion of the nacelle
and structure, thereby raising fatigue loads on components and
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making maintenance operations more challenging for technicians.
The floating systems are also more sensitive to metocean condi-
tions. Traditional weather windows suitable for fixed-bottom O&M
planning may no longer be suitable for floating wind turbines,
necessitating more conservative scheduling strategies. Moreover,
floating wind farms are typically located farther offshore and
often in water depths beyond the operational limits of support
vessels. This increases reliance on remote inspection technolo-
gies and alternative maintenance methods (e.g., the tow to shore
strategy or tower crane strategies). Other novel wind turbine
configurations introduce additional structural and operational
characteristics that may require substantial modifications to ex-
isting maintenance decision-making models. At present, research
on O&M models specifically tailored to these turbine designs
remains limited. As the wind energy sector moves toward the
commercial deployment of floating wind turbines and continues
to explore unconventional turbine designs, developing the models
that can accommodate the unique structural dynamics and opera-
tional constraints of these new systems will become a key research
direction.

5. Conclusions

Under the framework of Industry 4.0, digital and intelligent tech-
nologies have become key enablers of the transformation in the wind
energy sector. Integrating health prognostics with intelligent mainte-
nance decision-making is expected to significantly enhance the eco-
nomic performance, safety, and reliability of wind turbines. This paper
begins by providing a comprehensive review of health prognostics, of-
fering a structured classification of key methods into model-based and
data-driven techniques. These are further divided into physics-based,
knowledge-based, statistical, and Al-based methods. Subsequently, a sys-
tematic review of prognostics-informed maintenance decision-making is
presented, covering the evolution of maintenance strategies, problem
formulation, required RAM data, modeling techniques, optimization ob-
jectives, and solution methods. Critical research challenges that exist
between current literature and the anticipated role of prognostics and
maintenance in future wind turbine O&M are identified, and promising
research directions are outlined. As the digitalization of energy sys-
tems continues to evolve, this study aims to establish a solid knowledge
foundation and offer guidance for future research in this emerging field.
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