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Abstract. As global wind capacity expands, reducing operations and maintenance costs is critical to lowering
the levelized cost of energy. This paper explores the state of the art in condition monitoring and prognostic strate-
gies for wind turbine drivetrains, which are among the most failure-prone and maintenance-intensive subsystems.
Current diagnostic methodologies are evaluated, covering supervisory control and data acquisition (SCADA)
data, high-frequency vibration and acoustic analysis, machine learning and digital twin frameworks. Finally,
practical challenges are identified that limit wide-scale industrial adoption, in order to guide future research and
industrial efforts.

Published by Copernicus Publications on behalf of the European Academy of Wind Energy e.V.




2104

Copyright statement. This work was authored in part by the Na-
tional Laboratory of the Rockies for the U.S. Department of En-
ergy (DOE), operated under Contract No. DE-AC36-08G028308.
Funding provided by U.S. Department of Energy Critical Miner-
als and Energy Innovations Integrated Energy Systems Office. The
U.S. Government retains and the publisher, by accepting the article
for publication, acknowledges that the U.S. Government retains a
nonexclusive, paid-up, irrevocable, worldwide license to publish or
reproduce the published form of this work, or allow others to do so,
for U.S. Government purposes.

1 Introduction

According to WindEurope (2025), current wind energy pro-
duction capacity in Europe is 280 GW. The same report indi-
cates that the European Union (EU) will reach approximately
351 GW of wind capacity by 2030, with the total for all of
Europe almost 450 GW, based on current build-out rates. The
initiatives outlined in the European Green Deal and the RE-
PowerEU Plan (European Commission, 2019, 2022) further
call for the annual installation of 20-23 GW of new wind ca-
pacity from 2025 to 2030. Additionally, WindEurope (2025)
forecasts that offshore wind capacity in Europe can reach
84 GW by 2030.

Long-term strategies are also being developed beyond
2030. WindEurope (2025) stressed that wind farms can be
deployed at scale in a relatively short time span and will
be a major contributor to meet the increasing energy de-
mand. Member states in the EU have set objectives to achieve
440 GW of onshore and 150 GW of offshore wind capacity.
These goals reflect Europe’s intention to double or even triple
its current wind capacity throughout the 2030s, with contin-
ued expansion envisioned to 2050 under net-zero pathways.

To meet these targets, reducing the levelized cost of energy
(LCoE) for wind power is essential. The LCoE refers to the
average cost of electricity generated by a wind turbine over
its operational life. A key factor influencing LCoE is the op-
erating expenditure, particularly operations and maintenance
(O&M) costs, which represent a major share of the total life
cycle cost of a wind farm, shown by Hammond and Cooper-
man (2022) and Feng et al. (2010). For onshore wind projects
in 2023, O&M expenses, both fixed and variable, generally
accounted for 10 % to 30 % of the total LCoE, according to
the International Renewable Energy Agency (2024). While
decreasing turbine prices have historically helped to reduce
costs, their impact is now limited, making O&M cost re-
duction increasingly important. The International Renewable
Energy Agency (2024) reports that in offshore wind farms
(fixed bottom) in the G20 countries, O&M costs typically
range from 16 % to 25 % of LCoE.

Wind Energ. Sci., 11, 2103-2155, 2026

K. Kestel et al.: Condition monitoring of wind turbine drivetrains

1.1 What is a drivetrain?

The drivetrain plays an important role in defining the over-
all dynamic response of the turbine, the efficiency of power
conversion, and the structural integrity. It must accommo-
date a variety of variable operational conditions, including
wind turbulence, directional shifts, start-stop sequences, and
grid-induced disturbances. A well-designed drivetrain en-
sures not only energy efficiency but also long-term reliability
and maintainability, which are particularly critical in large-
scale and offshore wind applications (Struggl et al., 2015;
Ritschel and Beyer, 2022).

There are two principal drivetrain configurations (Nejad
etal., 2022): indirect-drive (geared) systems, in which a gear-
box increases the rotor speed to match the requirements of
the generator; and direct-drive (gearless) systems, where a
large low-speed generator is directly coupled to the rotor.

The wind turbine drivetrain refers to the mechanical and
electromechanical subsystem responsible for transmitting the
kinetic energy captured by the rotor into electrical energy via
the generator. The drivetrain begins with the rotor assembly,
which includes the blades and hub. The blades are aerody-
namic structures that extract kinetic energy from the wind
and generate torque. This torque is transferred to the hub,
which anchors the blades and directs the mechanical energy
into the main shaft. In geared systems, a gearbox amplifies
rotational speed, which is then transmitted to the generator.
The generator, typically induction or a permanent magnet
synchronous type, converts mechanical energy into electri-
cal energy, with power electronics used for variable-speed
operation and grid integration. A mechanical brake system is
also mounted on the high-speed shaft. In general, an indirect-
drive system comprises the following components: the hub
(including the blades and the pitch system), the main bear-
ing, a shaft and a gearbox, a generator, and various auxil-
iary subsystems (such as braking and electrical systems) that
ensure stable operation and functional integrity of the tur-
bine (Struggl et al., 2015).

1.2 Need from industry to monitor

In the overall O&M costs of wind turbines, the drivetrain is
one of the most maintenance-intensive subsystems. Failures
in wind turbine drivetrains and other major turbine compo-
nents (e.g. blades, pitch systems, and converters) can signif-
icantly increase O&M costs and lead to substantial down-
time costs. According to a report by the Electric Power Re-
search Institute (EPRI, 2020), the O&M cost of the global
onshore wind turbine industry is estimated to reach up to
USD 15 billion annually. While the exact O&M expenditure
of wind farms is not public information, the value is even
higher for offshore turbines per megawatt. Ensuring the reli-
ability of drivetrain components is therefore critical to the
cost-effective and sustainable deployment of wind energy.
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Continuous condition monitoring helps to detect potential is-
sues early, while accurate estimation of the remaining useful
life (RUL) of these components allows for optimized main-
tenance scheduling. This article presents a detailed overview
of current approaches to drivetrain condition monitoring and
RUL prediction in wind turbines.

1.2.1  What is the cost of O&M in a wind farm?

The wind industry has experienced tremendous growth over
the past few decades. Advancements from design and man-
ufacturing to O&M have led to reduced capital and mainte-
nance costs, which make wind power an indispensable source
for a comprehensive solution to global energy needs. The
global cumulative installed capacity, combining land-based
and offshore applications, exceeded 1 trillion watts by the
end of 2023 (GWEC, 2024). Despite the success measured
by the scale of deployment, the industry is still challenged by
premature component failures, which have become a bigger
issue for newer turbine technologies. Furthermore, mature
turbine technologies with longer operational experience have
and will be subject to an increased number of component
failures, like all ageing mechanical systems, leading to in-
creased O&M costs. These turbines typically need overhauls
or replacements of major mechanical components or blades
throughout their service life, despite the fact that structural
components such as the foundation and tower can normally
last longer. Major component overhauls or replacements, al-
though infrequent, are typically associated with long down-
times. When compounded by more frequent failures of mi-
nor components, they significantly increase O&M wind tur-
bine costs and subsequently wind power LCoE. O&M costs
typically increase as wind turbines age and are significantly
higher for offshore wind power plants. For land-based wind
plants, approximately half of the O&M costs derive from
the turbines themselves. Comparatively, offshore O&M costs
can be several times higher than those of land-based counter-
parts. This difference is largely attributed to higher failure
rates in offshore turbines compared to onshore ones, a result
of harsher environmental conditions, higher rotating speeds,
and higher rated powers (Carroll et al., 2016). Moreover, the
hard-to-access nature of offshore wind farms increases O&M
costs substantially. Turbine O&M costs represent the primary
area for potential cost reductions, which can be accomplished
through improved strategies enabled by condition monitoring
technologies.

1.2.2 Main failing components

Wind turbines are complex systems operating under highly
dynamic environmental conditions. Offshore turbines, in par-
ticular, are exposed to more severe environments than on-
shore counterparts, due to higher wind speeds, salt-laden
humidity, and extreme weather events, which collectively
accelerate degradation and increase failure rates (Carroll
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et al., 2016). The emergence of floating offshore wind tur-
bines introduces further complexity via platform-induced
motions and additional dynamic loads, amplifying opera-
tional stresses on critical components (McMorland et al.,
2022). Consequently, both fixed and floating offshore as-
sets exhibit higher failure frequencies and face greater main-
tenance challenges. Hence, it is necessary to identify and
monitor critical components to ensure system reliability
and reduce life cycle costs. A detailed understanding of
component-specific failure mechanisms is therefore essential
for developing the advanced condition monitoring, diagnosis,
prognosis, and predictive maintenance strategies required to
ensure the economic viability of the sector.

Reliability studies indicate that a minor portion of wind
turbine assemblies (38 %) is responsible for over half of
all failure rates and 60 % of total downtime (Artigao et al.,
2018b). While electrical and mechanical components may
fail at similar frequencies, mechanical failures result in sig-
nificantly longer outages, accounting for more than 75 % of
total downtime (Artigao et al., 2018b). Specifically, elec-
tric systems, control systems, and blade/hub assemblies drive
the highest failure rates, whereas gearboxes, generators, and
hub/blade assemblies cause the most severe downtime (Arti-
gao et al., 2018b).

The gearbox remains one of the most critical drivetrain
elements; it experiences a high number of failures, and its
breakdown typically results in the longest downtime and
highest economic loss (Olabi et al., 2021). Similarly, gen-
erators consistently account for high failure rates and signifi-
cant downtime across multiple reliability studies (Olabi et al.,
2021; Carroll et al., 2016). In offshore systems, transformers
and electrical components also represent a massive portion
of critical failure modes requiring extensive condition-based
maintenance (Olabi et al., 2021; Carroll et al., 2016; Scheu
etal., 2019).

Rotor blades are the third major contributor to O&M
costs after the generator and gearbox (Carroll et al., 2016).
They are prone to leading-edge erosion, fatigue cracking,
and delamination caused by sustained aerodynamic load-
ing and environmental exposure (Wang et al., 2022b). These
loads are managed by the pitch system, which consists of
pitch bearings and drives. While the pitch system acts as
a primary safety mechanism for controlling aerodynamic
loads, it is highly susceptible to wear and fatigue, presenting
the highest failure rates in offshore systems (Carroll et al.,
2016). Although a pitch system failure can lead to devas-
tating catastrophic events (Olabi et al., 2021), it generally
has a lower overall impact on maintenance and downtime
costs compared to the energy-producing systems mentioned
above (Carroll et al., 2016).

Finally, the main bearing supports the rotor and trans-
mits loads to the main shaft, making it vulnerable to vari-
ous failure modes under highly non-steady loading. Histor-
ically, main bearing failure incidents may have been under-
reported (Hart et al., 2020), as they are sometimes catego-
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rized under broader terms such as “drivetrain” or “other”.
However, recent data suggest that main bearing failure rates
can reach up to 30% over a turbine’s lifetime Hart et al.
(2019). While these typically result in lower annual failure
costs than generators or gearboxes, the main shaft and bear-
ings remain highly critical assemblies because their specific
downtime costs can equal those of the primary drivetrain
components Hart et al. (2019).

1.2.3 Value of condition monitoring in cost scenarios

Once wind turbines are installed in the field, the main op-
portunity for cost reduction lies in the improvement of O&M
practices. Condition-based maintenance, enabled by various
condition monitoring technologies, is a practice that the wind
industry has investigated for O&M strategy improvements.
Typical condition monitoring technologies include several
modules: data acquisition, signal processing, feature extrac-
tion, modelling and analysis for fault detection, diagnostics
and prognostics, and O&M decision-making. Without invest-
ing in any dedicated instrumentation, modelling and analysis
for the purpose of fault detection, diagnostics, or prognostics
can be conducted using supervisory control and data acqui-
sition (SCADA) system data. Based on dedicated instrumen-
tation, there are various condition monitoring technologies,
e.g. vibration analysis typically using data collected by ac-
celerometers, oil debris monitoring using magnetic field or
image-based sensing principles, oil condition tracking based
on certain parameters (such as cleanliness, contamination, or
oxidation levels), and electric signature analysis, among oth-
ers. All of these monitoring solutions can be conducted con-
tinuously, which is recommended if budget is not a challenge,
and periodically, which has the downside of possibly missing
fault signatures embedded in the data that were not measured.
A typical value from SCADA-based monitoring is the devi-
ation from baseline or healthy states that can be detected by
comparing incoming data against predicted values using the
normal behaviour models, which are developed based on data
collected under healthy states. For major component moni-
toring solutions, the main benefit is to convert a potential full
replacement to an up-tower repair. Fault detection is good in-
formation that the industry can benefit from. However, most
end users would like to understand how bad the situation is,
e.g. fault severity, and how much longer they can keep the
turbine running, e.g. RUL prediction, until maintenance ac-
tions must be taken. The request is along the line of prog-
nostics, which has not been widely adopted by the industry
but has been actively investigated in the research commu-
nity. The gap between academic exercises and field adoption
needs to be filled before the industry can benefit fully from
prognostics. Reliable prognostics can enable the bundle of a
few different maintenance activities into one crane rental or
one vessel trip. In addition, if root cause analyses of frequent
failure modes are conducted and confirmed, the feedback can

Wind Energ. Sci., 11, 2103-2155, 2026

K. Kestel et al.: Condition monitoring of wind turbine drivetrains

be provided to component designers and manufacturers to
help improve future product performance.

1.2.4 Standards, recommended practices, and
guidelines

With the gradual adoption of condition monitoring in the
wind industry, various standards, recommended practices,
and guidelines have been developed. They will become in-
creasingly important as the industry adopts more predictive
maintenance practices. A few well-established standards in-
clude the following: (1) ISO 20816-21: 2025 provides in-
formation on the measurement and evaluation of the me-
chanical vibration of wind turbines and their components.
It covers both geared and direct-drive types of drivetrain
configuration. Recommended zones for evaluation of vibra-
tion under continuous load operation are provided, although
caution needs to be taken for early fault detection by us-
ing the recommended zone boundaries. (2) ISO 17359 pro-
vides a general methodology for setting up condition mon-
itoring programmes. (3) ISO 13379 provides data interpre-
tation and diagnostics techniques applicable to wind tur-
bines. (4) IEC 61400-25 provides uniform information ex-
change for monitoring and control of wind power plants.
(5) IEC 61400-1 includes design requirements on condition
monitoring systems in turbines. (6) IEC 61400-13 provides
methods for measuring mechanical loads in turbines that are
relevant for condition monitoring. For recommended prac-
tices, one notable effort is the O&M recommended practices
published by the American Clean Power Association (for-
merly the American Wind Energy Association). It has a chap-
ter on condition-based maintenance, which covers the gen-
eral overview, vibration analysis, grease analysis on different
components (e.g. main bearing, pitch bearing), temperature
measurement, nacelle parameter monitoring, oil monitoring,
etc. In terms of guidelines, two older efforts are GL-IV-4
and the Allianz Zentrum fiir Technik report 03.01.068 on re-
quirements for certification of condition monitoring systems
in wind turbines. Their contents were mostly incorporated
into DNVGL-SE-0439, a service specification for the certifi-
cation of wind turbine condition monitoring systems.
Current efforts on standards, recommended practices, and
guidelines address the evolving needs of the industry, such
as the ageing onshore fleet with increased failure rates and
offshore wind turbines, which face harsher environmental
conditions and greater accessibility challenges. There is also
a need to define open data formats and improve interoper-
ability among condition monitoring systems, which can be
accomplished through international collaborations on stan-
dard harmonization and knowledge exchange among various
standard organizations, such as ISO, IEC, and IEA. Future
efforts are expected to account for impacts from artificial in-
telligence (AI) and machine learning (ML) on modelling and
analysis in support of fault detection, diagnostics, and prog-
nostics, especially as turbines increase in rating and become
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more complex, automated, or intelligent. Additionally, cy-
bersecurity and data integrity in condition monitoring sys-
tems need to be better addressed because of the increased
connectivity and digitalization of wind plants.

1.3 Digital twin in condition monitoring

A digital twin is a virtual counterpart of a physical system,
defined by deep integration and automated data flows be-
tween the two (Kritzinger et al., 2018). In the context of con-
dition monitoring and RUL, the concept rests on two pillars:
(1) the use of continuous data and modelling to mirror a tur-
bine’s operational history and degradation, and (2) the ability
to predict how future scenarios or decisions will impact com-
ponent life (Errandonea et al., 2020). Figure 1 illustrates this
framework for drivetrain components. While a system that
provides decision support is often termed a digital shadow,
a true digital twin acts as a direct controlling instance that
can autonomously execute decisions for the physical system
(Kritzinger et al., 2018; Errandonea et al., 2020).

In the digital twin framework, simulated data are essen-
tial for replicating real-world operating conditions and fail-
ure modes. These datasets are used to create synthetic rep-
resentations of components like blades, bearings, and gear-
boxes, especially when actual fault data are scarce (Zhao
et al., 2022). This allows the digital twin to model how
critical components behave under different stress levels, in-
cluding rare or extreme failures, which improves predic-
tion accuracy and maintenance planning (De Kooning et al.,
2021). The integration of simulated data into the digital twin
framework not only aids in understanding component be-
haviour but also facilitates the development of predictive
maintenance protocols that can significantly reduce down-
time and maintenance costs (Pacheco-Blazquez et al., 2024).
Different modelling strategies are briefly discussed below,
i.e. data-driven models including supervised and unsuper-
vised physics-based approaches, along with data processing
like continuous data support, data pre-processing, data stor-
age, and decision support. The choice of different modelling
strategies (data-driven, physics-based, and hybrid) and how
actually they improve the condition monitoring performance
depends largely on the design information and data availabil-
ity. For instance, Gebel et al. (2025) present a case where the
operator has large measurement data but is left with limited
design information. A similar problem is also raised by Wada
et al. (2026) for operators in Japan in order to build a physics-
based digital twin as they often have limited insight into the
design of the drivetrain. Although Al and data-driven mod-
els offer new opportunities, physics-based simulations retain
a crucial advantage: they do not rely on extensive historical
training data, enabling them to accurately predict turbine be-
haviour under entirely unobserved conditions (Gebel et al.,
2025).
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— Data-driven models — supervised vs unsupervised.

Data-driven models are instrumental in digital twins for
wind turbines. These models utilize historical and real-
time data to forecast system health, and they can be cat-
egorized into supervised and unsupervised learning ap-
proaches. Supervised models depend on labelled data
for training, which helps in identifying known faults,
such as blade erosion or gearbox damage, once trained
with historical datasets (Solman et al., 2022). Con-
versely, unsupervised models do not require predefined
labels and are adept at detecting anomalies or unex-
pected behaviours in turbine operations. This character-
istic is particularly advantageous for identifying emerg-
ing or previously unknown failure modes, thereby en-
hancing the overall reliability of wind turbine systems
(Encalada-Davila et al., 2021).

— Physics-based models. Physics-based modelling is an-

other approach to build models for digital twins where
fundamental physics rules are utilized (Johansen and
Nejad, 2019). For instance, equations of motion can be
used to model the relation between input load and load
effects in a wind turbine gearbox, which can be further
processed through fatigue damage models in order to es-
timate damage and RUL (Mehlan et al., 2022). Despite
the dependency of data-driven models on large datasets,
the physics-based models do not necessarily require his-
torical data. However, having all physical parameters to
build a physics-based model is often a challenge, partic-
ularly for operators.

Continuous data support. The efficacy of a wind tur-
bine’s digital twin is heavily reliant on the continuous
inflow of real-time data. Systems such as SCADA and
condition monitoring systems (CMSs) provide ongoing
data streams that enable the digital twin to maintain an
accurate representation of the turbine’s operational state
(Schroder et al., 2018). This constant data flow is essen-
tial for real-time fault detection and early warning sys-
tems, allowing operators to respond swiftly to potential
issues, such as abnormal rotor behaviour or tempera-
ture fluctuations in the drivetrain (Momber et al., 2022).
Recent studies underscore the significance of contin-
uous data streams in enhancing the accuracy of digi-
tal twins, particularly in areas like load monitoring and
fatigue assessment, which are critical for ensuring the
longevity and efficiency of wind turbines (Mehlan and
Nejad, 2025).

— Data pre-processing. Data pre-processing is a vital step

in the digital twin pipeline for monitoring wind turbines.
Raw data from turbine sensors often contain noise,
missing values, or outliers that must be addressed to
ensure effective utilization. For example, vibration data
from turbine components require filtering to eliminate
background noise (Peeters et al., 2025, 2016), while
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Figure 1. Example of digital twin framework for continuous RUL estimation in wind turbine drivetrain components (Mehlan et al., 2023).

SCADA data must be normalized to maintain consis-
tency across multiple turbines (Ibrahim et al., 2023).
This pre-processing is crucial for the accuracy of the
digital twin’s predictive models, which depend on clean
structured data to monitor the health of turbine compo-
nents and anticipate failures (Wagg et al., 2020). With-
out rigorous data pre-processing, the reliability of the
digital twin’s predictions could be compromised, lead-
ing to inefficient maintenance strategies and increased
operational risks (Wadhwani et al., 2022).

— Data storage. The generation of large volumes of data
by a digital twin requires efficient data storage solu-
tions to manage both real-time and historical data ef-
fectively. High-frequency sensor data from the CMS
and SCADA measurements are streamed into the dig-
ital twin, making robust data storage essential for real-
time monitoring and long-term trend analysis (Liu et al.,
2024b). Furthermore, the simulated data used for fault
prediction and performance evaluation must also be se-
curely stored. Advances in data storage technologies,
such as distributed systems and cloud-based solutions,
could enable the scalability required for large wind
farms employing digital twins. Effective storage and re-
trieval systems facilitate the integration of real-time data
with historical trends. As a result, the ability of digital
twins to accurately predict the RUL of critical compo-
nents, such as gearboxes and main bearings, is enhanced
(Sivalingam et al., 2018).

— Decision support. The loop between the real asset and
the virtual models is closed when the digital twin is able
to provide decision support and feedback to the asset
(Purcell et al., 2024). The level and type of decision
support depends on the digital twin functionality level,
as described in the following section. RUL estimation is
an example of digital twin decision support at a prog-
nostic capability level.

Wind Energ. Sci., 11, 2103-2155, 2026

1.3.1 Digital twin capability levels

DNV (DNV, 2020) has classified a digital twin in six func-
tional element capability levels where the capability in-
creases for each level. Level zero represents a stand-alone
model with no data or decision exchange between the model
and the asset. In this case, the physical asset may not yet
exist. A finite element model during the design phase is an
example of this stage. Level one is the “descriptive” level,
for instance, a multi-body dynamic model which is updated
by data from the real asset. Here, the digital twin can de-
scribe the asset behaviour and provide alarms, for example.
The second level, “diagnostic”, is where the digital twin is
able to identify the faults and be used as a diagnostic tool.
If the digital twin is able to estimate the RUL, then level
three, “predictive”, is achieved. Level four is “perspective”.
In this phase, the digital twin is able to provide recommended
actions based on predictions. Finally, level five is the “au-
tonomous” level where the digital twin can take over control
from the user and control the asset.

As highlighted by Ibrion et al. (2019), the main aim of
employing a digital twin is to reduce the risk in operations;
therefore, the digital twin itself should not pose or bring
new risk. Specifically, these technologies target the reduction
of risks associated with design errors, maintenance-related
downtime, and structural fatigue over an asset’s life cycle.
As the digital twin functionality level increases, the associ-
ated risk may also increase. It is therefore essential to eval-
uate the risk and uncertainty throughout each level (Ibrion
et al., 2019; Mehlan and Nejad, 2025).

1.3.2 Brief overview of data access challenges

It is well known that the wind industry R&D and technology
innovations, including condition monitoring, are hindered by
data sharing. There are a few concerns by data owners: (1) the
disclosure of sensitive information may impact their business
competitiveness; (2) data-sharing infrastructure introduced to
facilitate the data sharing may pose new cybersecurity risks;
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(3) uncertainty regarding specific data-driven project objec-
tives and required data streams; and (4) a lack of clarity con-
cerning the value generated by their data-sharing efforts.

The contradictory fact is that the wind industry is data
rich. There are thousands of turbines, each with hundreds of
channels of measurements of various types at different reso-
lutions. There are a few possible ways to mitigate the data-
sharing challenge: (1) use normalization and anonymization;
(2) specify task objectives, data needs, and value (e.g. stan-
dardization and FAIR data principle) returned to the data
owner; (3) adopt a clear data protection mechanism, making
it beneficial to members of a consortium (e.g. NLR gearbox
reliability database (NREL, 2018), EPRI WinNER (EPRI,
2021), and ORE Catapult Sparta (Catapult, 2020)), while re-
leasing educational information to the public (e.g. data or-
ganized by turbine ratings, technology types without disclos-
ing turbine or component original equipment manufacturers);
and (4) investigate novel data-sharing approaches that enable
proprietary data sharing without disclosing sensitive infor-
mation.

1.3.3 Ideal datasets for condition monitoring research

To support condition monitoring research and root cause
analysis for a wind plant, an ideal dataset should include the
following five categories of information:

— Basic plant information, such as the site layout, resource
measurements from met towers or turbine nacelles, the
number of turbines, and specific turbine specifications;

— Operational data for the turbines or balance of the plant,
including SCADA time series and status codes recorded
before and after a fault or failure event;

— Historical records of faults or failures;

— Dedicated condition monitoring system data, where
available; and

— Maintenance logs, including work orders and detailed
inspection reports.

These data can be in different file formats: time series
(SCADA, vibration, oil debris, and met tower), text or string
(status codes), Excel table entries (e.g. oil sample analysis
results), and pdf (e.g. inspection or oil sample analysis re-
ports). In addition, with the advancement of modelling capa-
bilities, there are abundant synthetic or simulated data, which
can be beneficial to mitigate the unbalanced data challenge
between faulty and healthy populations. In case a root cause
investigation is conducted, the findings are also valuable, es-
pecially condition monitoring recommendations that might
be used for control adjustments, reducing loads and extend-
ing component operational time or life. If more data from
wind plants with the same or similar turbine models are avail-
able, it will be helpful to make the condition monitoring tech-
nologies transferable to different plants or more robust with
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reduced uncertainty. From a broad industry-wide condition
monitoring research perspective, it will be extremely valu-
able to give the research community access to a large popu-
lation of useable data based on multiple wind plants. More-
over, data owners can gain immediate access to the developed
condition monitoring technologies and help to mature these
technologies before they are adopted by the rest of the indus-
try.

To address the data access and digitalization challenges,
several international initiatives and research proposals have
emerged, targeting the technical, cultural, and business bar-
riers that currently hinder sector-wide collaboration. These
efforts, such as those coordinated by the IEA Wind Task
43 (Bray et al., 2021), focus on streamlining the digitaliza-
tion of wind energy through international research on data
standards, sharing protocols, and advanced analytics to im-
prove life cycle efficiency and reduce costs. By developing
collaborative ontologies, data maturity roadmaps, and guide-
lines for best practices, these projects aim to foster a culture
of “coopetition”. Ultimately, these initiatives seek to publish
practical recommendations and success stories that demon-
strate how priority use cases can be solved through improved
data sharing and organizational transparency.

1.4 Data labelling and annotation: impact on model
training

Model learning for distinguishing between healthy and faulty
operational states of wind turbines faces several significant
challenges when applied to experimental data. One major
obstacle is the inherent imbalance in datasets, as fault oc-
currences are typically rare compared to normal operational
data. This scarcity can result in models that are biased to-
wards the majority class, reducing their effectiveness in ac-
curately detecting faults.

Additionally, experimental wind turbine data are often
noisy and subject to variability due to fluctuating environ-
mental conditions, sensor inaccuracies, and operational in-
consistencies, which complicate the extraction of reliable
features. The high dimensionality of the data, with numer-
ous sensors capturing a wide range of parameters, further
exacerbates the difficulty of identifying relevant fault indi-
cators. Furthermore, differences in turbine models and con-
figurations introduce heterogeneity, hindering the develop-
ment of generalized solutions. Addressing these challenges
requires advanced techniques such as data augmentation,
imbalance handling methods, robust feature selection, and
transfer learning to enhance model resilience and accuracy.

1.5 Contributions and novel perspectives of this review

While the literature contains numerous reviews on specific
condition monitoring technologies, this paper moves beyond
a purely descriptive consolidation of these methods. The con-
tribution of this review lies in its comprehensive approach to
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the condition monitoring pipeline, connecting raw data ac-
quisition with practical O&M decision-making. Specifically,
the contributions of this review are threefold:

— Integration of emerging techniques. In addition to es-
tablished methods, this review evaluates new diagnostic
and prognostic approaches, such as video-based vibra-
tion analysis, deep learning for complex acoustic emis-
sion classification, and the transition towards advanced
digital twin frameworks.

— Focus on industrial adoption. The practical barriers
hindering the transition of advanced algorithms from
academic research to operational wind farms are anal-
ysed, particularly highlighting challenges related to data
scarcity, dataset imbalance, and uncertainty quantifica-
tion in complex environments.

— A problem-driven perspective. By consolidating in-
sights across SCADA, vibration, and acoustic domains,
this work outlines how different data streams can be
combined to solve core condition monitoring problems,
offering a guide for future research and industrial de-
ployment.

1.6 Organization of the manuscript

To guide the reader, the remainder of this paper is organized
around the fundamental challenges of condition monitoring
and asset management.

Section 2 establishes the context by analysing current fail-
ure trends and identifying the critical components that cause
downtime in wind turbine drivetrains. Section 3 directly ad-
dresses the problem of fault detection and diagnosis, de-
tailing strategies to identify and classify anomalies using
SCADA, vibration, and acoustic emission data. Shifting to
predictive capabilities, Sect. 4 covers the problem of progno-
sis, focusing on RUL estimation methods and their practical
limitations. Section 5 applies these diagnostic and prognostic
strategies to specific drivetrain components (main bearing,
gearbox, generator, converter, and blades), discussing data
and processing challenges for each. Finally, Sect. 6 addresses
the end goal of condition monitoring: decision-making. It
discusses how diagnostic and prognostic outputs translate
into optimized O&M strategies and maintenance planning.
The final section concludes the paper, with a summary and
future outlook.

2 Failure trends

Understanding the reliability and historical performance of
wind drivetrains is fundamental to developing effective mon-
itoring strategies. By identifying which components fail most
frequently and which contribute most significantly to down-
time, operators can prioritize their condition monitoring ef-
forts. This section analyses the current failure statistics for
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wind turbines and outlines the dominant failure modes af-
fecting critical drivetrain components.

2.1 Key components causing downtime and their failure
rates

Failure data from wind turbines are crucial for identifying
critical components and improving wind farm performance.
In recent years, the cumulative installed capacity of wind tur-
bines, particularly in offshore wind energy, has been steadily
increasing. However, due to intense industry competition, in-
formation on wind turbine operations and failures is strictly
protected, with offshore wind failure data being particularly
scarce. In this context, some prior studies have collected,
analysed, and compared available data from onshore turbines
along with the limited data accessible from offshore sources.
For example, Carroll et al. (2016) released a dataset covering
350 offshore wind turbines across Europe, including statis-
tics on failure rates, repair costs, and repair times. Cevasco
et al. (2021) provided a comprehensive analysis of reliabil-
ity, availability, and maintainability data for both onshore
and offshore wind turbines. Dao et al. (2019) reviewed 18
sources of wind turbine reliability, availability, and maintain-
ability data, providing a visual comparison of failure rates
and downtime for critical components in onshore and off-
shore wind turbines, as illustrated in Figs. 2 and 3.

The figures show that the top three components with the
highest failure rates in onshore wind turbines are electrical
systems, control systems, and blades and hub. This may be
due to frequent changes in onshore wind speed and direc-
tion, which require more frequent system adjustments, in-
creasing the load and stress on these components. While on-
shore turbines most frequently experience failures in electri-
cal and control systems, the situation offshore presents differ-
ent challenges. For offshore wind turbines, the components
with the highest failure rates are the pitch systems, followed
by generators. The overall failure rates of offshore wind tur-
bines are typically higher than onshore, and the differences
in the high-failure components can be explained by the harsh
marine conditions and higher wind speeds offshore. Genera-
tors also operate more frequently under high-load conditions,
which increases the risks of wear and overheating.

Analysing downtime reveals that component rankings for
offshore and onshore wind turbines are consistent, with
gearboxes, generators, blades, and hubs accounting for the
longest downtimes. This is largely due to the considerable
size and weight of these components. When faults occur,
these components typically require complex procedures such
as disassembly, inspection, and even full replacement, of-
ten necessitating large-scale lifting equipment, which sig-
nificantly prolongs the repair process. Furthermore, offshore
wind turbines are located in deep and remote waters where
harsh environmental conditions and limited accessibility for
maintenance vessels present significant challenges. These
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Figure 2. Failure rate comparison of components in onshore and offshore wind turbines (reproduced from Dao et al., 2019).
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Figure 3. Downtime comparison of components in onshore and offshore wind turbines (reproduced from Dao et al., 2019).

factors increase the difficulty and duration of on-site repairs,
thereby exacerbating overall downtime.

2.2 Main failure modes

The previous section identified the components with the
highest failure rates and downtimes, including gearboxes,
generators, blades and hub, electrical and control systems,
and pitch systems. Many studies have investigated the fail-
ure modes of the critical components in both onshore and
offshore wind turbines. For instance, Kang et al. (2019) em-
ployed fault tree analysis to visually depict failure paths in
floating wind turbines and to identify root causes. Scheu
et al. (2019) used failure modes, effects, and criticality anal-
ysis to prioritize components in offshore wind turbine sys-
tems, providing valuable insights for condition monitoring
systems and subsequent maintenance planning. The common
failure modes for components with the highest failure rates
and downtimes are summarized as follows.
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Within the drivetrain, main bearing reliability has become
a significant challenge to the wind industry (Hart et al., 2023;
EPRI, 2024). A variety of failure modes have been docu-
mented, including damage resulting from surface and sub-
surface initiation, stray currents, lubrication failures, over-
loading, and improper bearing assembly/fit (Hart et al., 2023;
EPRI, 2024). The principal drivers of premature main bear-
ing failures remain unclear.

The gearbox in wind turbines serves to amplify the rota-
tional speed of the blades to a level that is efficient for elec-
tricity generation by the generator. Gearbox failures in wind
turbines are commonly found in the gears and bearings. Typ-
ical failure modes include wear of gear teeth and the wear
of rollers and raceways in the bearings (Bejger et al., 2021;
Gong et al., 2017; Greco et al., 2013). Cracks or even frac-
tures may occur under excessive impact loads or prolonged
fatigue. Other failure modes include overheating due to inad-
equate oil cooling and blockages in the oil passages caused
by contaminants or debris (Olabi et al., 2021; Scheu et al.,
2019).
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The generator converts the mechanical energy from the ro-
tating blades into electrical energy. Generator failures may
be attributed to either electrical or mechanical causes (Kang
et al., 2019). Mechanical failure modes include rotor issues
such as eccentricity, broken rotor bars, cracked end rings,
bearing deformation, and air gap eccentricity (Olabi et al.,
2021). Electrical faults are mainly caused by winding faults,
including open or short circuits in the rotor or stator wind-
ings, inter-turn shorts, and abnormalities in electrical con-
nections (Olabi et al., 2021). Overheating and magnetization
issues, such as inadequate magnetization or demagnetization
of magnets, also lead to generator failures, adversely affect-
ing their efficiency and service life (Scheu et al., 2019; Li
et al., 2020a).

The blades and hub capture the kinetic energy of wind
and convert it into rotational motion to drive the genera-
tor through the gearbox. Common failure modes in blades
include cracks, delamination, de-bonding on bonding lines,
and damage to the top coat (Wang et al., 2022c). The hub,
which connects the blades to the nacelle, may experience fa-
tigue, wear, and imbalance (Zhang et al., 2016).

The failure modes of electrical and control systems can
be categorized into electrical faults and mechanical failures.
Electrical faults typically include issues such as open cir-
cuits, short circuits, and gate drive circuit faults (Kang et al.,
2019). On the mechanical side, common faults include cor-
rosion caused by salt mist and moisture, and damage to the
terminals (Kang et al., 2017).

Pitch bearings are susceptible to wear and fatigue damage,
typically affecting the raceways and rolling elements. To-
gether with their drives, pitch bearings form the pitch system
of a wind turbine. Blade pitching controls aerodynamic loads
and serves as the primary safety mechanism of the turbine.
Pitch drives can be either hydraulic or electrical, with both
showing similar failure rates in operation (Walgern et al.,
2023). Failure modes of pitch bearings include ring cracks,
raceway, rolling elements, cage wear and fatigue, and bolt
damage (Liu et al., 2020; Stammler et al., 2024).

Understanding these failure patterns is essential for guid-
ing condition monitoring strategies. By prioritizing high-risk
components like gearboxes and pitch systems, especially in
offshore installations, operators can tailor diagnostic meth-
ods to improve reliability and reduce unexpected downtime.

3 Monitoring strategies focused on diagnostics

Wind turbine drivetrain monitoring has seen significant ad-
vancements through diverse analytical approaches (Helsen,
2021). An elaborate discussion on the diagnostic strategies
is provided in this section. It highlights approaches such as
AI/ML-based monitoring using SCADA data, signal process-
ing techniques applied to high-frequency vibration data, and
acoustic emission methods. These techniques detect anoma-
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lies, diagnose faults at an early stage, and effectively inform
maintenance strategies.

3.1 General aspects of Al/ML-based monitoring using
SCADA data

Condition monitoring of wind turbines using SCADA data
has been a productive research topic. The developments can
be subdivided into several methodological groups. For thor-
ough overviews, see, for example, Tautz-Weinert and Wat-
son (2017), Stetco et al. (2019), Black et al. (2021), and
Chatterjee and Dethlefs (2021). In Tautz-Weinert and Wat-
son (2017), the methodologies are divided into six cate-
gories: normal behaviour model (NBM)), trending, clustering,
damage modelling, assessment of alarms, and expert sys-
tems. NBM is currently the most popular method proposed
in the literature. For this reason, the main focus will be on
this method, while the other methods will be discussed only
briefly.

3.1.1 Overview of normal behaviour modelling methods

Condition monitoring based on the NBM methodology gen-
erally consists of two phases: (1) developing a model that
can be used to predict normal or healthy behaviour of the
machine (this model is called the NBM) and (2) analysing
the prediction error, which is the difference between the ob-
served and predicted data, for abnormal patterns and devia-
tions. Normal behaviour models can be developed using var-
ious approaches, including statistical models, shallow ML,
and deep learning. Table 1 gives an overview.

— Statistical methods. This is a group of models based
on traditional statistical techniques. These can be un-
supervised or supervised. The advantage of statistical
models is that they are in general computationally un-
demanding, data efficient, well studied, and well under-
stood. The disadvantage, however, is that they are less
suitable to model highly complex non-linear dynamics.
Algorithms like principal component analysis, ordinary
least squares, ARIMA, and, more recently, cointegra-
tion have been/are popular. However, statistical tech-
niques are used less frequently in recent research than
ML techniques.

— Shallow ML methods. Models within this group are
based on shallow ML techniques, e.g. decision trees,
random forests, gradient boosting machines, and sup-
port vector machines (SVM). Shallow ML techniques
are generally better suited for modelling non-linear rela-
tionships. However, this comes at the cost of being more
computationally expensive and having higher data re-
quirements. The shallow ML algorithms were the most
popular until the deep learning breakthrough.

— Deep learning methods. This category includes models
based on deep learning algorithms, such as deep neural
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Table 1. Overview of the different methodologies that have been used in the literature to model normal behaviour.

Type Methodology References
Principle component analysis (PCA) Campoverde et al. (2022) [MS], Kim et al. (2011) [GBX]
Statistical Ordinary least squares (OLS) Garlick et al. (2009) [GBX, GEN], Chesterman et al. (2021)
[GEN], Chesterman et al. (2022) [GEN]
Time series Garlick et al. (2009) [GEN, GBX], Yang et al. (2018) [GBX],
Li and Wu (2020) [GBX, GEN], Dao et al. (2018) [GBX], Sun
et al. (2019) [GEN, GBX], Dao (2023) [GBX], Ali Qadri et al.
(2020) [B], Xu et al. (2022) [B]
Random forest (RF) Turnbull et al. (2021) [GBX, GEN], Chesterman et al. (2022)
Shallow ML [GBX], Kusiak and Verma (2012) [GEN]

Gradient boosting machine (GBM)

Beretta et al. (2021a) [MS], Beretta et al. (2021a) [MB], Shi
et al. (2021) [GEN, GBX, H], Udo and Yar (2021) [GBX],
(Maron et al., 2022) [GBX, CONV], Chesterman et al. (2022)
[GBX], Kusiak and Verma (2012) [GEN], Udo and Yar (2021)
[GEN], Trizoglou et al. (2021) [GEN]

Support vector machine (SVM)/SVR

Kusiak and Li (2011) [GEN], McKinnon et al. (2020) [GBX],
Castellani et al. (2021) [GEN], Chesterman et al. (2022)
[GBX]

LASSO

Dienst and Beseler (2016) [O], Chesterman et al. (2023) [GEN,
GBX]

Deep neural network (DNN)

Deep learning

Zaher et al. (2009) [GBX, GEN], Kusiak and Li (2011) [GEN],
Kusiak and Verma (2012) [GEN], Li et al. (2014) [GEN],
Bangalore and Tjernberg (2014) [GBX], Bangalore and
Tjernberg (2015) [GBX], Sun et al. (2016) [GBX], Meyer
(2021) [GBX], Turnbull et al. (2021) [GBX], Black et al.
(2022) [GBX], Jamil et al. (2022) [GBX], Mazidi et al. (2017)
[P], Verma et al. (2022) [GBX]

Autoencoder

Zhao et al. (2018) [GBX, GEN, CONV], Beretta et al. (2020)
[GEN], Renstrom et al. (2020) [GEN, R, H], Chen et al. (2021)
[GEN], Miéele et al. (2022) [GBX, GEN, T], Liu et al. (2023)
[B], Lee et al. (2024b)[GBX]

Convolutional neural network (CNN)

Liu et al. (2020) [GBX], Zgraggen et al. (2021) [GBX],
Bermudez et al. (2022) [GBX], Xiang et al. (2022) [GBX]

Long short-term memory (LSTM)

Trizoglou et al. (2021) [GEN], Udo and Yar (2021) [GBX,
GEN], Bermudez et al. (2022) [GBX]

Generative adversarial network (GAN)

Peng et al. (2021) [B]

Ensemble Beretta et al. (2021a) [MB], Khan et al. (2023) [GEN],
Grataloup et al. (2024) [GBX]
Adaptive neuro-fuzzy (ANFIS) Schlechtingen and Santos (2012) [GBX, CONV, H, O],
Other Schlechtingen et al. (2013) [GBX, CONV, H, O],

Schlechtingen and Santos (2014) [GBX, CONV, H, O]

Copula

Zhongshan et al. (2018) [Y, GBX, GEN]

Extreme learning machine (ELM)

Marti-Puig et al. (2021) [GEN, GBX]

Abbreviations: GBX: gearbox, GEN: generator, B: blade, MS: main shaft, MB: main bearing, H: hydraulics, CONV: converter, R: rotor, T: transformer, P: pitch,

O: other.
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networks, convolutional neural networks (CNNs), and
long short-term memory (LSTM) networks. The use of
deep learning is the most recent addition to the NBM de-
velopment toolbox. Deep learning algorithms are even
better modellers of non-linearities and have generated
good results in several domains. However, they are of-
ten more computationally demanding and data inten-
sive than shallow ML. More recently, generative Al e.g.
generative adversarial networks, has been introduced.
This technique was originally mainly used for the gener-
ation of new images. More recently, it has become clear
that generative models are also useful for the generation
of synthetic tabular data and anomaly detection.

— Ensemble methods. This is a group of models that com-
bines the output of multiple statistical, shallow ML, or
deep learning algorithms. By combining the results of
several algorithms, ensemble methods attempt to im-
prove accuracy compared to the individual models. The
ensemble methodology is generally composed of two
layers. The first layer contains several algorithms that
individually model the normal behaviour. The second
layer is made up of an algorithm, called a meta-model,
that combines the predictions of the models in the first
layer. The meta-model can be a statistical, shallow ML,
or deep ML model.

— Other methods. Several other methods have also occa-
sionally been used. Examples are the adaptive neuro-
fuzzy inference system, copula-based modelling, and
extreme learning machines.

3.1.2 Alternative unsupervised/physics-based methods

The previous section focused exclusively on the NBM
methodology. However, other methodologies have also been
used, although less frequently. For this reason, they are only
briefly discussed in this section. This overview is based on
the classification proposed by Tautz-Weinert and Watson
(2017). The following methodologies (excluding NBM) are
distinguished in Tautz-Weinert and Watson (2017): trending,
clustering, damage modelling, and the assessment of alarms
and expert systems.

Trending techniques involve tracking long-term time-
series SCADA data to identify patterns, trends, and anoma-
lies that can indicate potential faults or inefficiencies. The
main challenge lies in interpreting trends due to varying oper-
ational conditions, as changes in SCADA parameters do not
always indicate faults. Several works have demonstrated how
these techniques can be used for anomaly and fault detection.
For example, Feng et al. (2013) found that decreasing gear-
box efficiency leads to a temperature rise approximately 6
months before failure, while Wilkinson et al. (2014) explored
comparing temperature differences between turbines at the
same site but found the approach unreliable due to environ-
mental variations. Yang et al. (2013) introduced a binning
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method averaging wind speed, generator speed, and power
output to track damage levels. While trending SCADA pa-
rameters can help to detect failures by comparing histori-
cal and current data, interpretation challenges and turbine-
specific variability limit accuracy. Without addressing these
issues, uncertainty and false alarms remain a risk in mainte-
nance applications (Black et al., 2021).

Clustering techniques are unsupervised ML methods that
are used to group data points into clusters based on their sim-
ilarities or differences. They use distance metrics, such as
Euclidean distance or cosine similarity, to measure the sim-
ilarity between data points. Clustering algorithms applied to
SCADA data have been proposed for the automated classifi-
cation of normal and faulty observations by identifying pat-
terns or distinct operational states representative of potential
anomalies or faults. For example, Wilkinson et al. (2014) ap-
plied self-organizing maps to classify turbine operating con-
ditions and detect anomalies in the gearbox. Rodriguez et al.
(2023) proposed the k-means clustering algorithm to perform
an exploratory analysis of SCADA data to identify patterns
and anomalies that can indicate potential faults or abnormal
behaviour which can then be further investigated by experts.
More recently, Marti-Puig and Nufez-Vilaplana (2024) in-
troduced a novel approach to dynamically cluster wind tur-
bines based on real-time SCADA signal analysis, thereby
accounting for temporal and operational variations. Unlike
static approaches, this method proved to be more adaptive
and accurate in identifying performance trends and anoma-
lies. However, research showed no clear advantage of clus-
tering over trending methods. Additionally, the requirement
for faulty data in the methodology could pose a challenge
in an industrial setting (Tautz-Weinert and Watson, 2017).
In damage modelling, the observed signals are interpreted
using physical models of the machine or component. This
is different from the NBM approach where an empirical or
data-driven method is used. However, the applicability of
modelling-based methods depends on the availability of a
physical model.

Expert systems have also been used for wind turbine con-
dition monitoring research. These systems can be used to-
gether with NBM-based systems as a way to interpret the
results (Tautz-Weinert and Watson, 2017). An expert system
is composed of several parts, e.g. a knowledge base, a rea-
soning or inference engine, and some sort of user interface
through which experts can interact with the Al. The knowl-
edge base contains facts and rules, and the inference engine
applies the rules to deduce new facts or to give an explanation
or prediction. An advantage is that the rules are, in general,
easily interpretable. Disadvantages are computational com-
plexity and maintenance problems when the number of rules
and facts become very large. Expert systems have been ap-
plied to wind turbine failure diagnosis cases, e.g. Zhi-Ling
et al. (2012), Yang and Jiang (2015/05), and Garcia et al.
(2006).
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3.1.3 Supervised learning: overview of classifier-based
modelling methods

In the categorization of ML, supervised learning utilizes la-
belled datasets for training, aiming to approximate a mapping
that predicts output labels based on input data. Supervised
learning is further classified depending on whether the output
labels are numerical variables (regression problems) or cate-
gorical variables (classification problems). When applied to
wind turbine diagnostics, the classifier-based methods lever-
age an input vector composed of features extracted from pre-
processed data collected from the component. The input vec-
tor is labelled with the categories reflecting the status of wind
turbine components. Fault detection can be regarded as a bi-
nary classification problem, where the system is categorized
into one of two labels, i.e. “healthy” or “faulty”. Fault di-
agnosis involves a multi-class classification task where the
input label is classified into multiple non-overlapping classes
encompassing specific faults/failures of the component. The
model is subsequently trained to classify component status
into the predefined categories.

Commonly used classifier-based methods for wind tur-
bine diagnostics are SVM (Tuerxun et al., 2021), k-nearest
neighbour (kNN) (Tang et al., 2023), logistic regression
(Bodla et al., 2016), artificial neural network (ANN) (Cho
et al., 2021), naive Bayes (Colone et al., 2019), decision tree
(Joshuva and Sugumaran, 2017), extreme gradient boosting
(XGBoost) (Tao et al., 2021), light gradient boosting ma-
chine (LightGBM) (Wang et al., 2022a), and random forests
(Mansouri et al., 2022). Current research primarily focuses
on improving conventional classifiers, developing ensem-
ble methods that aggregate multiple learners, and utilizing
deep learning to process high-dimensional data, enhancing
data pre-processing and feature extraction techniques (Su-
rucu et al., 2023; Stetco et al., 2019). Moreover, exploring the
application of transfer learning and increasing model trans-
parency, explainability, and interpretability are also critical
endeavours (Zio, 2022; Lei et al., 2020). These efforts aim
to improve the diagnostic performance of classifiers on real
data from wind turbines.

The typical performance metrics of diagnostics include
accuracy, recall, precision, and F1 score, which are derived
from the observations, including the number of true positive
(TP), false positive (FP), true negative (TN), and false nega-
tive (FN) observations. Accuracy is calculated as

TP+TN
Accuracy = . (1)
TP +TN +FP +FN
The recall is calculated by
TP
Recall = ——. (2
TP +FN
The precision is calculated by
- TP
Precision = ————. (3)
TP + FP

https://doi.org/10.5194/wes-11-2103-2026

2115

The F1 score is calculated by

. 2 x Precision x Recall

Fl = €]

Precision + Recall

The performance superiority of different classifiers is gener-
ally assessed through these metrics. However, classifier per-
formance can vary across datasets due to factors such as
class distribution, feature correlation, and dataset size. To
systematically compare the performance of different classi-
fiers, de Lima Munguba et al. (2024) tested and compared
16 classifiers for detecting pitch system faults, utilizing a
dataset containing SCADA data and alarm logs collected
from 14 wind turbines across two wind farms in Brazil.
The results indicated that most classifiers achieve an aver-
age accuracy of 80 % in distinguishing between healthy and
faulty operating modes. Among them, the random forest, ex-
tra tree, XGBoost, LightGBM, CatBoost, gradient boosting
(GBoost), and kNN demonstrated superior performance. In
the paper (Allal et al., 2024), the authors tested 13 classi-
fiers by using a SCADA dataset originating from a 3 MW
direct-drive turbine in Ireland. The type of wind turbine faults
cover generator heating faults, mains failure, feeding faults,
air cooling faults, and excitation faults. The comparison re-
sults reveal that the best-performing classifier is the ensem-
ble learner based on bagging, achieving the highest accu-
racy, precision, recall, and F1 score at approximately 79 %.
This was followed by GBoost, with CatBoost, random forest,
and XGBoost trailing behind. Building on these basic clas-
sifiers, researchers have continually innovated algorithms to
improve performance. For instance, in the same paper (Allal
et al., 2024), the authors proposed a two-tier fault detection
and diagnosis framework. In binary classification, bagging
achieved accuracy, precision, recall, and F1 scores exceed-
ing 95 %, outperforming the voting classifier and CatBoost.
For multi-class classification, the stacking ensemble learner
demonstrated an overall precision of 86 %, with accuracy, re-
call, and F1 scores all surpassing 84 %, followed by random
forest and CatBoost.

3.1.4 Farm-scale strategies: detection and transfer
learning

Single-turbine models for condition monitoring provide tai-
lored fault detection by aligning with each turbine’s unique
operational profile, capturing faults specific to individual
units. However, these models are computationally demand-
ing in large farms, as each turbine requires its own model and
frequent recalibration to address evolving conditions. Ad-
ditionally, without cross-turbine comparisons, single-turbine
models can struggle with environmental variability, increas-
ing false positive or false negative rates. These limitations
highlight the potential benefits of a comparative, multi-
turbine approach, where analysing performance deviations
among turbines can enhance fault detection and provide a
broader, context-aware perspective on turbine health.
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Comparative analysis of wind turbines within a farm using
SCADA data offers a considerable advantage for condition
monitoring, as identifying performance deviations among
turbines can help operators to detect anomalies early (Cam-
bron et al., 2018). However, this approach also presents chal-
lenges due to the unique operational signatures of each tur-
bine, influenced by factors such as manufacturing variances,
site-specific conditions, and individual wear patterns (Ma-
lik and Bak, 2024). Differences in assembly processes can
cause performance disparities even among turbines of the
same model. Additionally, environmental influences, such
as the wake effect, can result in variations in energy out-
put and mechanical stress among turbines within the same
farm. Exposure to differing levels of sunlight can also lead
certain turbines to consistently operate at higher tempera-
tures, a condition that reflects site specifics rather than equip-
ment faults. Over time, wear and tear on components such
as gearboxes, bearings, and blades further contribute to dis-
tinct performance profiles for each turbine. These differences
can complicate the establishment of performance baselines
and the application of uniform diagnostic models throughout
the farm. The challenge lies in balancing the need for stan-
dardized approaches with the need to customize to reflect the
unique conditions of each turbine.

The signal trending approach examines long-term changes
in operational data, assuming failures have identifiable signa-
tures in variables like temperature. Astolfi et al. (2014) intro-
duced a method tracking the relationship between binned ac-
tive power and key sensor readings (e.g. rotor and generator
bearing temperatures) to visualize turbine health over time
and support early fault detection. Cambron et al. (2018) ad-
vanced this with a control chart monitoring algorithm com-
paring turbine performance against the farm average to detect
generator issues. In contrast, Li and Wu (2020) used median
differences across turbines to create a condition vector, in-
corporating monitoring charts with strategies to handle auto-
correlated data. However, these methods are often univariate,
limiting their ability to capture interactions among variables
within the complex, interconnected systems of wind turbines.
Even more, automated online monitoring based on trend-
ing methods has been shown to fall short of achieving the
required accuracy. This limitation is attributed to the case-
specific nature of the problem, which necessitates offline vi-
sual interpretation of trends. The challenge is further exacer-
bated when monitoring extensive wind farms operating un-
der varying conditions. Clustering algorithms have been pro-
posed as one potential approach to mitigate the limitations of
trending methods.

Clustering-based anomaly detection offers several advan-
tages for wind turbine condition monitoring. By grouping
turbines based on similarities in their performance data, clus-
tering enables the identification of outliers that may indi-
cate faults. This approach provides a powerful framework for
analysing complex, high-dimensional data from wind farms.
For example, distributing the wind turbines into peer clusters
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such that the wind turbines within each of the clusters have
similar environmental conditions has been used in Lapira
et al. (2014). This clustering enabled the identification of un-
derperforming turbines within each peer group using a pre-
dictive performance model. By analysing the performance
metrics of these underperforming turbines, a critical compo-
nent was identified and the end-of-life of the component was
subsequently predicted. Additionally, ensemble approaches
that integrate clustering with advanced algorithms, such as
isolation forests applied at the farm-wide level, have demon-
strated significant potential in detecting anomalies with im-
proved precision (Beretta et al., 2021b). The high dimen-
sionality and variability of SCADA data can complicate the
clustering process, making it difficult to ensure the mean-
ingful separation of operational states. Additionally, the se-
lection of appropriate clustering algorithms and the defi-
nition of similarity measures often require domain-specific
knowledge, which may not generalize across different wind
farms. Furthermore, clustering methods can be computation-
ally intensive, particularly when applied to large-scale wind
farms with extensive data streams. The dynamic nature of
turbine operations and environmental conditions also pose
challenges, as clusters may need frequent updates to remain
accurate and relevant. To address these challenges, NBMs
have been proposed in the literature as an effective alterna-
tive.

As mentioned in the previous section, NBMs are data-
driven frameworks designed to predict the expected opera-
tional behaviour of wind turbines. When extended to include
cross-turbine information, NBMs leverage data from mul-
tiple turbines to enhance condition monitoring by enabling
comparative analysis across units with similar operating con-
ditions. For example, Marti-Puig et al. (2022) use cross-
turbine NBMs to detect failures by analysing the temporal
evolution of signals from several SCADA systems belong-
ing to geographically proximate turbines. By evaluating joint
variations in these signals, the overall behaviour of the tur-
bine assembly is assessed to identify deviations indicative of
faults. Furthermore, Barnabei et al. (2024) introduce a frame-
work that uses the meta-predictive power score to construct
a fleet-wide similarity matrix, capturing operational similar-
ities between turbines based on environmental data, opera-
tional metrics, and multivariate regression outcomes. By in-
corporating this similarity matrix into a community detection
algorithm, the framework identifies groups of turbines with
similar behaviour. This approach transforms NBMs from a
single-turbine tool into a fleet-wide monitoring solution.

Finally, transfer learning between turbines has emerged
as a promising approach. Transfer learning involves using
knowledge gained from one domain (source) to improve
learning in another domain (target). This technique enables
the application of models trained on data from certain tur-
bines to others within the same farm or across different
farms. For instance, a study by Jamil et al. (2022) intro-
duced a deep boosted transfer learning method for wind tur-
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bine gearbox fault detection. This approach prevents nega-
tive transfer by focusing on relevant information from the
source machine, updating the weights of both source and tar-
get models to enhance fault detection accuracy. Similarly,
Zgraggen et al. (2021) explored transfer learning approaches
for wind turbine fault detection using deep learning. Their
research demonstrated that models trained on data from mul-
tiple turbines could be fine-tuned with minimal data from a
target turbine, achieving performance comparable to models
trained solely on extensive target data.

3.1.5 Limitations and drawbacks of SCADA data for
condition monitoring of wind turbines

While the use of SCADA data for condition monitoring of-
fers notable economic and operational advantages, several
inherent limitations and complexities must be considered.
Wang et al. (2026) highlight the following key challenges:

1. Low sampling frequency. SCADA data are typically
recorded at low sampling rates (e.g. 10 min averages of
1 Hz data). This limits the ability to capture transient
and dynamic phenomena, which are often critical for
early fault detection.

2. Lack of standardization. The absence of a unified tax-
onomy for signal and parameter naming across SCADA
systems complicates data integration and comparative
analysis, hampering the development of generalized
monitoring frameworks.

3. Data quality issues. Communication errors, sensor mal-
functions, and environmental interference frequently re-
sult in noisy, incorrect, or missing data points. These
anomalies introduce significant challenges for robust
and reliable analysis.

4. Spatio-temporal correlations. The interdependencies
between different SCADA signals necessitate the use of
sophisticated models capable of capturing and interpret-
ing these complex relationships.

5. Dynamic environmental conditions. Wind turbines oper-
ate under continuously changing environmental condi-
tions, leading to highly dynamic SCADA data. Models
must therefore adapt to and account for these evolving
operational contexts.

6. Data heterogeneity. SCADA datasets often exhibit het-
erogeneity in time resolution, variable patterns, statisti-
cal properties, and signal scales or units. This variabil-
ity complicates the application of uniform analytical ap-
proaches.

7. Data availability. Many organizations treat SCADA
data as proprietary or confidential, restricting access and
limiting the scope of research and validation efforts.
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8. Uncertain ground truth. The ground truth for fault
events is frequently ambiguous or unreliable due to in-
consistencies in maintenance reporting and documenta-
tion, which can undermine the accuracy of fault detec-
tion and diagnostic models.

The limited sampling frequency of SCADA systems ren-
ders them less suitable for detecting sudden events, such
as many electrical faults. Additionally, SCADA-based con-
dition monitoring is less precise for identifying abnormal
behaviour in certain components, such as rotating bearings,
when compared to vibration-based data (Astolfi et al., 2014).
As highlighted by Pandit et al. (2023), condition monitoring
approaches relying on SCADA data typically focus on sec-
ondary fault effects, such as abnormal component heating or
reduced wind turbine performance.

A frequently overlooked issue in studies utilizing SCADA
data for condition monitoring is the impact of dataset
imbalance, as indicated by Oliveira-Filho et al. (2025).
These datasets are typically dominated by observations from
healthy operational states, with comparatively fewer in-
stances representing abnormal or degraded conditions. This
disparity arises from the inherently high availability of wind
turbines. The authors identify three distinct scenarios: (1) im-
balance between healthy and degraded datasets, (2) imbal-
ance among different degradation classes, and (3) imbalance
due to the scarcity of degraded data points in newly commis-
sioned wind farms. Approaches that do not account for this
imbalance may yield suboptimal results.

3.2 Signal processing for vibration-based condition
monitoring

Vibration-based condition monitoring of rotating compo-
nents in wind turbines represents an effective and non-
intrusive method for fault diagnosis. This approach enables
efficient monitoring of the turbine’s condition through ad-
vanced signal processing techniques by analysing vibration
signals generated by various rotating components, including
the gearbox, bearings, generator, and rotor blades. The ap-
plication of advanced signal processing to vibration signals
allows for the early detection of faults, offering insights into
the overall health of the machinery while allowing for precise
identification of specific components exhibiting anomalous
behaviour.

Advanced signal processing methods are the key com-
ponents of this approach, analysing signals in the time,
frequency, and time—frequency domains to identify fault-
specific vibration signatures associated with defective com-
ponents. Although advanced signal processing techniques
such as angular signal resampling, spectral analysis, and en-
velope analysis are crucial for drivetrain condition monitor-
ing, the first and key step is to properly measure the vibration
signal.
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This section focuses on advanced signal processing tech-
niques for vibration-based condition monitoring of wind tur-
bine drivetrains. It begins by outlining key aspects of data
acquisition, specifically the sampling of high-frequency vi-
bration signals from drivetrain components. Subsequently, a
generic signal processing pipeline, with examples provided
in Koukoura et al. (2020), is presented, including speed varia-
tion compensation, signal pre-processing and processing, ex-
ploitation of cyclostationarity, and indicator estimation and
trending. The section concludes with a discussion on emerg-
ing trends in signal processing for wind turbine drivetrain
condition monitoring.

3.2.1 High-frequency vibration signals

As wind turbines increase in size, the rotational speed of the
blade, and consequently the rotor, decreases, while gearboxes
often amplify the rotational speed by up to 100. Hence, spe-
cific challenges arise for vibration signal acquisition. On the
one hand, signals must be sampled over long enough du-
rations to capture an adequate number of cycles from each
component. On the other hand, the sampling rates must be
sufficiently high to capture high-frequency bursts generated
by defects on the rotating components (Randall and Antoni,
2011). For condition monitoring purposes, the typical high-
est frequency range is around 20 kHz, while the lowest range
can go below 1Hz (Randall, 2021). Meeting these condi-
tions requires the acquisition of long-duration signals at high
sampling rates, which poses challenges related to data stor-
age and the development of memory-efficient signal process-
ing techniques for the continuous monitoring of drivetrain
health.

Another challenge is identifying the optimal placement of
accelerometers to maximize the signal-to-noise ratio during
vibration sampling. Vibrations from all excitation sources
within the system contribute to the recorded signal, and plac-
ing a sensor on one part of the machine does not prevent
it from detecting vibrations originating from other compo-
nents. Furthermore, its transfer path significantly influences
the sampled signals (Randall, 2021). In a particular example,
planetary gears, a typical stage in gearboxes of non-direct-
drive wind turbines, feature revolving components that alter
the transfer path relative to the sensor’s position over time.
This variability introduces another challenge for signal pro-
cessing, isolating the target signal by suppressing interfer-
ence from extraneous vibrations.

3.2.2 Order tracking

Order tracking is a crucial pre-processing technique in
vibration-based condition monitoring, particularly for wind
turbines, where the rotational speed varies continuously.
Speed variations can cause spectral leakage without order
tracking, complicating fault detection unless statistical fea-
tures in the time domain are used. This method transforms
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a non-stationary time-domain vibration signal into a station-
ary angular domain, ensuring that spectral content remains
independent of speed fluctuations (Fyfe and Munck, 1997).
As a result, spectral peaks remain sharp and unaffected by
speed variations, and the resampled signal’s spectrum is rep-
resented in the order domain, the angular equivalent of fre-
quency. Figure 4 displays an overlaid spectrum of original
and angular resampled vibration signals to show the effect of
order tracking.

Order tracking is a fundamental step in spectral analy-
sis, enabling the accurate interpretation of vibration signals.
However, it requires knowledge of the instantaneous rota-
tional speed, typically obtained from a tachometer or esti-
mated from vibration data. While wind turbine manufactur-
ers often integrate tachometers into gearboxes, this is not al-
ways the case, particularly in direct-drive wind turbines. Var-
ious techniques for instantaneous angular speed (IAS) es-
timation from vibration signals have been proposed in the
literature. One common approach involves time—frequency
analysis to track dominant speed-synchronous peaks (Zim-
roz et al., 2011; Protopapadakis et al., 2025; Leclere et al.,
2016; Peeters et al., 2017b), while another widely used
method relies on phase demodulation of band-pass-filtered
signals (Peeters et al., 2022; Boudraa et al., 2004; Peeters
et al., 2018a). Peeters et al. (2019) provide a comprehen-
sive review of TAS estimation techniques. Although these
studies present general vibration-based IAS estimation meth-
ods, some research focuses explicitly on order tracking for
wind turbine drivetrain condition monitoring (Peeters et al.,
2017b).

For instance, He et al. (2016) introduced an instantaneous
frequency estimation method followed by order tracking to
enhance vibration spectra for wind turbine gearboxes under
non-stationary conditions. By analysing the time—frequency
representation of vibration signals, the study successfully
detected shaft misalignment in order-tracked spectra. Simi-
larly, Jiang et al. (2016) proposed two IAS estimation meth-
ods, which are the time—frequency ridge fusion and the log-
arithm scheme, where the estimated speed was used for or-
der tracking to identify a faulty bearing in a wind turbine’s
planetary gearbox. Additionally, Hong et al. (2017) devel-
oped a tacho-less diagnostic technique that applies a fast
dynamic time-warping algorithm to resample gearbox ac-
celeration signals, aligning a filtered shaft harmonic with a
reference signal based on an estimated constant rotational
speed. Validated through simulations and experimental data,
this method enhances fault detection without requiring speed
sensors, demonstrating its effectiveness in industrial applica-
tions.

Although order tracking itself is not a fault detection tech-
nique, it serves as a crucial pre-processing step and is often
followed by spectral, envelope, or time—frequency analysis
methods for effective condition monitoring.
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Figure 4. Zoomed spectra of original and angular resampled vibration signals measured from a wind turbine gearbox (reproduced from

Peeters et al., 2018b).
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Figure 5. The evolution of the sparsity indicators on the blind-filtered signals measured from the gearbox of an offshore wind turbine, using
(a) the spectral negentropy and (b) the /5 //1 norm. It demonstrates blind-filtering different bandwidths of the signal to maximize the sparsity
of the squared-envelope spectrum. The automated bandwidth selection enables fault detection via blind filters. (reproduced from Kestel et al.,

2023).

3.2.3 Signal pre-processing techniques

Following angular resampling, signal editing, or pre-
processing constitutes an essential step in the signal process-
ing pipeline for wind turbine drivetrain condition monitoring.
This stage primarily aims to enhance the signal-to-noise ra-
tio and reveal relevant information in the vibration signals.
These techniques can be combined or employed alone, de-
pending on the component’s potential failure modes and the
nature of the acquired signals.

— Cepstral editing. Cepstral analysis, in essence, repre-
sents the spectrum of the vibration spectrum. It is a
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powerful tool for examining harmonic families and their
sidebands in vibration spectra. This makes cepstral anal-
ysis a particularly valuable technique for monitoring
wind turbine gearbox vibrations characterized by nu-
merous harmonics and sidebands. The complex cep-
strum of a signal is defined as the inverse Fourier trans-
form of its logarithmic spectrum, expressed as follows:

Cr(0) = F~H(In(F(x (@), 5)
where F and F~! represent Fourier and inverse Fourier

transform. The free parameter t denotes the quefrency,
with its unit being second, of the cepstrum of the vibra-
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tion signal x(#). Two additional variations of the cep-
strum are commonly defined: the power cepstrum and
the real cepstrum. The power cepstrum is derived by
squaring the magnitude of the signal’s spectrum and
then applying the Fourier transform (Randall, 2017).
Alternatively, the average power cepstrum can be es-
timated through Welch-averaging techniques. The real
cepstrum, meanwhile, is obtained by extracting the real
part of the complex cepstrum, effectively disregarding
the phase information of the signal (Randall, 2017).

Cepstral editing is a powerful, indirect method for mon-
itoring component conditions. In this technique, vibra-
tion signals are processed in the cepstral domain (using
a method called liftering, which is similar to filtering)
to remove first-order cyclostationary components within
specific quefrency ranges, as shown in Peeters et al.
(2017a). This process, known as signal pre-whitening,
ensures that strong first-order cyclostationary compo-
nents do not hide important second-order cyclostation-
ary details, thus improving diagnostics. Another use of
cepstral methods is detailed in Randall et al. (2022),
where comb-liftering is applied to the cepstra. This re-
moves the effects of varying operating conditions from
the vibration spectra, allowing for more precise iden-
tification of gear meshing frequency amplitudes and
enabling the tracking of gear tooth fault deterioration.
Cepstral editing is also an effective tool for detecting
and suppressing harmonics from the signal spectrum,
which is essential for performing modal analysis used
to assess the fatigue life of wind turbine components
(Daems et al., 2022; Gioia et al., 2019a, b).

Signal filtering. The drivetrain of a wind turbine consists
of a large number of components. As a result, vibration
signals measured from the drivetrain are combinations
of excitations from many sources. Generally, first-order
cyclostationary vibrations, such as gear meshing, dom-
inate and can mask second-order contributions. More-
over, bearings, the most frequently failing rotating com-
ponent type in a wind turbine drivetrain (NRE, 2016),
exhibit pseudo-cyclostationary behaviour likely to be
buried in the noise floor of the vibration spectrum.

An efficient way to reveal fault-related second-order cy-
clostationary structures is by filtering the signal around
the carrier frequency of the second-order cyclostation-
ary structure. The literature provides predefined filter-
ing approaches that can reveal fault signatures without
requiring knowledge or estimation of the fault’s carrier
frequency, an example of which is shown by Antoni
(2007b). However, these approaches may not fully cap-
ture the fault carrier, particularly for cyclostationarity
with multi-band excitation. Signal-specific adaptive fil-
ter optimization algorithms have been proposed to ad-
dress this issue. These can be broadly categorized into
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two types: (1) those that exploit machine kinematic in-
formation for the optimization problem and (2) those
that operate blindly without requiring any kinematic in-
formation about the machine.

Non-blind adaptive filter optimization algorithms typ-
ically aim to enhance a statistical feature occurring
at a known characteristic fault frequency. Notable ex-
amples include maximum correlated Kurtosis decon-
volution (McDonald et al., 2012) and multipoint opti-
mal minimum entropy deconvolution adjustment (Mc-
Donald and Zhao, 2017). In addition to statistical fea-
tures, Buzzoni et al. (2018) proposed leveraging first-
and higher-order cyclostationary components, targeting
characteristic frequencies in the squared-envelope spec-
trum. These methods use prior knowledge of machine
fault frequencies to optimize filters that highlight fault-
related vibration signatures.

In contrast, blind approaches aim to extract fault infor-
mation without relying on kinematic data, making them
valuable when such information is unavailable or lim-
ited. Recent work has advanced blind optimization by
focusing on time-domain representations of vibration
signals (Li et al., 2012; Jiang et al., 2018). Further devel-
opments have improved filter performance by promot-
ing sparsity in the squared-envelope spectrum (Peeters
et al., 2020b; Wang et al., 2021a). An enhanced sparsity-
based blind-filtering method was also applied to wind
turbine gearbox vibrations, demonstrating its practical
effectiveness for condition monitoring (Kestel et al.,
2023). Given the complex nature of wind turbine driv-
etrains, which often generate first-order cyclostation-
ary signals, blind methods targeting second-order cyclo-
stationarity may be less effective. Therefore, removing
first-order cyclostationary components can significantly
improve diagnostic performance. Figure 5 shows the
use of blind filters for fault detection in a wind turbine
gearbox. By applying blind filters to different frequency
bands of the vibration signal and maximizing sparsity in
the squared-envelope spectrum, a defective bearing in
the high-speed shaft was identified. This diagnosis was
later confirmed through a boroscopic inspection.

Time synchronous averaging and decomposition. Time-
synchronous averaging (TSA) is a technique that iso-
lates periodic waveforms from noisy data, making it
particularly useful for gearbox diagnostics in wind tur-
bine drivetrains. By segregating the vibration signal of
a specific gear from unrelated noise and vibrations from
other components, TSA enhances the condition moni-
toring process (Bechhoefer and Kingsley, 2009). More-
over, it compensates for shaft speed fluctuations, pre-
venting spectral energy from overlapping with adjacent
gear mesh frequency bins. TSA application necessitates
a signal synchronized with the angular position of the
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shaft, which can be achieved by employing a tachome-
ter. Alternatively, phase information can be extracted
from gear mesh frequencies to estimate instantaneous
angular speed from the acceleration signal, as detailed
by Combet and Gelman (2007).

Sawalhi et al. (2014) utilized TSA to extract a residual
signal containing the stochastic vibration signature as-
sociated with bearing faults in wind turbine gearboxes.
Their study focused on analysing the envelope spec-
trum of residual signals from a high-speed shaft bear-
ing, and they also examined averaged signals from the
sun gear, ring gear, and planetary gears for fault detec-
tion. In a subsequent study, Bajric et al. (2016) applied
TSA to isolate the residual signal and then employed
a discrete wavelet transform to identify a gear tooth
fault in a wind turbine gearbox. Addressing some limi-
tations of conventional TSA, Ha et al. (2016) proposed
an enhanced autocorrelation-based TSA method for di-
agnosing planet gear faults in wind turbine gearboxes.
This technique utilizes an autocorrelation function that
captures the physical interactions among the ring, sun,
and planet gears to optimize TSA parameters. This im-
proves accuracy and efficiency in fault diagnosis, es-
pecially when stationary data are scarce. Furthermore,
Yoon et al. (2016) employed Welch’s spectral averaging
on segmented vibration signals, with segments defined
according to the angular positions of individual com-
ponents within a planetary gearbox. Their work demon-
strated that this method effectively isolates the vibration
signals of specific components, such as the planetary
gears, from the overall system response.

TSA algorithms are commonly employed to isolate vi-
brations from specific components, particularly plane-
tary gears. However, fault detection in planetary gears
and their bearings remains challenging due to the vary-
ing positional relationship between these components
and the accelerometers over time. Detecting early-
stage faults in planetary gears is particularly difficult,
and identifying bearing faults is even more challeng-
ing, as their vibration signatures are inherently weak
due to their pseudo-second-order cyclostationary na-
ture. D’Elia et al. (2017) proposed a method to extract
vibrations emitted by planetary gears by leveraging their
relative position with respect to the transducer. In the
absence of a tachometer, they estimated this relative po-
sition directly from the vibration signal. Bearing fault
detection was performed on these isolated signals be-
fore applying TSA, while TSA was subsequently used
to detect an artificially induced tooth fault in one of
the planetary gears. Similarly, Ha et al. (2017) demon-
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applications and introduced a toothwise fault identifica-
tion approach for planetary gearboxes.

Recent advances in signal decomposition techniques
have further improved fault detection in planetary gear-
box components (Peeters et al., 2024). While these
methods do not explicitly aim to isolate vibrations from
specific components, the decomposed signal compo-
nents potentially converge to such signal components.
One notable example of these signal decomposition
techniques is intrinsic time-scale decomposition. Feng
et al. (2016) addressed the challenges of planetary gear-
box fault diagnosis by proposing a joint amplitude and
frequency demodulation analysis method based on in-
trinsic time-scale decomposition. Simulation and ex-
perimental validation demonstrated its effectiveness in
diagnosing localized faults in sun, planet, and ring
gears. Pan et al. (2021) introduced a novel non-linear
sparse mode decomposition method to overcome the
limitations of traditional time—frequency-based decom-
position techniques, which often struggle with noise,
enhancing the adaptability and robustness of signal
decomposition. Both simulation and experimental re-
sults confirmed its efficacy in fault detection for plan-
etary gearbox fault detection. Further advances include
the variational non-linear component decomposition
method introduced by Wei et al. (2022) to enhance fault
diagnosis under variable speed conditions.

— Discrete/random separation. Another effective pre-

processing approach for extracting the vibration com-
ponent of interest involves discrete/random separation
(DRS) algorithms. Vibration signals inherently consist
of two distinct parts: a predictable part, dominated by
cyclostationary components; and a random component,
primarily attributed to noise. The ability to effectively
separate these two constituents can significantly aug-
ment the performance of downstream signal process-
ing techniques. Specifically, discrete/random separation
techniques identify and isolate the coherent structures
in the vibration signals, which represent the predictable
part, allowing for the estimation of the remaining ran-
dom component. This frequency-domain operation of-
fers a relative speed advantage when compared to its
time-domain counterparts such as self-adaptive noise-
cancelling or linear prediction (Randall et al., 2011).
The utility of discrete/random separation on signals ex-
hibiting speed fluctuation has been shown by Borgh-
esani et al. (2012). Moreover, an improved version,
multi-delay DRS was later proposed by Peeters et al.
(2020a), who also showcased its performance and im-
pact on fault detection in a wind turbine gearbox.

strated a method for isolating planetary and sun gear
vibrations for fault detection. Their study emphasized
the limitations of traditional envelope analysis in such

This section has summarized various signal editing and pre-
processing techniques that are crucial for subsequent signal
processing stages, ultimately leading to indicator estimation.
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Users must apply one or a combination of these methods
to effectively reveal fault information embedded in vibration
signals.

3.2.4 Cyclostationarity in drivetrain vibrations

After the vibration signals undergo pre-processing, the analy-
sis typically proceeds to investigate the cyclostationary prop-
erties. For condition monitoring applications, comprehend-
ing the signal signatures from healthy and faulty drivetrain
states is a vital stage of signal processing. While the vi-
bration signatures vary among drivetrain components (e.g.
blades produce different vibrations than generator bearings),
these signals are classified as cyclostationary. This classifi-
cation is named from signals’ inherent property of exhibiting
an underlying periodicity in the temporal flow of energy (An-
toni, 2009), a characteristic prevalent in rotating mechanical
systems.

Cyclostationary signals cover a wide range of statistical
features and are classified with respect to their orders. Gen-
erally, cyclostationarity up to the second order is prevalent
in vibration signals from rotating machines, and higher or-
ders are typically not of interest for condition monitoring.
However, some studies explore the potential to utilize higher
orders of cyclostationarity for condition monitoring of rotat-
ing machines (Raad et al., 2008). By definition, an nth or-
der cyclostationary signal exhibits periodicity in its nth order
moment (Antoni et al., 2004). The first-order cyclostation-
arity represents the simplest form, where the first moment
is periodic. In other words, purely first-order cyclostation-
ary signals have a constant periodic mean. First-order cyclo-
stationary signals can arise from gear meshing, shaft imbal-
ances, or misalignments, and they typically produce promi-
nent peaks in vibration spectra (Antoni et al., 2004). As ex-
pected, second-order cyclostationary signals have a second
moment that remains constant over periods, or their auto-
correlation function is periodic (Antoni et al., 2004). Ex-
amples of drivetrain components that emit second-order cy-
clostationary signals include bearings and blades with high
aeroacoustic noise. The term pseudo-cyclostationarity, intro-
duced by Antoni and Randall (2002), describes a specific
type of cyclostationarity generated by roller element bear-
ings. This term refers to motions where the cyclic behaviour
is not strictly periodic, but the bursts forming cyclostation-
ary signals slightly deviate from the expected repetition fre-
quency.

Since the dominant vibration emitted by rotating drivetrain
components exhibits cyclostationary characteristics, signal
processing techniques designed to handle cyclostationarity
are widely used in drivetrain condition monitoring, such as
envelope analysis.

The envelope analysis begins with high-pass or band-
pass filtering to isolate the high-frequency components
where fault-induced modulations occur, hence removing
low-frequency machine vibrations and background noise.
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The filtered signal is then demodulated to obtain its enve-
lope, which contains information on faults near their the-
oretical frequencies (Antoni, 2009). Focusing on amplitude
modulations rather than raw vibration data provides a more
explicit spectrum, reducing noise interference and improving
diagnostic accuracy. However, determining the optimal band-
pass or high-pass filter settings remains a challenge. The lit-
erature discusses predefined and adaptive filtering techniques
and correlation maps, which provide carrier frequency infor-
mation (Randall et al., 2001). Despite its widespread use, en-
velope analysis requires extensive pre-processing to reveal
fault signatures effectively.

Second-order cyclostationary signals exhibit periodic
second-order statistics characterized by periodic autocorrela-
tion functions. A typical example is the vibration signal from
a rolling element bearing fault, such as a crack in a raceway,
which generates impulses convolved with the structure’s res-
onance frequency. The envelope spectrum is traditionally ob-
tained via the Fourier transform of the envelope, estimated
from the analytic signal. Alternatively, spectral correlation
provides a method to compute the envelope spectrum (Ran-
dall et al., 2001), referred to as the enhanced envelope spec-
trum.

Randall et al. (2001) investigated spectral correlation den-
sity maps for diagnosing bearing faults using experimental
vibration signals. Their findings suggest that 2D spectral cor-
relation density maps reveal bearing fault frequencies in the
discrete cyclic frequency domain. Additionally, the study in-
troduced the enhanced envelope spectrum derived by inte-
grating spectral correlation density maps over the continuous
carrier frequency domain. The authors also demonstrated that
spectral correlation density maps assist in determining opti-
mal band-pass filter frequencies to highlight modulations in
vibration signals from complex machinery.

Several spectral correlation estimation methods have been
extensively studied and compared by Antoni (2007a). While
cyclic spectral analysis provides deeper insights into vibra-
tion signals, it is not significantly more complex than conven-
tional spectral analysis. However, a significant drawback is
estimating the discrete modulation frequency « up to an un-
known upper limit, which is computationally intensive (Ran-
dall et al., 2001; Borghesani and Antoni, 2018). To mitigate
this, a fast algorithm employing the short-time Fourier trans-
form has been proposed for spectral correlation or coherence
map estimation (Antoni et al., 2017).

3.2.5 Indicator estimation

Following the previous signal processing operations, a range
of health indicators is extracted from vibration data as the
next step. These include statistical features in the time do-
main and spectral features in the frequency domain, which
are commonly employed to monitor specific kinematic ele-
ments of rotating machinery. However, as highlighted in re-
cent research (Antoni and Borghesani, 2019), no single indi-
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cator can effectively detect all types of fault in such systems.
As a result, multiple indicators are computed to improve the
coverage of fault detection. To capture signal characteristics
across various frequency bands, filtering techniques are ap-
plied, enabling the estimation of statistical parameters from
both the deterministic and stochastic components of the sig-
nal. Spectral features are derived from both the signal and
envelope spectra.

In this context, Antoni and Borghesani (2019) and An-
toni et al. (2024) introduced a statistical approach to sys-
tematically construct indicators that target specific charac-
teristics in the time and frequency domains. Additionally, a
framework for designing new statistical indicators aimed at
early fault detection has been proposed (Antoni et al., 2024).
This work also reviews commonly used indicators in condi-
tion monitoring and links conventional health indicators to
actual component degradation mechanisms. Apart from the
statistical indicators, fault detection also leverages indicators
derived from spectra or cepstra. For instance, several cep-
stral indicators have proven effective in detecting gear tooth
faults (E1 Badaoui et al., 2001, 2004). While the evolution of
harmonic families can be traced in signal or envelope spec-
tra, monitoring their transformation into the cepstral domain
offers a more straightforward approach (Siegel et al., 2014).

Given the complex structure of modern wind turbines,
which contain numerous rotating elements, a wide range of
characteristic frequencies must be monitored. These health
indicators are further organized according to different oper-
ational and environmental contexts to enable more accurate
trend analysis, as their behaviour is influenced by such condi-
tions. Consequently, each vibration measurement generates a
large volume of indicators, making manual expert evaluation
highly resource intensive (Helsen et al., 2017a). This issue
is compounded by the continuous generation of such indi-
cators across all turbines in a fleet, significantly increasing
the complexity of condition monitoring tasks (Helsen et al.,
2017a). To address this challenge, a practical approach in-
volves integrating health indicators with contextual data to
form composite high-level features that better represent the
turbine’s condition (Jamil et al., 2025).

3.2.6 Emerging signal processing techniques

Advancements in technology have enabled innovative data
acquisition and signal processing methods for condition
monitoring. One emerging approach involves analysing vi-
bration signals derived from video recordings. Initially, video
frames were utilized for performing modal analysis (Wang
et al., 2022d). With improvements in camera sampling rates
and the availability of larger storage capacities, it is now fea-
sible to capture high-frequency data, even using smartphone
cameras (Natili et al., 2020; André et al., 2021). These ad-
vancements have allowed applications such as instantaneous
rotational speed estimation from video-based vibration data.
Moreover, recent studies have demonstrated the feasibility of

https://doi.org/10.5194/wes-11-2103-2026

2123

diagnosing faults in rotating machinery directly from high-
speed video frames (Leclere et al., 2025).

3.3 Acoustic emission methods

Monitoring structure-borne sound, also known as acoustic
emission (AE), is a non-invasive method for monitoring the
dynamic reactions of a material under load or environmen-
tal influence. The method is characterized by its sensitivity
to defect growth and changes within the material during ma-
terial degradation. Therefore, it is suitable for the detection
of damage precursors and damage at a microscopic stage.
Real-time monitoring makes it possible to analyse the growth
of inhomogeneities, for example, in the form of degradation
processes under load. The frequency range of the AE signal
varies depending on the application and is 20 kHz—2 MHz
(Deutsches Institut fiir Normung e.V., 2011). The practical
implementation of real-time capability in the condition mon-
itoring system places high demands on the signal processing
hardware and data processing software due to the large vol-
umes of data and the complexity of the AE signals.

3.3.1  Physical principle

According to DIN EN 13554, the physical phenomenon of
structure-borne sound is characterized by “transient elastic
waves within a material” (Deutsches Institut fiir Normung
e.V,, 2011). The loading of material by external forces or
environmental conditions generates structure-borne sound,
for example, caused by “local plastic deformation, crack
growth and friction” (Deutsches Institut fiir Normung e.V.,
2011). The resulting elastic waves propagate in the material
or neighbouring fluids. In the following, the elastic waves are
called structure-borne sound waves. Structure-borne sound
waves contain information about the processes, such as wear
processes, within the material. The molecular lattice theory
can explain the generation of structure-borne sound through
friction, as shown in Fig. 6 (Deutsches Institut fiir Normung
e.V., 2011; Mokhtari, 2020).

For the explanation, a frictional process between the base
and counter body (P1), in the form of a shaft and journal
bearing, is considered as an example. The friction process
causes a material molecule to change from stable to unsta-
ble (P2). The energy is added up during friction until a limit
value (P3) is exceeded. The molecule is then transferred to
the stable initial state (P4). During the transition from the
unstable state (P3) to the stable state (P4), part of the stored
energy is released as a structure-borne sound wave from the
inside of the material to the surface (P5) (Mokhtari, 2020).

In addition to detecting friction states, according to Hase
(2020), inevitable friction and wear phenomena can be de-
tected depending on the frequency range, as shown in Fig. 7.
In the diagram, the amplitude is qualitatively assigned to var-
ious causes. A quantitative statement is impossible due to
many factors influencing the AE signal, such as the measure-
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Figure 6. Schematic representation of the generation of acoustic emission through friction (Mokhtari, 2020).
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Figure 7. Correlation between AE signals and signs of friction and wear as a function of signal amplitude and frequency (Hase, 2020).

ment system and conditions. Characterizing individual phe-
nomena based on a frequency range mainly depends on the
test conditions. Research focusing on the early detection of
fatigue damage using the AE technique has shown that fa-
tigue damage in the rolling element bearing raceway surface
can be detected from AE signal components in the frequency
range of approximately 0.15 to 0.4 MHz (Hase, 2020). Ac-
cordingly, peaks observed in this frequency region are con-
sidered to be associated with the occurrence of flaking. How-
ever, interpreting AE signals solely based on their frequency
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range remains challenging. Numerous damage mechanisms
may overlap in the same frequency band, making it difficult
to distinguish between them clearly. Moreover, amplitude-
based indicators are often unsuitable, as the signal transmis-
sion path, sensor characteristics, and the measurement setup
significantly influence them.
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Figure 8. Signal characteristics of AE signals.

3.3.2 Signal characteristics

In the 1950s and throughout the 20th century, research in the
field of monitoring systems was characterized by the fact that
the performance of these systems was severely limited. For
example, continuous recording of AE signals over a long pe-
riod required disproportionate effort. For this reason, the AE
signals were reduced to a few parameters for storage. At the
beginning of AE technology, the recording was carried out
using analogue methods so that only easily measurable pa-
rameters could be recorded, and the approach of reducing a
signal to characteristic parameters is known as the parame-
terized approach (Auerswald, 2016). The characteristic pa-
rameters of a transient signal are shown in Fig. 8 using the
terms commonly used in the literature.

A hit corresponds to the detection of an AE event and is
characterized by the occurrence and decay of a structure-
borne sound wave. The number of hits per time unit is suit-
able for evaluating the machine status. A hit begins when a
predefined limit value is exceeded for the first time and ends
when the limit value is exceeded for the last time. Counts de-
fine the number of times the limit value is exceeded during a
hit. The amplitude describes the maximum signal level that
occurs, which depends on various factors such as the sensor,
the coupling between the sensor and the measurement ob-
ject, and the distance of the sensor to the signal source. The
period of a hit is referred to as the duration. The rise time cor-
responds to the period between the first time the limit value
is exceeded and the maximum signal amplitude (Auerswald,
2016).

Other parameters, such as the energy content of a hit, are
not displayed. The parameterized evaluation includes a large
number of statistical parameters that can be extracted from a
signal. These include the root mean square (rms) value, the
standard deviation, and the kurtosis value (Vraetz, 2018).

Compared with traditional vibration analyses, AE technol-
ogy can obtain valuable information about the condition of a
measurement object in the preliminary and early stages of
damage. However, the evaluation of the data poses a partic-
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ular challenge. AE signals frequently have a low amplitude
(in the microvolt to millivolt range) and are overlaid by am-
bient noise, necessitating specialized methods for separating
relevant events from noise in the AE signal. The following
subsections present time-domain analysis, frequency-domain
analysis, and time—frequency-domain analysis.

3.3.3 Data analysis: time domain

The evaluation of measurement signals in the time domain is
typically predicated on two fundamental principles: the sig-
nal progression over time and the analysis of distinctive char-
acteristics. A general distinction between dynamic time sig-
nal analysis and time trend analysis can be made. Dynamic
time signal analysis is particularly well suited to the assess-
ment of short-term behaviour, for example, in the form of
burst events. An integral component of this analysis is sta-
tistical feature extraction, in which a range of parameters is
calculated to characterize the signal. These include the mean
value and the variance, which provide fundamental informa-
tion about the signal level and its dispersion. The rms value
is another key parameter, as it allows for information about
the energy of the signal and correlates with the mechanical
load on the bearing. The crest factor is also essential, as it
describes the relationship between the peak value and the
rms value, and high crest factors indicate impulse-like dis-
turbances that can be caused by developing damage. Further-
more, kurtosis can be utilized to identify non-stationary surge
signals, as it exhibits sensitivity to outliers in the signal. The
time trend analysis is employed to assess the long-term be-
haviour of the signal curve, for example, with the help of
the envelope curve analysis, which is particularly useful for
identifying repetitive pulse patterns (Mokhtari, 2020; Klein,
2008).

3.3.4 Data analysis: frequency domain

The transformation of a time domain signal into the fre-
quency domain enables the detection of recurring structures
and modulation patterns, which can be utilized to diagnose
journal and rolling element bearing damage. The fast Fourier
transformation (FFT) is the most prevalent method for de-
composing an AE signal into its frequency components. The
subsequent frequency analysis of the signal facilitates the
classification of its frequency components and, by exten-
sion, their attribution to either critical operating conditions
or specific damage (Hoffmann and Wolff, 2014; Kolerus and
Becker, 2022).

In rolling element bearings, only a fraction of the race is
in contact with a rolling element (and therefore under load)
at any given time. At a specific point on the race, the load is
oscillating at a frequency dependent on the shaft’s rotational
frequency. Since initialization and growth of faults occur un-
der load, monitoring the over-rolling frequencies allows for

Wind Energ. Sci., 11, 2103-2155, 2026




2126

the detection of damages with AE. For rolling element bear-
ings, the over-rolling frequencies are listed as follows:

1. BPFO: ball pass frequency outer race

BPFO = ”Bzf’ <1—Z—Zcos¢>. 6)

2. BPFI: ball pass frequency inner race

. d
BPFI = ”Bzf (1 + d—Bcos¢). @)

3. Cage speed or FTF: fundamental train frequency

_Ir(y_ 48
FTF = 5 (1 y cosqS). (®)

m

4. BSF: ball spin frequency

dy dp g

where np is the number of rolling elements, f, is the shaft
speed, dp is the diameter of a rolling element, d,, is the pitch
diameter, and ¢ is the angle of the load from the radial plane
(Randall and Antoni, 2011). These equations are derived as-
suming a stationary outer ring, which represents the most
common bearing configuration. However, in scenarios where
both the inner and outer rings rotate, such as bearings sup-
porting planet gears in planetary gearboxes, these equations
require appropriate modification (Howard, 1994).

These characteristic frequencies, which depend on the
shaft speed, are typically lower than 20kHz. An increased
amplitude at one of these frequencies hints at a fault, and
when that frequency corresponds to a specific machine ele-
ment, the fault can be precisely localized. While these char-
acteristic frequencies often do not appear in the raw AE sig-
nal, the envelope of the signal (e.g. magnitude of the analytic
signal) contains them, enabling AE-based fault detection us-
ing established frequency-analysis methods like order analy-
sis (Elasha et al., 2017; Bechhoefer et al., 2013).

In contradistinction to rolling element bearings, the mani-
festation of damage in journal bearings is less evident in peri-
odic shock pulses than in rolling element bearings. The man-
ifestation of damage is evident in alterations to tribological
behaviour and the lubricating film.

Time—frequency methods can be used as an alternative to
conventional spectral analysis to improve the diagnosis of
non-stationary signal characteristics. These methods are par-
ticularly suited for capturing dynamic changes in frequency
components due to varying lubrication conditions (Konig
et al,, 2021a, b). This is because the frequency compo-
nents are often not constant and the lubrication condition can
change dynamically.
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3.3.5 Data analysis: time—frequency domain

Bearing damage often generates non-stationary signals,
which is why a pure frequency analysis is usually insufficient
to capture all the dynamics of the signal. Time—frequency
analysis combines both domains and enables a detailed in-
vestigation of signal changes over time. One possibility is
to use the short-time Fourier transform (STFT). With the
STFT, the signal is divided into time windows to create a
local frequency analysis. One disadvantage of the STFT is
the constant window size, which requires a compromise be-
tween frequency and time resolution. A longer time window
leads to better frequency resolution with poorer time resolu-
tion. In contrast, a shorter time window leads to better time
resolution and poorer frequency resolution. Wavelet analysis
uses an alternative segmentation technique and allows vari-
able window sizes. In wavelet analysis, longer time inter-
vals are used to analyse low-frequency information, while
shorter time intervals are used for high-frequency details.
This allows the signal’s low-frequency and high-frequency
parts to be examined at different times and frequency resolu-
tions (Kolerus and Becker, 2022; Puente Le6n, 2013).

Journal bearings generate highly non-stationary AE sig-
nals as they have been studied on component test rigs that
try to mimic critical conditions of planetary gearbox journal
bearings. The non-stationary AE signals originate from tran-
sient wear events such as two-body abrasion, adhesion, or
three-body abrasion caused by particle contamination. Time—
frequency methods such as the continuous wavelet transform
(CWT) are particularly well suited to capture these events
adequately. Unlike traditional methods that rely on statisti-
cal descriptors or STFT, the CWT maintains high resolution
in both time and frequency domains and enables the local-
ization of specific frequency components over time. This is
particularly advantageous for detecting the onset and evolu-
tion of wear modes in journal bearings.

Recent studies have demonstrated that AE signals from
running in, oil starvation, and particle-contaminated lubri-
cation exhibit distinct 40-700kHz time—frequency signa-
tures. Figure 9 shows CWT of AE signals recorded un-
der four different operating conditions of a journal bear-
ing, namely hydrodynamic operation, running in, oil star-
vation, and particle-contaminated lubrication (Konig et al.,
2021a, b).

While each condition yields characteristic signal patterns
in the 40-700kHz range, the overall morphology of the
CWT spectrograms shows significant overlap between cer-
tain operating states, particularly between running in and oil
starvation. As a result, a reliable manual classification of
these time—frequency representations is nearly impossible.
Human observers cannot consistently distinguish subtle yet
relevant spectral differences across large datasets. Therefore,
ML models are required — specifically, deep convolutional
neural networks — trained on labelled CWT spectrograms.
These models have been shown to effectively learn discrim-
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Figure 9. CWT of the AE signals for different operating states:
(a) hydrodynamic operation, (b) running in, (c¢) oil starvation,
(d) particle contamination (Ko6nig et al., 2021a, b).

inative features and achieve classification accuracies above
80 % (Konig et al., 2021a, b).

The previous sections show that AE is a highly sensitive
method for detecting early damage mechanisms in bearings.
AE is particularly suitable for monitoring non-stationary and
transient processes such as abrasion. Manual data evaluation
of the AE signals by human observers is hardly practicable,
as the spectral patterns of different operating states some-
times overlap considerably. Integrating ML methods, such
as CNNs, opens new perspectives for the automated classi-
fication of AE signals in the form of time—frequency infor-
mation. Existing challenges must be solved before AE tech-
nology can be used in field applications. Real-time process-
ing requires powerful signal processing hardware and robust
software solutions to process large amounts of data reliably.
At the same time, the analysis algorithms must be robust
against interference signals, varying environmental condi-
tions and structural differences in the systems to avoid mis-
classifications.

4 Monitoring strategies focused on remaining
useful life

Components typically undergo measurable changes at the
early stages of deterioration. The interval between this ini-
tial stage and the occurrence of the fault is commonly re-
ferred to as the RUL (Aydemir and Acar, 2020; Si et al.,
2011). Predicting the RUL of equipment is a core tech-
nology for implementing effective maintenance strategies
(Zhang et al., 2023b). In wind energy applications, which
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rely heavily on automation and complex machinery, accu-
rate RUL estimation is critical (Compare et al., 2020). It en-
ables condition-based and predictive maintenance strategies,
transforming asset management and operational risk mitiga-
tion. Unplanned downtime poses a major challenge across in-
dustries, often leading to substantial financial losses (Zhang
et al., 2023b). By leveraging RUL predictions, industries can
schedule maintenance proactively, ensuring that machinery
is serviced or replaced before failure occurs. Researchers
have proposed various classifications for RUL approaches.
Jardine et al. (2006) categorized RUL approaches into sta-
tistical, model-based, and Al approaches. Heng et al. (2009)
grouped them into physics-based, data-driven, and integrated
approaches. Javed et al. (2017) classified them into statisti-
cal model-based approaches, Al approaches, physics model-
based approaches, and hybrid approaches. The famous and
more commonly used classifications were approached by
Lee et al. (2014), who classified them into three categories:
physics-model-based, data-driven and hybrid approaches, as
shown in Fig. 10. Data-driven prediction approaches can be
further divided into two groups: statistical analysis and Al
approaches.

4.1 Physics-model-based approaches

Physics-based modelling approaches rely on the physical
laws that govern faults and failure mechanisms, which
can differ depending on the specific mechanism involved
(Patrick-Aldaco, 2007). The physical failure model of equip-
ment primarily predicts the RUL by analysing mainly cracks
and wear in critical components (Zhang et al., 2023b; Thiru-
murugan and Gnanasekar, 2020). The accuracy of these pre-
dictions is significantly influenced by the actual load con-
ditions on the components, specialized knowledge of fail-
ure mechanisms and a series of necessary assumptions re-
garding mechanical components. Consequently, a mathemat-
ical model is established to accurately represent the phys-
ical laws underlying their performance degradation (Zhang
et al., 2023b). In the case of cracks, the prediction models
are empirical and primarily based on experimental results
related to crack growth, such as the Paris formula and the
Forman formula. The Paris formula is a widely used model
for predicting crack growth, linking the crack growth rate to
the stress intensity factor (Leser et al., 2020). It underpins
fatigue growth theory and is highly applicable in compo-
nents like gears and bearings. Leser et al. (2020) developed
a crack growth model based on the Paris formula for non-
deterministic fatigue life predictions, along with a method to
reduce prediction uncertainty.

For wear, empirical models such as Archard’s (Archard,
1953) and Fleischer’s (Fleischer et al., 1980) focus on mate-
rial loss rates due to friction and contact stresses, enabling
predictions of wear under varying load conditions. These
models are often coupled with degradation statistical models
to estimate wear life. Konig introduced a method that com-
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Figure 10. Classification of RUL approaches (Zhang et al., 2023b).

bines the Fleischer model with a linear degradation model to
determine wear life or journal bearings (Konig et al., 2024;
Gebraeel et al., 2009).

Physics-based approaches depend on knowledge of degra-
dation processes and fault mechanisms in mechanical com-
ponents, without relying on extensive historical data. These
models often incorporate inputs such as material properties,
mechanical principles and load monitoring, which provides
direct insight into operational stresses that contribute to fail-
ure. Developing these models requires specialized knowl-
edge of material failure mechanisms and system behaviour,
which may not always be available (Zhang et al., 2023b).
As aresult, accurately modelling complex mechanical equip-
ment can be impractical, limiting its engineering applica-
tions.

4.2 Data-driven approaches

Data-driven approaches rely on the mapping process of col-
lected equipment status information, without requiring spe-
cific physical models of fault evolution or degradation pro-
cesses. This process, often referred to as pattern recognition,
is used to diagnose machine faults. This involves translat-
ing information from the measurement space and/or features
from the feature space into specific machine faults within the
fault space. These data-driven approaches can be categorized
into two main branches: statistical analysis methods and Al
techniques (Jardine et al., 2006; Zhang et al., 2023b).

4.2.1 Statistical-model-based

Statistical-model-based approaches aim to determine the
presence of a specific fault using available condition moni-
toring information (Jardine et al., 2006). These methods uti-
lize specific models or distributions, along with their param-
eters, to formulate hypotheses regarding fault presence. Sub-
sequently, test statistics are developed to summarize condi-
tion monitoring data, facilitating a decision on whether to
accept or reject fault prediction (Jardine et al., 2006). Statis-
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tical model-based approaches include various methods that
aim to estimate the RUL of equipment or components. Ac-
cording to Zhang et al. (2023b), these approaches consist
of three models: stochastic filter models, stochastic process
models, and similarity-based models. Stochastic filter mod-
els, such as the Kalman filter and particle filter, combine
noisy measurements with probabilistic models to refine state
estimates in real time, addressing uncertainties in both the
system and measurement noise (Singleton et al., 2015; Cui
et al., 2019). Variants like the extended Kalman filter and the
unscented Kalman filter tackle non-linear challenges, while
advances such as the unscented particle filter enhance accu-
racy (Liu et al., 2022; Zhang et al., 2023b). Stochastic pro-
cess models describe equipment degradation using stochastic
processes to estimate RUL by identifying when degradation
first reaches a failure threshold. Unlike time-series models,
they provide probability distributions for RUL predictions,
capturing uncertainty in the forecasts (Zhang et al., 2023b).
Examples include Wiener process models (Li et al., 2019b;
Wang et al., 2018; Li et al., 2020d), gamma process models
(Ling et al., 2019), inverse Gaussian models (Jin et al., 2020),
and Markov models (Gu et al., 2020; Zhang et al., 2023b;
Ghosh et al., 2019). Similarity-based models estimate RUL
by comparing degradation trajectories of a target system with
reference systems using historical failure data. This method
constructs health indicators and performs similarity match-
ing, proving effective when detailed degradation mechanisms
are not available (Lyu et al., 2020; Cannarile et al., 2019;
Zhang et al., 2023b).

4.2.2 Al approaches

Traditional statistical analysis methods, which rely on sig-
nal processing technology and specific expert knowledge,
struggle to address the complexities of mechanical systems
(Deutsch and He, 2018). In contrast, Al approaches are tak-
ing a leading role by offering innovative solutions for the ef-
fective RUL prediction of mechanical equipment (Jia et al.,
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2016). Unlike traditional physical or statistical models, Al
methods eliminate the necessity for precise modelling while
effectively managing the complexities associated with degra-
dation prediction in dynamic systems. Zhang et al. (2023b)
categorize Al approaches into two methods: shallow learn-
ing and deep learning. Shallow learning algorithms, such as
ANNs, SVMs, and relevance vector machines, have demon-
strated reliable performance in RUL prediction tasks. For
instance, one of the earliest studies to utilize an Al ap-
proach was conducted by Gebraeel et al. (2009), who de-
veloped an RUL prediction model for thrust ball bearings
(inner diameter = 3.96 mm) using ANNs based on vibration-
based signals. While these algorithms are particularly ef-
fective for smaller datasets and specific applications, they
may face challenges such as difficulties with parameter tun-
ing. Shallow learning focuses on feature extraction and mak-
ing predictions from data without requiring deep hierarchi-
cal structures, which makes these algorithms faster and eas-
ier to train compared to deep learning models (Zhang et al.,
2023b). Deep learning algorithms, including CNNs and re-
current neural networks (RNNs), along with their variants
such as LSTM, excel in capturing high-dimensional fea-
tures and temporal correlations within large datasets (Zhang
et al., 2023b). These methods provide improved predictive
accuracy and adaptability for complex mechanical systems.
For example, Li et al. (2020b) utilized CNNs to establish a
direct relationship between condition monitoring data col-
lected from approximately 21 sensors, such as total tempera-
ture and pressure at the fan inlet, and RUL for aero-engines.

4.3 Hybrid approaches

Hybrid prognostic approaches integrate multiple methodolo-
gies, including data-driven and physics-based techniques, to
predict the RUL of mechanical systems. These approaches
aim to leverage the strengths of various methods while miti-
gating their individual limitations, hence leading to more ac-
curate and reliable predictions (Zhang et al., 2023b). Such
hybrid methods have demonstrated excellent results in pre-
dicting wear degradation and fatigue life.

For instance, Shutin et al. (2023) applied Archard’s law
and the Reynolds equation to develop a physical model for
bearings that considers both load and thermal factors. Simi-
larly, Feng et al. (2019) introduced a digital twin application
based on a hybrid approach for detecting wear degradation in
spur gears. Their method integrated vibration-based signals
with a dynamic model developed to simulate gear vibrations,
incorporating the Archard wear model. By iteratively updat-
ing the dynamic model to account for wear-induced changes
and comparing simulated vibrations with measured data, this
approach facilitates accurate estimation of the remaining use-
ful life. Their other works further highlighted the effective-
ness of digital twins based on hybrid approaches, demon-
strating their potential to enhance the accuracy and reliability
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of predictive maintenance and monitoring processes (Feng
et al., 2021, 2022).

4.4 Challenges in the industrial adoption of RUL
estimation

Despite the extensive development of physics-based, data-
driven and hybrid approaches, the widespread adoption of
RUL estimation and prognostic methods in industrial settings
remains limited. Transitioning these technologies from aca-
demic research to operational wind farms presents several
significant practical challenges that must be addressed.

Uncertainty quantification remains a major challenge.
Wind turbine drivetrains are inherently noisy and subject
to fluctuating operational and environmental conditions.
Furthermore, as mechanical designs become increasingly
complex, modelling their degradation becomes substantially
more difficult (Zhang et al., 2023b). Consequently, RUL pre-
dictions are subject to various sources of uncertainty, orig-
inating from sensor noise, incomplete degradation models,
and unpredictable future loads. For operators to trust these
prognostic models, it is essential to provide reliable confi-
dence intervals. However, developing robust mathematical
frameworks to accurately quantify and bound this uncertainty
in real time is highly complex. The validation of RUL models
presents a fundamental difficulty (Zhang et al., 2023b). Al-
lowing wind turbine drivetrains to run to failure incurs sub-
stantial costs and is operationally impractical. As a result,
historical run-to-failure data are notoriously scarce. Models
are frequently trained and validated using accelerated life
testing in controlled laboratory environments or through sim-
ulated data. These controlled scenarios often fail to capture
the complex, noisy degradation pathways observed in the
field, making operators sceptical of the model’s reliability
when deployed in actual operational conditions. Integrating
RUL predictions with actual maintenance decision-making
may not be straightforward. Even if a model provides an ac-
curate RUL estimate, translating this information into a con-
crete maintenance action requires overcoming organizational
and logistical barriers. These practical challenges must be
systematically resolved before RUL models can be widely
applied to operational wind farms.

5 Component-specific monitoring strategies

Wind turbines operate under fluctuating environmental con-
ditions, experiencing variable loads that lead to gradual wear
and potential failure of drivetrain components. The drivetrain
includes key elements such as the main bearing, gearbox,
generator, and blades, which require continuous monitoring
to prevent unexpected breakdowns. Component-based condi-
tion monitoring focuses on the health of individual drivetrain
components. Analysing each component’s condition enables
more effective and efficient maintenance solutions. The pri-
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mary challenge is selecting the proper monitoring techniques
and data granularity for accurate fault detection.

Each drivetrain component in a wind turbine requires a
specific combination of condition monitoring techniques to
ensure early fault detection. Vibration analysis, oil debris
monitoring, electrical signature analysis, and infrared ther-
mography are among the most effective methods. For the
best predictive maintenance strategy, a combination of multi-
sensor data fusion, Al-based anomaly detection, and SCADA
trend analysis can be implemented to maximize turbine reli-
ability and efficiency.

5.1 Data granularity across drivetrain components:
requirements and challenges

Multi-sensor data fusion offers powerful capabilities for con-
dition monitoring. However, it also introduces a significant
challenge. It requires ensuring the appropriate data granular-
ity for each distinct machine component.

As established in Sect. 3.1.5, the standard 10 min SCADA
resolution enables broad operational trend analysis but re-
mains inadequate for resolving incipient fault signatures.
Consequently, high-frequency SCADA acquisition (1 Hz) is
increasingly necessary, despite the resulting increase in data
volume.

Vibration and acoustic emission sensors operate at sig-
nificantly higher sampling rates than SCADA systems. For
large-scale turbines, the data acquisition system must man-
age the multi-scale requirement discussed in Sect. 3.2.1:
balancing extended durations for slow rotor cycles with
kilohertz-range frequencies for transient gearbox faults.

Another critical aspect of data granularity is the determina-
tion of optimal sampling periodicity. While continuous mon-
itoring may be ideal for condition assessment, it is often im-
practical due to storage and computational constraints. De-
pending on the measurement type, sampling frequencies can
range from high-frequency SCADA data recorded every sec-
ond to vibration or acoustic measurements taken only a few
times daily. However, no standardized framework exists for
determining the optimal sampling periodicity. An efficient
approach is to measure intervals frequently enough to cap-
ture the full range of operating conditions experienced by the
wind turbine drivetrain.

The granularity challenge extends beyond simple sam-
pling rates to include the physical nature of the data itself.
Oil debris monitoring, for instance, focuses on the cumula-
tive trending of particle counts rather than continuous wave-
forms. In this case, “granularity” is defined by the sensor’s
ability to detect specific particle size bins, typically rang-
ing from 30 to 300 um, to correlate wear debris with the
health of internal bearings and gears. Effectively synchroniz-
ing these discrete particle events with high-frequency vibra-
tion streams remains a difficult data fusion task.

Electrical-signal-based monitoring, such as current signa-
ture analysis, presents a different bottleneck. While current
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and power signals are often already captured by turbine con-
trol and protection systems, extracting the harmonic infor-
mation necessary for detecting rotor or stator faults requires
high-speed acquisition. This adds a third parallel stream of
high-volume data that must be processed alongside mechani-
cal signals to provide a complete picture of generator health.
Finally, imaging and visual techniques, such as thermogra-
phy or drone-based X-ray scanning, introduce a unique di-
mension of spatial granularity. These methods offer unrivaled
detail for identifying surface erosion or internal blade delam-
ination. However, they currently suffer from low temporal
granularity, as they are largely restricted to periodic, station-
ary inspections rather than continuous operation. Transition-
ing these into real-time monitoring streams remains a sig-
nificant frontier, requiring a substantial increase in computa-
tional power to handle high-resolution spatial datasets along-
side traditional time-series data.

Several challenges remain in the integration of multi-
granularity data for effective condition monitoring. High-
frequency vibration and acoustic emission data necessitate
advanced computational approaches, such as edge comput-
ing or cloud-based analytics, to process and store informa-
tion efficiently (Verstraeten et al., 2019). While higher data
granularity enhances diagnostic capabilities, it also increases
hardware, storage, and maintenance costs, requiring careful
cost-benefit analyses.

5.2 Main bearings

The main bearing in a wind turbine allows for free rota-
tion of the main shaft, transmitting power-producing torque
to the gearbox/generator while transferring potentially harm-
ful non-rotational loads to the bedplate or frame. Currently,
all commercially available main bearings for wind turbines
are of the rolling element type. Recently identified as a pri-
mary driver of O&M cost increases, main bearing reliabil-
ity has become a critical cost factor for wind energy (EPRI,
2024). The high costs associated with main bearing failures
arise from both frequent breakdowns and expensive replace-
ments. Prior high-volume field data studies showed that main
bearing Lo field lives' are around 10.5 years (Hart et al.,
2023; EPRI, 2024) for turbines rated at 6 MW or slightly
higher. This is close to half the minimum design rating life
of 20 years. There is also evidence that larger turbines are
experiencing failures earlier (EPRI, 2024). A variety of fail-
ure modes have been documented, including damage result-
ing from surface and subsurface initiation, stray currents, lu-
brication failures, overloading, and improper bearing assem-
bly/fit (Hart et al., 2023; EPRI, 2024). The principal drivers
of premature main bearing failures remain unclear, likely
as a result of the challenges presented by (1) complex and
highly non-steady operational conditions which make dam-
age modes and expected lifetimes difficult to model or pre-

IThe time at which 10 % of the bearing population has failed.
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dict (Hart et al., 2022; Kenworthy et al., 2024); (2) main bear-
ing and shaft diameters moving beyond the envelope of prior
experience, likely resulting in larger-magnitude bearing de-
formations, among other possible effects (Nejad et al., 2022);
and (3) uncertainty concerning the criticality of main bear-
ing system design versus maintenance and servicing prac-
tices when seeking to extend main bearing lifetimes. Con-
dition monitoring and RUL estimation help to mitigate the
cost impacts of main bearing failures, providing operators
with advanced warning of potential issues and supporting ef-
fective scheduling of routine maintenance and investigative,
preventative, and/or replacement activities.

5.2.1 Main bearing condition monitoring

Effective condition monitoring of main bearings is widely
recognized as a crucial strategy to ensure reliable and min-
imally interrupted operation. The main bearing experiences
high-magnitude fluctuating loads, slow rotational speeds, and
harsh environmental conditions, increasing its susceptibility
to wear, spalling, and lubrication-related degradation (Hart
et al., 2020; Liu and Zhang, 2020). In response, a broad
range of sensor-based approaches has been proposed to cap-
ture the critical parameters indicative of main bearing health
status. Commonly employed sensors include vibration ac-
celerometers or micro-electro-mechanical systems operating
at high sampling rates, acoustic emission sensors tailored for
early fault detection (Ma et al., 2023), complementary sen-
sors such as thermography devices, and strain gauges col-
lecting lower-frequency signals. Although SCADA systems
are also used, the associated 10 min averaged sampling rate
often proves insufficient to capture subtle time-sensitive fault
signatures (Encalada-Davila et al., 2021).

The effectiveness of these sensor-based approaches de-
pends not only on the types of sensors deployed but also
on the granularity of the data they produce. Data granularity
must be carefully selected to balance the level of diagnostic
detail required with the computational and bandwidth con-
straints of the monitoring infrastructure. SCADA data, sam-
pled typically every 10 min, enable broad operational trend
analysis (e.g. turbine power, temperature) but do not ade-
quately resolve incipient fault signatures (Encalada-Dévila
et al., 2021). Medium-frequency data (on the order of 1 Hz)
offer a compromise between signal resolution and data vol-
ume by capturing moderate-level anomalies that evolve over
minutes or hours. High-frequency signals (on the order of
kilohertz) are necessary for revealing localized shock pulses
or high-frequency resonances characteristic of early bearing
faults (Xiao et al., 2022b; Beretta et al., 2021b). However,
these higher sampling rates require greater data handling ca-
pacity and more sophisticated processing pipelines.

A variety of CMS signal processing techniques have been
employed to extract meaningful fault signatures from raw
sensor signals. Time-domain methods are frequently used
to compute statistics such as rms or kurtosis, and envelope
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analysis is applied to isolate impact-type features associated
with bearing damage (Hart et al., 2020; Hussain et al., 2024).
Frequency-domain approaches, including Fourier-transform-
based spectral analysis and cepstrum analysis, are well suited
for identifying characteristic fault frequencies (e.g. ball pass
frequency on the outer race, ball pass frequency on the in-
ner race). When signal stationarity cannot be assumed, time—
frequency-domain methods, such as wavelet transforms or
the Hilbert—-Huang transform, are effective in tracking tran-
sient or non-stationary events (Fu et al., 2024). These ad-
vanced signal processing tools are selected with considera-
tion for data availability and sampling frequency, as more
complex analyses often offer improved fault resolution but
necessitate higher-quality data and greater computational re-
sources.

While these traditional signal processing techniques have
proven effective for feature extraction, the growing com-
plexity of main bearing fault detection challenges has driven
the integration of ML methods. ML approaches complement
these techniques by automating data interpretation and im-
proving fault detection accuracy through advanced pattern
recognition (Encalada-Davila et al., 2021). Traditional su-
pervised algorithms (e.g. SVM, random forests) and unsu-
pervised approaches (e.g. clustering, novelty detection) are
employed to distinguish normal from anomalous operating
conditions (Beretta et al., 2021b). In situations where large
labelled datasets are available, deep learning architectures,
such as CNNs or RNNs, are used to learn discriminative
features directly from raw vibration signals or time-series
data (Xiao et al., 2022a, b). Autoencoders, in particular,
are gaining prominence for unsupervised anomaly detection
when labelled fault examples are limited (Liu and Zhang,
2020). These ML-based strategies frequently leverage multi-
rate data fusion, in which high-frequency vibration measure-
ments are combined with 10 min SCADA observations (e.g.
tower acceleration, bearing temperature, turbine power) to
enhance contextual understanding and reduce false alarms
(De Oliveira-Filho et al., 2022).

The combination of advanced sensor technologies, appro-
priate data granularity, and robust signal processing or ML
methods enables earlier detection of main bearing faults,
reduced downtime, and optimized maintenance schedules
(Xiao et al., 2022b; Beretta et al., 2021b). Nevertheless, the
selection of a specific monitoring strategy typically depends
on practical factors such as turbine accessibility, cost con-
straints, and existing data infrastructure. In particular, wind
farm operators must assess whether the added complexity of
high-frequency data acquisition and real-time processing can
be justified by the potential for reduced corrective mainte-
nance costs and mitigated risk of catastrophic failures (Liu
and Zhang, 2020). As wind farm projects continue to scale
in size and complexity, further advancements in sensor tech-
nology, data handling capacity, and machine/deep learning
algorithms are expected to enhance main bearing condition
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monitoring capabilities while contributing to the overall reli-
ability and cost-effectiveness of wind energy production.

5.2.2 Main bearing remaining useful life prediction

The estimation of RUL for wind turbine main bearings has
emerged as a critical but highly complex area of research
and application. These components endure non-steady, non-
stationary loading conditions and challenging environments,
making accurate RUL prediction essential for minimizing
downtime and optimizing maintenance schedules. The state
of the art in this domain encompasses a spectrum of method-
ologies, including vibration-based diagnostics, hybrid data
fusion techniques, and advanced ML algorithms. This sub-
section delves into the current state of the art, highlight-
ing the key challenges and opportunities for advancing main
bearing RUL estimation.

A robust RUL estimation framework begins with the in-
tegration of CMS outputs to acquire high-quality data. Vi-
bration analysis remains the cornerstone of fault detection
and prognosis, providing critical insights into bearing degra-
dation through signal processing techniques in the time and
frequency domain (Hart et al., 2020; Kordestani et al., 2022).
Techniques such as envelope analysis, spectral kurtosis, and
wavelet transforms allow the extraction of features indica-
tive of wear and localized damage. However, main bear-
ings present unique challenges due to their low rotational
speeds and the influence of external noise, such as gear-
box vibrations (Li and Jian, 2024; Rezamand et al., 2020).
The effective separation of meaningful fault signals from this
noise remains a significant barrier. Hybrid approaches that
integrate SCADA data and vibration analysis offer promis-
ing solutions. SCADA systems, widely used for operational
monitoring, provide valuable metrics such as temperature,
power output, and wind speed, although at coarse temporal
resolutions (Vieira et al., 2024). Combining these metrics
with high-frequency vibration data has proven effective in
capturing long-term degradation trends. Recent studies em-
ploy cross-validation and data augmentation techniques to
address the challenge of limited labelled datasets, improv-
ing model robustness and reducing overfitting risks (Vieira
et al., 2024). ML and deep learning have revolutionized RUL
estimation by automating feature extraction and providing
adaptive models capable of handling non-linear degradation
patterns. Techniques, such as LSTM networks and CNNs,
excel at capturing temporal dependencies and spatial charac-
teristics (Kordestani et al., 2022; Li and Jian, 2024). Hybrid
models, such as those that combine tree seed algorithms with
LSTM, further improve prediction accuracy and robustness
(Rezamand et al., 2020). Bayesian frameworks and ensemble
methods also show promise in quantifying uncertainty and
improving reliability in real-time applications (Vieira et al.,
2024).

Despite these advancements, significant challenges re-
main. The inherent variability in operating conditions, in-
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cluding fluctuating loads and environmental factors, com-
plicates the identification of consistent degradation trends
(Rezamand et al., 2020). Furthermore, the lack of standard-
ized datasets and benchmarking methodologies limits the
comparability of proposed models. The high computational
demands of deep learning models pose practical constraints
on their deployment in resource-constrained environments,
particularly for real-time monitoring.

The opportunities for innovation lie in enhancing the in-
terpretability and efficiency of predictive models. Advanced
data fusion techniques, such as high-level fusion schemes
with bounded uncertainty, offer pathways to integrate di-
verse data sources while mitigating noise (Kordestani et al.,
2022). Furthermore, the use of digital twin technology to
simulate operational states and predict faults in varying sce-
narios presents a further route to improve the estimation of
RUL for the main bearing. Future research on main bearing
RUL prediction should prioritize the development of scal-
able, explainable ML frameworks and the establishment of
open-access, high-quality, and farm-wide datasets to enable
comprehensive training and testing activities at scale.

5.3 Gearbox

The size and power capacity of wind turbine gearboxes are
continuously increasing, with diameters reaching 3 m and
power up to 20 MW, often utilizing multi-stage designs with
four or more planetary gears per stage (Nejad et al., 2022;
Abhimanyu, 2024). As summarized in Sect. 2, the gearbox
accounts for the longest downtime in wind turbines and in-
curs high repair costs (Li et al., 2020c). Failure modes of
gearboxes are various, as concluded in Sect. 2, with com-
mon issues including wear and damage of gears and bearings,
shaft misalignment and fractures, oil leakage, and overheat-
ing.

The internal structure of wind turbine gearboxes is
highly complicated and subjected to miscellaneous alternat-
ing loads, which induce irregular behaviours during opera-
tion. These behaviours include complex vibration responses
caused by the simultaneous meshing of multiple planetary
gears, intricate modulation effects, multiple vibration trans-
mission paths, noise interference, and output power fluctu-
ations, as well as variations in voltage and current (Salameh
etal., 2018; Wang et al., 2019; Li et al., 2019a). These factors
impose substantial challenges on the condition monitoring of
wind turbine gearboxes.

The common condition monitoring techniques for gear-
boxes include vibration analysis, oil and lubrication analy-
sis, acoustic emission analysis, and SCADA data analysis
(Salameh et al., 2018). Vibration signals typically contain
abundant information on mechanical faults and are particu-
larly sensitive to issues in critical subcomponents of the wind
turbine gearbox, such as gears and bearings. Acoustic emis-
sions in wind turbines primarily result from the initiation and
propagation of cracks, making it possible to detect structural
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defects by installing acoustic emission sensors in the gear-
box. Oil-based condition monitoring is also widely applied
in wind turbine gearboxes. By monitoring parameters such
as oil viscosity, moisture content, fluid level, particle count
and identification, temperature, and pressure, the process of
oil contamination and degradation can be analysed, revealing
the health status of the gearbox. Low-frequency parameters
in the SCADA system, such as current, voltage, power, rota-
tional speed, and wind speed, indicate the operational status
of the wind turbine and provide valuable information regard-
ing gearbox performance.

5.3.1 Machine-learning-based methods

The detailed classification of ML-based approaches has been
thoroughly discussed in the preceding sections. Building
upon this classification, we now summarize the commonly
employed methods and relevant studies in the context of
gearbox fault/failure diagnosis.

In the category of shallow learning, supervised learning is
mostly used for classification, with common methods applied
for gearbox fault/failure diagnosis such as kNN (Bao et al.,
2023), SVM (Lu et al., 2020), random forests (Pang et al.,
2021), and logistic regression (Su et al., 2022a). Unsuper-
vised learning mainly addresses data dimensionality reduc-
tion and clustering. Key algorithms for dimensionality reduc-
tion include principal component analysis (Elforjani, 2020),
t-distributed stochastic neighbour embedding (Zhu et al.,
2024), and linear discriminant analysis (Pang et al., 2021).
Clustering methods often include partition-based clustering
such as k-means (Zhu et al., 2022a), density-based cluster-
ing such as density-based spatial clustering of applications
with noise (Shi et al., 2021), and model-based clustering
such as the Gaussian mixture model (Fuentes et al., 2020).
Furthermore, recent studies have explored the application of
reinforcement learning in diagnostics. For instance, in these
studies (Wu et al., 2023; Wang et al., 2021b), the diagnos-
tic problem is transformed into an optimization problem,
where reinforcement learning is employed to automatically
learn optimal classification policies. Deep learning methods
for diagnosing wind turbine gearboxes can be broadly cat-
egorized as follows: multilayer perception as a basic neu-
ral network structure (Bangalore et al., 2017); CNNs, which
are effective for handling data with a clear grid structure
(e.g. images) (Zhang et al., 2023a); RNNs, which specialize
in processing sequential data (He et al., 2023); transformer
networks, which leverage self-attention mechanisms to pro-
cess sequential data (Zhao et al., 2023); autoencoders, which
use unsupervised learning to reconstruct input data, aiding
in feature extraction and dimensionality reduction (Yang and
Zhang, 2020); and generative adversarial networks, consist-
ing of a generator and discriminator for data generation and
augmentation (Su et al., 2022b). In addition to shallow and
deep learning, ensemble learning (including stacking, boost-
ing, and bagging) leverages multiple compatible ML algo-
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rithms to perform a single task, enhancing diagnostic perfor-
mance and reducing overfitting. For example, in Pichika et al.
(2022), the authors proposed a hybrid ensemble method in-
tegrating boosting, bagging, and stacking techniques to iden-
tify multi-component faults in a wind turbine gearbox. In the
context of digitalization, transfer learning has also been ap-
plied to wind turbine gearboxes to improve fault diagnosis
performance across different turbines and operational con-
ditions, thereby strengthening generalization and advancing
the realization of digital twin technologies. For instance, Zhu
et al. (2022b) employed three feature-based transfer learning
methods to minimize data distribution discrepancies between
wind turbines and applied these methods in case studies for
fault detection in two 2 MW wind turbines. Hu et al. (2024)
proposed a novel method for early fault detection and diagno-
sis in wind turbines suited for data-limited scenarios, achiev-
ing accurate and transferable fault diagnosis. The proposed
method was validated using vibration data from actual wind
turbine gearboxes.

5.3.2 Condition monitoring system signal processing

Wind turbine gearbox condition monitoring using vibration
analysis can be broken down into monitoring the three key
components: shafts, gears, and bearings. Each component
exhibits unique fault modes and requires specific signal pre-
processing and analysis techniques.

— Shafts. Shafts are typically well designed and robust
but can experience significant issues that may lead to
catastrophic failures. As the critical link between rotat-
ing components, shaft failures can arise from unbalance,
misalignment, bending, or cracks. These defects often
manifest through increased amplitude at the shaft fre-
quency or its harmonics over time.

An imbalance in rotating machinery can cause mechani-
cal wear, reduced efficiency and failures if not promptly
addressed. It occurs when mass distribution in the rotor
is uneven, inducing excessive vibrations and stress on
bearings. Traditional methods for detecting imbalances
focus on vibration analysis, where deviations from ex-
pected patterns indicate the issue. Recently, advanced
techniques, including frequency spectrum analysis and
ML algorithms, have improved the precision of unbal-
ance detection (Carbajal-Hernandez et al., 2016).

Shaft misalignment, which can occur in coupled shafts,
also affects vibration signatures, particularly at the sec-
ond and fourth harmonics of shaft speed. However,
some studies report no direct correlation between mis-
alignment and increased second harmonic (Mitchell,
1984; Al-Hussain and Redmond, 2002). Vibration-
based methods are widely employed for detecting un-
balance and misalignment by analysing the machine’s
vibration signature (Patel and Darpe, 2009a, b).
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Although less common, cracks in shafts can manifest
as increases in shaft harmonic amplitudes in vibration
spectra (Patel and Darpe, 2008). However, small cracks
may not significantly alter vibration characteristics. Se-
vere cracks, although dangerous, may only influence vi-
bration patterns once they are sufficiently large (Ran-
dall, 2021). Detection methods using vibration analysis,
often combined with acoustic emission techniques, are
commonly used for condition monitoring (Lu and Chu,
2011). Despite advances in monitoring techniques, there
remains substantial potential for developing more effec-
tive tools for the early detection of shaft faults as rotat-
ing machinery grows more complex.

Gears. Gears are essential components in drivetrain sys-
tems, typically used to change rotational speed or torque
between two shafts (Randall, 2021). According to work
on vibration-based condition monitoring by Randall
(2021), gear faults can be categorized into four primary
types.

The first category of gear faults is slow variations, in-
cluding processes like wear, runout, and polishing (Feng
et al., 2023). Wear is the most common slow deteri-
oration fault, characterized by gradual changes on the
gear teeth surfaces. It can be uniform, with all teeth
wearing similarly; or non-uniform, leading to differ-
ent surface shapes across the teeth (Hu et al., 2016).
While uniform wear typically increases vibration lev-
els detectable at gear meshing harmonic frequencies,
non-uniform wear may cause either an increase or de-
crease in these amplitudes (Hu et al., 2016; Randall,
2021). Wear increases overall vibration levels due to de-
fects on meshing surfaces contributing to noise and gear
meshing vibrations (Feng et al., 2023). Several stud-
ies have linked the severity of wear to vibration lev-
els by tracking rms (Feng et al., 2023), and early re-
search introduced the energy ratio (the rms ratio of the
stochastic and deterministic parts of the vibration sig-
nal) as a measure of wear severity (Swansson, 1980).
Gear teeth exposed to wear generate higher vibration
levels and additional harmonics (Ziaran and Darula,
2013) and sidebands in the vibration spectra compared
to healthy gears. Techniques such as tracking quefren-
cies in cepstra (Ziaran and Darula, 2013) and sidebands
in the spectra (Combet and Gelman, 2011) have been
proposed for fault detection.

The second category consists of local faults, which can
evolve into distributed faults. Local faults include pit-
ting, spalling, scoring, and foresting, often caused by
contaminants in lubrication, subsurface cracks, or pro-
longed metal-to-metal contact (Liang et al., 2018). The
fault identification process for pitting and spalling is
similar to wear detection in vibration-based condition
monitoring. The vibration spectra of a gear are typi-
cally analysed in the time, frequency, time—frequency,
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and cepstral domains (Kumar et al., 2020). Fault detec-
tion approaches for wear and pitting are demonstrated
in Feng et al. (2015); Jena et al. (2014); Feng and Liang
(2016); and Merainani et al. (2017). Two other types
of fault encountered by gears are random errors, such
as tooth spacing errors or broken teeth; and systematic
errors, referred to as the ghost component. The former
represents manufacturing defects or severe faults, and
the latter is not necessarily a fault but results from im-
perfect meshing caused by manufacturing limitations.

A defect in a gear results in vibration patterns that differ
significantly from those of a healthy gear. Typically, a
fault in a gearbox manifests through several sidebands
in the vibration spectra, as gear faults are inherently
modulated by amplitude and frequency. While a local-
ized fault generates a flat sideband distribution, a dis-
tributed fault results in larger, narrowly spaced side-
bands. These sidebands are separated from the central
peak at the gear meshing frequency by the shaft fre-
quency. In practice, vibration signals from a gearbox are
complex, and sidebands may be challenging to detect
depending on fault severity.

A practical approach for detecting gear faults is to de-
modulate faulty gear vibration signals and apply fault
detection techniques to the demodulated signal. How-
ever, gear faults present a challenge, as the forcing
frequencies and modulation frequencies are often very
close, hindering traditional demodulation methods, such
as the Hilbert transform (Kumar et al., 2020), which do
not satisfy the Bedrosian theorem. Other techniques, in-
cluding signal modulation and application of problem-
specific filters to reveal fault-related frequencies, have
been proposed in the literature (Kumar et al., 2020;
Feng et al., 2015).

— Rolling element bearings. Among others, bearings are

the most commonly used rotating component in a gear-
box (Randall, 2021). Moreover, they represent the pri-
mary contributor to machine failures. Consequently, ex-
tensive research has been conducted to analyse the vi-
bration characteristics of bearing faults, leading to the
development of advanced signal processing techniques
for early fault detection.

Rolling element bearings are susceptible to three types
of faults: defects on the inner race, outer race, and
rolling elements. A defective bearing produces high-
frequency bursts at a frequency determined by the bear-
ing’s geometry and the affected component. The charac-
teristic frequencies of rolling element bearings are pro-
vided in Egs. (6) to (9). The shaft speed often modulates
these trains of bursts generated by a defect, as it is the
rate at which the faulty component passes through the
load zone. The envelope of the vibration signals con-
tains information about these high-frequency bursts, en-
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abling condition monitoring of the bearing by tracking
these bursts in either the time or spectral domain.

However, the characteristic frequencies listed in Egs. (6)
to (9) may not precisely correspond to the actual fre-
quencies due to a phenomenon known as slippage (An-
toni and Randall, 2002, 2003). The bearing cage en-
sures that the rolling elements rotate at an approxi-
mately uniform speed; however, variations in the an-
gle 6 cause fluctuations in radial and axial forces, lead-
ing to slip in some rollers. This results in deviations
in the characteristic frequency of up to 2% (Antoni
and Randall, 2002, 2003). This slight variation justi-
fies using the envelope of the signal rather than the
raw signal for vibration-based condition monitoring of
bearings. Vibration signals dominated by cyclic impulse
trains are classified as cyclostationary, whereas in cases
where slippage occurs, they are categorized as pseudo-
cyclostationary (Antoni and Randall, 2003).

Vibration-based bearing fault detection is typically con-
ducted by analysing high-frequency bursts in the signal
or its envelope in the time, frequency, or time—frequency
domain. A comprehensive tutorial on rolling element
bearing diagnostics was published by Randall and An-
toni (2011). A key challenge in bearing fault detection is
that the deterministic component of the signal often ob-
scures the vibration signature of the bearing fault. This
deterministic component, typically generated by gear
meshing or other cyclic phenomena, exhibits a distinct
periodic pattern, unlike the stochastic nature of bearing
faults. Consequently, the dominant power of the deter-
ministic component may mask the fault-related signals
embedded within the stochastic portion of the signal.

A conventional approach to address this issue involves
separating the stochastic component and demodulating
the vibration signal after applying high-pass or band-
pass filtering. However, determining the optimal filter
bandwidth is data dependent, as the structure dictates
the carrier frequency, and no universal selection method
exists. Although ad hoc techniques such as spectral kur-
tosis (Antoni and Randall, 2006) have been developed
to identify the optimal bandwidth, automated filtering
methods have also been proposed in the literature (Mc-
Donald et al., 2012; Peeters et al., 2020b; Buzzoni et al.,
2018).

Following this, statistical indicators can be estimated
from the time-domain signal to assess whether the sig-
nal exhibits increased impulsiveness or skewness rela-
tive to the expected healthy state. Additionally, track-
ing the amplitudes of characteristic frequencies or side-
bands in the signal or envelope spectrum remains a
widely used and effective method. Furthermore, ad-
vanced techniques employing correlation and coherence
maps have been introduced to simultaneously identify
modulation and carrier frequencies.
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— Plain bearings. The substitution of roller bearings as

planetary bearings in wind turbines with plain bearings
has become well established in recent years (Lucassen
etal., 2025). Compared to roller bearings, plain bearings
are characterized by their low installation space require-
ments, resulting in a higher power density of the wind
turbine drivetrain (Lucassen et al., 2023). When oper-
ated exclusively within the liquid friction range, plain
bearings operate without wear and theoretically possess
an infinite service life. However, critical operational
anomalies (e.g. insufficient lubrication due to oil sup-
ply failure, overheating of the planetary bearing, or oil
contamination) may occur, which cannot be adequately
addressed in the design process and can lead to failure
of the plain bearing. Nevertheless, incipient damage to
plain bearings can be detected at an early stage using
CMSs. A variety of CMS metrics have been established
for hydrodynamic radial plain bearings and are part of
the current state of research and industry (Mokhtari
et al., 2020).

Conventional monitoring systems are usually retrofitted
to the plain bearings and can only be installed in multi-
axis rotating systems, such as planetary gearboxes, at
considerable expense due to the complex cabling re-
quired for data and power transmission (Kirchner et al.,
2024). To monitor planetary plain bearings, vibration-
or AE-based condition monitoring methods described
in Sect. 3 may potentially be employed, while measur-
ing at the gearbox housing as described in Mokhtari
(2020). However, the long transfer path from the plane-
tary plain bearing to the sensor on the gearbox housing
introduces many potential sources of interference that
must be identified and eliminated through suitable data
evaluation.

Another option for monitoring planetary plain bearings
involves ultra-low-power-demand monitoring methods
integrated directly into the bearing itself, such as tem-
perature sensors. By harnessing energy types generated
within planetary plain bearings, such as thermal or me-
chanical energy, and converting them into electrical en-
ergy using energy harvesting techniques, these condi-
tion monitoring methods can operate without an exter-
nal power supply. One such integrated approach is the
surface acoustic wave (SAW) method, which utilizes
piezoelectric probes embedded beneath the sliding sur-
face to emit short sinusoidal wavelets x(¢) and to mea-
sure the response x(¢) once per cycle. As these waves
propagate along the surface, interaction with the adja-
cent oil film causes measurable wave attenuation and a
significant time delay (¢ ) in the response signal. These
SAW signal features enable the detection of mixed con-
ditions and the oil film height (Decker et al., 2025a).
This active ultrasonic measurement principle is robust
against acoustic disturbances due to its specific oper-
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ating frequency and has been transferred to planetary
bearings, using a 160° probe offset to compensate for
tilting, to detect mixed friction, oil starvation, and lubri-
cant contamination (Decker et al., 2025b, c).

Complementing SAW is the temperature field mea-
surement (TFM) method, a high-precision self-powered
CMS approach (Baszenski et al., 2023). For the TFM
approach, digital temperature sensors are placed di-
rectly beneath the running track to provide spatially re-
solved temperature data. By measuring the bearing an-
gle ¢7 max at which the maximum temperature occurs,
the system can determine the lubrication gap height via
the Giimbel curve in the fluid friction range (Deutsches
Institut fiir Normung e.V., 2017). This method is highly
sensitive to transitions between fluid friction and mixed
friction zones, allowing for the detection of incip-
ient damage before damage-critical conditions esca-
late (PaeBens et al., 2024). The TFM system achieves in-
dependence from external cabling by utilizing harvested
waste heat for power and a Bluetooth low-energy inter-
face for wireless data transmission.

5.3.3 Qil debris monitoring

Oil debris monitoring (Sheng, 2016) refers to the continuous
identification and trending of gearbox debris, including fer-
rous and non-ferrous, shed from contacting surfaces of these
components or trapped through contamination and carried in
the oil using an oil debris sensor. Whenever a ferrous or non-
ferrous particle larger than a certain size passes through the
sensor, the magnetic field formed inside the sensor is dis-
turbed and an electric pulse is generated and counted. The
counts over time represent the cumulative damage that oc-
curred to the monitored components (e.g. bearings or gears
inside wind turbine gearboxes). The oil debris sensor can be
installed in the main filtration loop or the side-stream (or kid-
ney) filtration loop (relatively smaller bore size, slower flow
rate, and lower oil pressure than main filtration loop) perma-
nently, either before or after the oil pump, but always before
the filter. The minimum detectable ferrous wear debris size
for this type of sensor can be down to 100 um and, for non-
ferrous wear debris, down to 300 um, if installed in the main
filtration loop. If in the kidney loop, these can be reduced
to about 30-50 um for ferrous debris and 130-150 pm for
non-ferrous debris. Measurements of both ferrous and non-
ferrous wear debris can be grouped into different size bins
and trended, based on which levels of alarms can be gener-
ated. The data can be processed alone or integrated with a vi-
bration analysis system, offering more comprehensive mon-
itoring of the gearbox. With the advanced computing and
modelling capabilities brought by AI/ML or digital twins,
there are opportunities to gain additional benefits from oil
debris monitoring.
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5.4 Generator

Condition monitoring of electrical generators in wind tur-
bines is critical to ensuring the reliability and efficiency
of wind energy systems. As discussed in Sect. 2, genera-
tor faults contribute significantly to wind turbine downtime
according to reliability studies. Geared turbines mainly use
doubly fed induction generators with a partial-power con-
verter. This has been the most popular topology for medium-
sized turbines ranging from 3 to 6 MW. In the context of
direct-drive systems, low-speed and high-torque permanent
magnet synchronous generators are becoming increasingly
attractive for offshore applications (Nejad et al., 2022). Di-
agnosing wind turbine generator faults in real-world applica-
tions is particularly challenging due to their rapid progression
in uncontrolled environments with highly variable operating
conditions. Despite growing concerns about the reliability of
wind turbine electrical components and the increasing inter-
est in condition monitoring based on electrical signals, mon-
itoring generator electrical faults has yet to become standard
practice in the wind industry.

Rotor winding unbalance, resulting from brush gear or
slip-ring wear/faults, or winding electrical faults, contributes
significantly to the failure rate of wind turbine generators
(Alewine and Chen, 2011; Liu et al., 2024a). Fault detec-
tion in doubly fed induction generators based on the anal-
ysis of high-frequency current, power, or vibration signals
has been extensively researched (Soares et al., 2018). Var-
ious diagnostic methods, using time-domain or frequency-
domain techniques, have been proposed to identify rotor fail-
ures (Tavner et al., 2020; Liu et al., 2024a). Electrical sig-
nals contain a wealth of harmonic information that must
be interpreted accurately to ensure a confident diagnosis.
Among the proposed approaches, current signature analy-
sis is a well-established, non-intrusive diagnostic technique
for monitoring and detecting faults in electrical machines
by analysing the spectral characteristics of electrical signals
(El Hachemi Benbouzid, 2000). Current signature analysis
has been extensively researched for the detection of rotor
asymmetry in induction machines operating under steady-
state conditions, ranging from analytic explanations of the
origins of fault frequencies (Yazidi et al., 2010; Gritli et al.,
2011) to investigations based on simulation and experimental
data (Stefani et al., 2008; Gritli et al., 2013).

In the wind energy industry, electrical-signal-based condi-
tion monitoring has attracted significant attention due to its
low capital investment requirements. Since electrical signals
are readily available through existing wind turbine control
and protection systems, there is no need for additional in-
strumentation. The potential of using high-frequency electri-
cal signals for wind turbine generator fault detection, in some
cases combined with mechanical drivetrain signals, has been
explored and proved successful in several studies based on
experimental data (Zappald et al., 2019; Brigham et al., 2020;
Stone et al., 2023) and complemented with real data from
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operating wind turbines (Artigao et al., 2018a, 2020). Recent
studies have explored novel approaches using SCADA data
to assess the health of wind turbine generators. Despite the
low sampling frequency of these signals, which limits the full
interpretation of the complex dynamics of electrical phenom-
ena of machines subjected to non-stationary conditions, these
methods have demonstrated the potential to identify electri-
cal faults (Zhao et al., 2017; Astolfi et al., 2019; Castellani
et al., 2021; Jin et al., 2021; Wang et al., 2022a).

Stator winding insulation and connection faults, airgap ec-
centricity, and demagnetization are among the most critical
fault types observed in permanent magnet synchronous gen-
erators used in wind turbines. An exhaustive review of condi-
tion monitoring methods for permanent magnet synchronous
generators proposed in the literature is provided in Freire
and Cardoso (2021). However, there is still no consensus on
the most effective approach for comprehensive fault detec-
tion and diagnosis. Winding insulation failures necessitate
immediate shutdown and unplanned corrective maintenance.
Although winding insulation is critical to the operation of
wind turbines, online condition monitoring technologies for
detecting such failures remain at low levels of technological
readiness. As a result, these technologies have not yet been
widely deployed across turbine fleets.

5.5 Converter

The power converter, located between the generator and
power grid, fulfils the requirements for both sides. In very
general terms, the power converter has two sections: genera-
tor side and grid side. Each section has components such as
a power module and a filter interacting with the power con-
verter control system. The DC link or capacitor connects the
generator and grid sides (Nejad et al., 2022). Earlier works
by Fischer et al. (2019, 2014) indicate that the power mod-
ule is one of the components most likely to fail. Tartt et al.
(2022) investigated the power converter failure of about 400
turbines in different countries. The results show the highest
failure rates in converter control units (30 %), the grid-side
power module (25 %), and the generator-side power module
(21 %). It is also interesting to observe that the same type of
converter failed differently in different countries (Tartt et al.,
2022).

5.6 Blades and rotor subcomponents

Although catastrophic blade failure is relatively rare, blade
failures of varying degrees are not uncommon and wear-
through erosion will occur throughout the lifetime of a
blade. An estimated 3800 blade failures occur per year glob-
ally (Mishnaevsky, 2022). This number of failures equates to
a failure rate of approximately 0.016 per turbine per year. For
a 100-turbine wind farm operating for 25 years, this means
on average 40 blade failures can be expected throughout the
farm’s lifetime. Sources of blade damage include trailing
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edge cracks, leading-edge erosion, lightning damage, delam-
ination, and other cracks on the surface of the blade (Wang
et al., 2022b). Blade damage through erosion can lead to a
reduction in rotor efficiency and energy yield. External and
internal cracks can ultimately lead to serious structural dam-
age warranting major repairs or replacement. The early de-
tection of problems is thus important. Blade monitoring can
be carried out in several ways (Du et al., 2020; Ding et al.,
2023):

— Visual inspection by eye or by using cameras to inspect
external damage;

— Infrared cameras using thermography to detect external
or internal damage;

— Acoustic emission measurements using an exciter and
microphones mounted on external or internal surfaces
to detect cracking;

— Strain measurements using foil or fibre-optic-type sen-
SOrS;

— Microphones placed within or outside the blade struc-
ture;

— Ultrasound measurements using a transducer and detec-
tor acoustically coupled to the blade to detect cracks;

— Vibrometry using a transducer to excite the blade and a
detection technique, e.g. accelerometer or laser based,
to measure changes to the blade response due to poten-
tial damage; or

— X-ray and T-ray scanning of the blades using drones to
detect internal damage.

Of these techniques, only visual inspections are routinely
carried out by technicians either by climbing blades or using
drones. The other techniques listed above have been tested in
the lab or field, but only recently have commercial systems
started to become available.

5.6.1 Visual techniques

The detection of external damage through visual measure-
ments or inspection has until recently relied on human expe-
rience in the field with technicians climbing up the outside or
within the structure of a blade to take photographic images
and inspect damage. However, ML algorithms have been de-
veloped to automate visual damage detection (Sheiati et al.,
2024). This, aided by the advent of low-cost uncrewed aerial
vehicles or drones, has opened up the field of detailed visual
inspection and damage detection in wind turbine blades (Xu
et al., 2019; Zhang et al., 2020). These techniques can be
effective in detecting and locating external damage but are
not so useful in detecting internal blade problems. Moreover,
they generally require the turbine rotor to be stationary while
a drone is flown around the turbine to record images.

Wind Energ. Sci., 11, 2103-2155, 2026




2138

5.6.2 Thermography

Thermographic imaging, using infrared cameras, can be use-
ful for detecting both external and internal blade anomalies.
Damage within a blade such as cracking or de-bonding leads
to thermal discontinuities. When the structure of the blade
is heated by the sun or cools at night, this can lead to “hot
spots” around the discontinuities, which can be detected by
a thermal imaging device close to the blade. Furthermore, if
the blade is cyclically stressed during operation, the hot spots
may be enhanced. By appropriate analysis of the infrared im-
ages, different types of damage can be detected (Lizaranzu
et al., 2015). There are challenges in using this technique
in the field, which require some degree of image process-
ing (Doroshtnasir et al., 2016), but ML techniques offer a
potential way to enhance the detection of damage (Yu et al.,
2023). Changes to the surface of a blade due to damage such
as erosion lead to changes in the characteristics of the flow.
This gives rise to turbulence patterns which can be imaged
in the infrared spectrum using a thermal camera. The detec-
tion of these patterns can be automated using Al techniques
(Chaudhuri et al., 2025).

5.6.3 Strain measurements

Damage to the structure of a blade can give rise to changes in
the local stiffness of the surrounding material. Under loading,
this can change the local deformation and thus the strain ex-
perienced. Measurements of the strain at targeted locations
along the blade where damage might be expected to occur
could then be used as a way to detect damage. Such mea-
surements can be made using foil strain gauges whose re-
sistance change is related to the local change in strain. This
can be measured electrically with a suitable bridge circuit
or fibre Bragg diffraction gratings (FBGs) etched at periodic
distances within a fibre glass filament attached to the surface
of a blade. When a light source is passed down the filament,
each grating passes all but a very narrow band of frequen-
cies that depend on the strain local to the FBG. These are
back-reflected and can be measured using a suitable optical
detection system. Each FBG is designed to reflect within a
unique frequency range so that strain at different locations
along the blade can be made simultaneously. Foil or FBG-
based strain measurement systems have been shown to be
able to detect local blade damage (Sierra-Pérez et al., 2016;
Schroeder et al., 2006; Kristensen et al., 2002). The draw-
backs of such systems is that the strain gauges are also sen-
sitive to temperature change so that some form of temper-
ature compensation measurement is required, and the strain
gauges will only detect damage if it causes changes to the
strain close to the location of the gauge. The latter limitation
can be overcome to some extent by using strain measure-
ments along the blade to look at changes to the characteristic
mode shapes of the blade, which can change in response to
localized damage (Khoshmanesh et al., 2023). It is nonethe-
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less still challenging to infer the location of damage using
this approach.

5.6.4 Acoustic emission

Cracks in the material of a blade resulting from damage when
stress is applied to the structure release energy that is dissi-
pated through the structure in the form of elastic waves with
frequencies in the ultrasonic range. By the placing of appro-
priate acoustic sensors on the surface of the blades, these
waves can be detected (Joosse et al., 2002; Tang et al., 2016).
By using multiple sensors, the signals can be triangulated to
locate the origin of the crack-induced sound waves (Khosh-
manesh et al.,, 2024). By appropriate analysis of the sig-
nals received using time-domain or frequency-domain tech-
niques, it is possible to differentiate different types of dam-
age such as fibre breaking, matrix cracking, and de-bonding
(Arumugam et al., 2011). This technique requires the plac-
ing of sensors within the blade, which may not be straight-
forward if done post-construction and once the blade is in
service.

5.6.5 Microphones

Three types of blade monitoring using microphones have
been tested. The first is an active technique where speakers
are placed within a blade and the sound emitted is measured
using external microphones (Aizawa et al., 2015; Poozesh
et al., 2017). This relies on the sounds being modulated or
less attenuated by the presence of cracks in the blade struc-
ture. The second is a passive technique where microphones
are placed within the blade (Traylor et al., 2020; Solimine
et al., 2020; Beale et al., 2020). This relies on changes to the
sound detected being driven by wind flow over the blade as it
moves over or through cracks in the structure. These first two
techniques require equipment to be placed within the blade
and therefore are challenging to be used at scale in the field.
A third, which is entirely remote, is a passive aeroacoustic
measurement technique that uses remote microphones only
and measures changes to the far-field sound spectrum result-
ing from changes to the wind flow over a blade, which may
be modified by cracks (e.g. trailing edge) or surface damage
such as erosion (Zhang et al., 2022, 2023b). This technique
has been tested under laboratory conditions on a small scale
but is yet to be tested in the field.

5.6.6 Ultrasound

The use of ultrasonic guide waves for blade monitoring em-
ploys a transducer attached to the blade surface, which pro-
duces ultrasonic pulses that travel within the laminate struc-
ture and whose characteristics can be measured at another
location on the blade using a detector. The ultrasonic wave
propagation is affected by cracks in the surface material or
dirt on the blade surface. By suitable signal processing and
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the use of ML, the received pulses can be used to detect
dirt build-up (Arcos Jiménez et al., 2019) or damage in the
blade material (Mufioz et al., 2019). This technique can de-
tect damage relatively close to the position of the receiver (a
few metres) but requires the receiver to be moved over the
blade surface for effective monitoring. Furthermore, as the
propagation of the waves is restricted with the confines of
the material sheet being examined, it may not be suitable for
monitoring damage further inside the blade, e.g. within the
spar.

5.6.7 Vibrometry

The characteristic mode shapes of a blade, as mentioned in
Sect. 5.6.3, can be used as a way of detecting damage as
they can be modified due to changes in stiffness resulting
from cracks, for example. Aside from using strain gauges,
instrumenting the blades with accelerometers or scanning the
structure with a laser can characterize vibration along the
blade’s length when excited by a surface-mounted actuator
or wind loading. By processing the data, it is then possible to
infer the blade vibrational modes and monitor changes over
time. In the case of a laser, a common technique to measure
the motion of the blade is to measure the Doppler shifting
of the laser light after it is back-scattered off the blade sur-
face to a detector. Laser Doppler vibrometry has been used,
for example, to detect delamination in a small-scale model
blade in the laboratory, using wavelets to process the data
(Doliniski et al., 2018). Changes to the mode shapes were
seen, which allowed damage to be detected and localized but
changes were small. In addition, changes could only be seen
where the largest movements related to a mode shape were
observed. This would represent a challenge if damage were
located close to a mode-shape node where levels of vibration
are small.

5.6.8 X-rays and T-rays

The use of X-rays to scan the interior of wind turbine blades
to detect damage is quite new. Two drones are flown in tan-
dem where one generates a beam of X-rays which are fo-
cused on the blade, and the second drone has an X-ray de-
tector. Commercial systems have been developed such as
SpectX (SpectX, 2025), which uses Al techniques to process
X-ray images to provide a scanned image of the interior of a
blade and to localize potential sources of damage. A similar
idea has been developed to inspect lightning conductors in
blades that may have been damaged by a strike (Lee et al.,
2024a). The use of terahertz waves, or T-rays, which have
widely been used in food safety, package imaging, and air-
port security, has been investigated in the laboratory for blade
imaging (Im et al., 2019). Similar to X-rays, the system uses
a source of T-rays which is projected through the blade, and
the resulting transmitted radiation is detected by an imaging
system. The system was tested for scanning the trailing edge
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of a blade in the laboratory but so far has not been used to
detect damage.

5.6.9 Overall outlook for blade monitoring

Although there are a multitude of methods that can poten-
tially be used for wind turbine blade monitoring, many of
them are, as yet, impractical to use in the field or not tested at
full scale. At present, the most promising are using drones for
visual, infrared, and X-ray inspection. In the future, we are
likely to see the use of a combination of different technolo-
gies and a preference for those technologies that can be used
remotely rather than require sensors attached to the blades.
Al will be used increasingly to process and interpret the data
from multiple scanning technologies to provide the best esti-
mate of the health of a blade and its potential RUL.

6 O&M strategies and maintenance planning

Outputs from various monitoring, modelling, and analysis
methods discussed earlier can be used to improve or opti-
mize O&M practices in the wind industry. For a typical wind
plant, there are tens or hundreds of turbines, which have mul-
tiple mission-critical (e.g. costly or high-downtime) compo-
nents that should be key focus areas for condition monitor-
ing. Condition-based maintenance, predictive (e.g. enabled
by RUL prediction) maintenance, or prescriptive (e.g. en-
abled by root cause analysis and recommended mitigation)
maintenance (Paquette et al., 2024) should be applied to
these components whenever feasible. Needed research can
be conducted by following a prognostics and health manage-
ment framework (Sheng and Guo, 2019), which has proved
its benefits in mature applications, e.g. aviation, automotive,
and manufacturing. For non-mission-critical components, a
reactive maintenance may be adopted at a land-based plant.
For offshore, even a small component failure that may be
relatively cheap or quick to fix on a land-based plant, can
become expensive due to the increased challenge of accessi-
bility.

With the estimated RUL for components of interest be-
ing available, the maintenance planning can consider vari-
ous factors such as supply chain constraints, vessel and/or
crane and crew availability, wind and wave conditions, and
weather forecasts. This helps to enable timely interventions
and potentially avoid or minimize costly corrective mainte-
nances and production loss due to increased downtime. With
cost and crew data defined for different levels of faults and
corresponding maintenance actions, the monitoring — includ-
ing modelling and analysis strategy with the maximum sav-
ings or highest energy outputs — can be chosen from various
candidates (Hammond and Cooperman, 2022; Barber et al.,
2022). One platform that can support this selection is Wind-
farm Operations and Maintenance cost-Benefit Analysis Tool
(WOMBAT), which is a software package developed by the
National Laboratory of the Rockies for offshore wind O&M
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innovation technology evaluations, such as condition mon-
itoring solutions, and it can also be tailored for land-based
wind plant O&M innovation assessments.

The industry has widely adopted reliability engineering
life data analysis (Sheng and O’Connor, 2023) approaches
for maintenance scheduling at a plant or a fleet. A pre-
requisite for this type of analysis is enough historical life
data of interested components, and it may be only feasible
for older turbine models or wind plants. For newer turbine
models or plants, the life cycle data gap could potentially
be filled through simulations based on advanced modelling
technologies, e.g. digital twins enabled by condition monitor-
ing (Helsen et al., 2017b; Perez-Sanjines et al., 2023; Kestel
et al., 2025).

7 Conclusion

The transition towards more sustainable and cost-effective
energy production has placed wind energy at the forefront of
Europe’s energy strategy. A crucial step in achieving this en-
ergy vision lies in improving the reliability and efficiency of
wind turbine systems, particularly through enhanced mainte-
nance strategies. This paper provides a critical overview and
positioning of current approaches, technologies, and research
challenges associated with these capabilities in wind turbine
systems, focusing especially on drivetrain components.

7.1 Summary

The rapid deployment of wind energy, driven by EU policy,
requires advanced maintenance strategies to mitigate the high
O&M costs associated with the drivetrain — the most failure-
prone and maintenance-intensive subsystem. This paper has
evaluated a spectrum of sensing technologies, highlighting
a critical transition from low-frequency SCADA trend anal-
ysis towards continuous, high-frequency vibration, acoustic
emission, and electrical signature analysis to capture tran-
sient fault signatures. A central finding of this review is the
multi-scale nature of drivetrain data: effective monitoring
must balance long-duration sampling to capture full cycles
of slow-rotating main bearings with high-frequency resolu-
tion for transient gearbox faults.

Although diagnostics provide essential information re-
garding the current state of the machine, the industrial adop-
tion of prognostics and estimation RUL remains limited by
challenges in precision, uncertainty quantification, and the
“explainability gap” of black-box Al models. To bridge this
gap, digital twins and hybrid-physics-informed models are
identified as essential tools to address data sparsity and en-
hance predictive reliability. The paper elaborates on the nec-
essary evolution of digital twin capability levels, ranging
from descriptive to autonomous systems, and the integration
of simulated data to model rare or extreme failure modes.

Ultimately, the realization of the wind industry’s full mon-
itoring potential is hindered by structural barriers, includ-
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ing proprietary data access, privacy concerns, and a lack of
cross-platform standardization. Proposed mitigating strate-
gies include international standardization and the adoption of
anonymized sharing platforms (e.g. the National Laboratory
of the Rockies’ Gearbox Reliability Database, EPRI’s Win-
NER platform) to facilitate collaborative research. Further-
more, the review underscores the critical need for properly
labelled and annotated datasets to overcome the inherent im-
balance between healthy and faulty operational data, which
remains a recurring obstacle to training robust, field-ready Al
models.

7.2 Remarks

— The integration of physics-based models with data-
driven techniques provides a robust framework that bal-
ances interpretability with flexibility. Such hybrid ap-
proaches are instrumental in addressing data scarcity
and improving generalization, particularly in scenarios
with limited failure data.

— As condition monitoring and RUL tools are increasingly
utilized for high-stakes operational decisions, there is an
urgent requirement for models that provide transparent
uncertainty quantification. The industry must avoid an
over-reliance on “black-box” Al methods without com-
prehensive validation to mitigate operational risks.

— Future condition monitoring systems must prioritize
computational efficiency and scalability to provide ac-
tionable insights in real time. Key technological en-
ablers for this transition include edge computing, cloud-
based architectures, and modern database solutions.

— While single-turbine models offer high precision, the
development of cross-turbine and farm-wide models fa-
cilitates broader insights through comparative analytics.
Innovations such as transfer learning and fleet-wide nor-
mal behaviour models represent a significant shift to-
ward more robust, context-aware monitoring.

— At the component level, advanced signal processing re-
mains the bedrock of effective drivetrain monitoring.
Techniques such as order tracking, envelope analysis,
and cepstral editing are vital for isolating weak fault
signatures within the complex, non-stationary vibration
environments characteristic of gearboxes and bearings.

— Although deep learning, autoencoders, and generative
models have shown impressive diagnostic performance,
their success is contingent upon high-quality data and
domain-specific tuning. The “explainability gap” in Al
remains a significant barrier to industrial adoption that
must be systematically addressed.

— Ultimately, progress in this field necessitates collabora-
tive frameworks involving O&M, operators, academia,
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and regulators. International industry-led initiatives are
essential platforms for advancing the standardization
and digital maturity required across the sector.

This positioning paper highlights the essential role of condi-
tion monitoring for drivetrain components in the wind energy
sector’s future. It serves as both a technical roadmap and a
strategic vision intended to guide researchers, engineers, and
policymakers.

As wind farms become larger, more remote, and increas-
ingly complex, smart maintenance strategies enabled by con-
dition monitoring will become indispensable. However, un-
locking their full value requires not only technological in-
novation but also fundamental cultural, organizational, and
regulatory shifts. This paper invites the entire ecosystem to
collaborate in driving that transformation.
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