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Abstract. As wind energy scales up to meet global energy demands and security goals, reducing the levelized cost of energy

has become essential, particularly through improvements in operations and maintenance. This positioning paper explores the

state of the art in condition monitoring for wind turbines. It focuses on drivetrain components, which are among the most

failure-prone and maintenance-intensive subsystems. It examines current diagnostic and prognostic strategies using supervisory

control and data acquisition (SCADA) data, vibration and acoustic analysis, and digital twin frameworks, alongside emerging5

techniques in machine learning, signal processing, and hybrid modelling. The paper also identifies key challenges, including

data availability, labelling, standardization, and the gap between academic research and industrial adoption. This work aims to

guide future research and industrial efforts in making wind energy more reliable, predictable, and cost-efficient.
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1 Introduction

According to WindEurope (2025), current wind energy production capacity in Europe is 280 GW. The same report indicates10

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 REPowerEU

Plan (European Commission, 2019, 2022) further call for the annual installation of 20–23 GW of new wind capacity from 2025

through 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 deployed15

at scale in a relatively short time span and will be a major contributor to meet the increasing energy demand. Member states

within the European Union (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 continued

expansion envisioned through 2050 under net-zero pathways.

To meet these targets, reducing the levelized cost of energy (LCoE) for wind power is essential. The levelized cost of energy20

(LCoE) refers to the average cost of electricity generated by a wind turbine over its operational life. A key factor influencing

LCoE is the operating 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 Cooperman (2022) and Feng et al. (2010). For onshore

wind projects in 2023, operations and maintenance (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 prices25

have historically helped reduce costs, their impact is now limited, making O&M cost reduction 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.

1.1 What is a drivetrain?

The drivetrain plays an important role in defining the overall dynamic response of the turbine, the efficiency of power conver-30

sion, and the structural integrity. It must accommodate a variety of variable operational conditions, including wind turbulence,

directional shifts, start-stop sequences, and grid-induced disturbances. A well-designed drivetrain ensures 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 et al., 2022): indirect-drive (geared) systems, in which a gearbox35

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 aerodynamic structures that extract kinetic energy from the wind and generate40

torque. This torque is transferred to the hub, which anchors the blades and directs the mechanical energy into the main shaft.
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In geared systems, a gearbox amplifies rotational speed, which is then transmitted to the generator. The generator, typically

induction or permanent magnet synchronous type, converts mechanical energy into electrical 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), the45

main bearing, a shaft and a gearbox, a generator, and various auxiliary subsystems, such as braking and electrical systems, that

ensure stable operation and functional integrity of the turbine (Struggl et al., 2015).

1.2 Need from industry to monitor

Within 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 components, e.g., blades, pitch systems, and converters, can significantly50

increase O&M costs and lead to substantial downtime costs. According to a report by the Electric Power Research Institute

(EPRI, 2020), the O&M cost of the global onshore wind turbine industry is estimated to reach up to $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 reliability of drivetrain components is therefore critical to the cost-effective and sustainable deployment

of wind energy. Continuous condition monitoring helps detect potential issues early, while accurate estimation of the remaining55

useful life (RUL) of these components allows for optimized maintenance 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 manufac-

turing to O&M have led to reduced capital and maintenance costs, which make wind power an indispensable source for a60

comprehensive solution to global energy needs. The global cumulative installed capacity, combining land-based and offshore

applications, exceeded one 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 increased O&M costs. These65

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 over-

hauls or replacements, though infrequent, are typically associated with long downtimes. When compounded by more frequent

failures of minor components, they significantly increase O&M wind turbine 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 wind70

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 counterparts. This difference is largely attributed to higher failure rates in off-

shore 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.
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Turbine O&M costs represent the primary area for potential cost reductions, which can be accomplished through improved75

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 particular,

are exposed to more severe environments than onshore counterparts, due to higher wind speeds, salt-laden humidity, and ex-

treme weather events, which collectively accelerate degradation and increase failure rates (Carroll et al., 2016). The emergence80

of �oating offshore wind turbines introduces further complexity via platform-induced motions and additional dynamic loads,

amplifying operational stresses on critical components (McMorland et al., 2022). Consequently, both �xed and �oating off-

shore assets exhibit higher failure frequencies and face greater maintenance 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-

speci�c failure mechanisms is therefore essential for developing the advanced condition monitoring, diagnosis, prognosis, and85

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 fre-

quencies, mechanical failures result in signi�cantly longer outages, accounting for more than 75% of total downtime (Artigao

et al., 2018b). Speci�cally, electric systems, control systems, and blade/hub assemblies drive the highest failure rates, whereas90

gearboxes, generators, and hub/blade assemblies cause the most severe downtime (Artigao 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, generators consistently

account for high failure rates and signi�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 modes95

requiring extensive condition-based maintenance (Olabi et al., 2021; Carroll et al., 2016; Scheu et al., 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 loading 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 and100

fatigue, presenting the highest failure rates in offshore systems (Carroll et al., 2016). Although a pitch system failure can lead

to devastating 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 transmits loads to the main shaft, making it vulnerable to various failure

modes under highly non-steady loading. Historically, main bearing failure incidents may have been under-reported (Hart et al.,105

2020), as they are sometimes categorized under broader terms such as "drivetrain" or "other." However, recent data suggests

that main bearing failure rates can reach up to 30% over a turbine's lifetime Hart et al. (2019). While these typically result in
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lower annual failure costs than generators or gearboxes, the main shaft and bearings remain highly critical assemblies because

their speci�c downtime costs can equal those of the primary drivetrain components Hart et al. (2019).

1.2.3 Value of condition monitoring in cost scenarios110

Once wind turbines are installed in the �eld, the main opportunity 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 acqui-

sition, signal processing, feature extraction, modelling and analysis for fault detection, diagnostics and prognostics, and O&M

decision-making. Without investing in any dedicated instrumentation, modelling and analysis for the purpose of fault detection,115

diagnostics, or prognostics can be conducted using supervisory control and data acquisition (SCADA) system data. Based on

dedicated instrumentation, there are various condition monitoring technologies, e.g., vibration analysis typically using data

collected by accelerometers, oil debris monitoring using magnetic �eld or image-based sensing principles, oil condition track-

ing based on certain parameters such as cleanliness, contamination, or oxidation levels, and electric signature analysis, among

others. All of these monitoring solutions can be conducted continuously, which is recommended if budget is not a challenge,120

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 deviation 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 monitoring solutions, the main bene�t is to convert a potential full replacement to an

up-tower repair. Fault detection is good information that the industry can bene�t from. However, most end users would like125

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 actions must be taken. The request is along the line of prognostics, which has not been widely

adopted by the industry but has been actively investigated in the research community. The gap between academic exercises

and �eld adoption needs to be �lled before the industry can bene�t 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 analyzes of130

frequent failure modes are conducted and con�rmed, the feedback can 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 guide-

lines have been developed. They will become increasingly important as the industry adopts more predictive maintenance135

practices. A few well-established standards include the following: 1) ISO 20816-21: 2025 provides information regarding the

measurement and evaluation of the mechanical vibration of wind turbines and their components. It covers both geared and

direct-drive types of drivetrain con�gurations. Recommended zones for evaluation of vibration under continuous load opera-

tion are provided, although cautions need to be taken for early fault detection by using the recommended zone boundaries. 2)

ISO 17359 provides a general methodology for setting up condition monitoring programs. 3) ISO 13379 provides data inter-140
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pretation and diagnostics techniques applicable to wind turbines. 4) IEC 61400-25 provides uniform information exchange 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 practices, one notable effort is the O&M recommended practices published by American Clean

Power Association (formerly American Wind Energy Association). It has a chapter on condition-based maintenance, which145

covers general overview, vibration analysis, grease analysis on different components (e.g., main bearing, pitch bearing), tem-

perature measurement, nacelle parameter monitoring, oil monitoring, etc. In terms of guidelines, two older efforts are GL-IV-4,

and Allianz Zentrum für Technik report 03.01.068, on requirements for certi�cation of condition monitoring systems in wind

turbines. Their contents were mostly incorporated in DNVGL-SE-0439, a service speci�cation for certi�cation of wind turbine

condition monitoring systems.150

Current efforts on standards, recommended practices, and guidelines are addressing the evolving needs of the industry, such

as the ageing onshore �eet with increased failure rates and offshore wind turbines, which face harsher environmental conditions

and greater accessibility challenges. There is also a need to de�ne open data formats and improve interoperability among

condition monitoring systems, which can be accomplished through international collaborations on standards harmonization

and knowledge exchange among various standard organizations, such as ISO, IEC, and IEA. Future efforts are expected to155

account for impacts from arti�cial intelligence (AI) and machine learning (ML) on modelling and analysis in support of fault

detection, diagnostics, and prognostics, especially as turbines increase in rating and become more complex, automated, or

intelligent. Additionally, cybersecurity and data integrity within condition monitoring systems need to be better addressed

because of the increased connectivity and digitalization of wind plants.

1.3 Digital twin in condition monitoring160

A digital twin is a virtual counterpart of a physical system, de�ned by deep integration and automated data �ows between the

two (Kritzinger et al., 2018). In the context of condition monitoring and RUL, the concept rests on two pillars: 1) the use of

continuous data and modelling to mirror a turbine's operational history and degradation, and 2) the ability to predict how future

scenarios or decisions will impact component life (Errandonea et al., 2020). Figure 1 illustrates this framework for drivetrain

components. While a system that provides decision support is often termed adigital shadow, atruedigital twin acts as a direct165

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 is essential for replicating real-world operating conditions and failure modes.

These datasets are used to create synthetic representations of components like blades, bearings, and gearboxes, especially

when actual fault data is scarce (Zhao et al., 2022). This allows the digital twin to model how critical components behave170

under different stress levels, including rare or extreme failures, which improves prediction 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 behaviour but also facilitates the development of predictive maintenance protocols that can signi�cantly reduce

downtime and maintenance costs (Pacheco-Blazquez et al., 2024). Different modelling strategies are brie�y discussed below,
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Figure 1. Example of digital twin framework for continuous RUL estimation in wind turbine drivetrain components (Mehlan et al., 2023).

i.e., data-driven models including supervised and unsupervised, physics-based approaches, and data processing like continuous175

data support, data pre-processing, data storage, and decision support. The choice of different modelling strategies (data-driven,

physics-based, and hybrid) and how actually they improve the condition monitoring performance dependents largely on the

design information and data availability. For instance Gebel et al. presents a case where the operator has a large measurement

data, but is left with limited design information. The similar problem is also raised by Wada et al. 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. Development in AI and180

data-driven models opens an opportunity, but the advantage of physics-based simulations which do not require a large amount

of historical data for model training, as needed for data driven models, also enable prediction of the turbine's behaviour, even

in instances where such conditions have not been previously observed should not be overlooked (Gebel et al., 2025).

– Data-Driven Models - Supervised vs. Unsupervised: Data-driven models are instrumental within digital twins for wind

turbines. These models utilize historical and real-time data to forecast system health, and they can be categorized into185

supervised and unsupervised learning approaches. 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). Conversely, unsupervised models do not require prede�ned labels and are adept at detecting anomalies or

unexpected behaviours in turbine operations. This characteristic is particularly advantageous for identifying emerging or

previously unknown failure modes, thereby enhancing the overall reliability of wind turbine systems (Encalada-Dávila190

et al., 2021).

– Physics-based Models: Physics-based modelling is another approach to build models for digital twins where fundamen-

tal 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 estimate damage and RUL (Mehlan et al., 2022). Despite the dependency of data-driven mod-195
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els on large datasets, the physics-based models do not necessarily require historical data. However, having all physical

parameters to build a physics-based model is often a challenge, particularly for operators.

– Continuous Data Support: The ef�cacy of a wind turbine's digital twin is heavily reliant on the continuous in�ow

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 (Schröder et al.,200

2018). This constant data �ow is essential for real-time fault detection and early warning systems, allowing operators

to respond swiftly to potential issues, such as abnormal rotor behaviour or temperature �uctuations in the drivetrain

(Momber et al., 2022). Recent studies underscore the signi�cance of continuous data streams in enhancing the accuracy

of digital twins, particularly in areas like load monitoring and fatigue assessment, which are critical for ensuring the

longevity and ef�ciency of wind turbines (Mehlan and Nejad, 2024).205

– 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 �ltering to eliminate background noise (Peeters

et al., 2025, 2016), while SCADA data must be normalized to maintain consistency across multiple turbines (Ibrahim

et al., 2023). This pre-processing is crucial for the accuracy of the digital twin's predictive models, which depend on210

clean, structured data to monitor the health of turbine components and anticipate failures (Wagg et al., 2020). Without

rigorous data pre-processing, the reliability of the digital twin's predictions could be compromised, leading to inef�cient

maintenance strategies and increased operational risks (Wadhwani et al., 2022).

– Data Storage: The generation of large volumes of data by a digital twin requires ef�cient data storage solutions to man-

age both real-time and historical data effectively. High-frequency sensor data from the CMS and SCADA measurements215

are streamed into the digital 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 securely 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 retrieval sys-

tems facilitate the integration of real-time data with historical trends. As a result, the ability of digital twins to accurately220

predict the RUL of critical components, 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. Remaining useful life estimation is an

example of digital twin decision support at a prognostic capability level.225

1.3.1 Digital twin capability levels

DNV (DNV, 2020) has classi�ed a digital twin in six functional element capability levels where the capability increases for

each level. Level zero represents a stand-alone model with no data or decision exchange between the model and the asset.
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In this case, the physical asset may not even exist yet. A �nite 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 real230

asset. Here, the digital twin can describe 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 �ve is the "autonomous" level where the digital twin can take over

control from the user and control the asset.235

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. Speci�cally, these technologies target the reduction of risks asso-

ciated with design errors, maintenance-related downtime, and structural fatigue over an asset's lifecycle. As the digital twin

functionality level increases, the associated risk may also increase. It is therefore essential to evaluate the risk and uncertainty

throughout each level (Ibrion et al., 2019; Mehlan and Nejad, 2024).240

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) Disclosure of sensitive information may impact their business

competitiveness; 2) data sharing infrastructure introduced to facilitate the data sharing may pose new cybersecurity risks; 3)

uncertainty regarding speci�c data-driven project objectives and required data streams; and 4) lack of clarity concerning the245

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 resolutions. 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., standardization and FAIR data

principle) returned to data owner; 3) adopt a clear data protection mechanism, making it bene�cial to members of a consortium250

(e.g., NLR gearbox reliability database (NREL, 2018), EPRI WinNER (EPRI, 2021), and ORE Catapult Sparta (Catapult,

2020)), while releasing educational information to the public (e.g., data organized by turbine ratings, technology types without

disclosing turbine or component original equipment manufacturers); and 4) investigate novel data sharing approaches that

enable proprietary data sharing without disclosing sensitive information.

1.3.3 Ideal datasets for condition monitoring research255

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

�ve categories of information:

– Basic plant information, such as the site layout, resource measurements from met towers or turbine nacelles, the number

of turbines, and speci�c turbine speci�cations;
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– Operational data for the turbines or balance of plant, including SCADA time series and status codes recorded before and260

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 �le formats: time series (SCADA, vibration, oil debris, and met tower), text or string (status265

codes), Excel table entries (e.g., oil sample analysis results), and pdf (e.g., inspection or oil sample analysis reports). In addition,

with the advancement of modelling capabilities, there is abundant synthetic or simulated data, which can be bene�cial to

mitigate the unbalanced data challenge between faulty and healthy populations. In case a root cause investigation is conducted,

the �ndings are also valuable, especially condition monitoring recommendations that might be used for control adjustments,

reducing loads and extending component operational time or life. If more data from wind plants with the same or similar270

turbine models are available, it will be helpful to make the condition monitoring technologies transferable to different plants

or more robust with reduced uncertainty. From a broad industry-wide condition monitoring research perspective, it will be

extremely valuable to give the research community access to a large population of useable data based on multiple wind plants.

Moreover, data owners can gain immediate access to the developed condition monitoring technologies and help mature these

technologies before they are adopted by the rest of the industry.275

To address the data access and digitalization challenges, several international initiatives and research proposals have emerged,

targeting the technical, cultural, and business barriers that currently hinder sector-wide collaboration. These efforts, such as

those coordinated by IEA Wind Task 43 (Bray et al., 2021) , focus on streamlining the digitalization of wind energy through

international research on data standards, sharing protocols, and advanced analytics to improve life-cycle ef�ciency and reduce

costs. By developing collaborative ontologies, data maturity roadmaps, and guidelines for best practices, these projects aim280

to foster a culture of "coopetition". Ultimately, these initiatives seek to publish practical recommendations and success stories

that demonstrate how priority use cases can be solved through improved data sharing and organizational transparency.

1.4 Data labeling and annotation: Impact on model training

Model learning for distinguishing between healthy and faulty operational states of wind turbines faces several signi�cant

challenges when applied to experimental data. One major obstacle is the inherent imbalance in datasets, as fault occurrences285

are typically rare compared to normal operational data. This scarcity can result in models that are biased towards the majority

class, reducing their effectiveness in accurately detecting faults.

Additionally, experimental wind turbine data are often noisy and subject to variability due to �uctuating environmental

conditions, sensor inaccuracies, and operational inconsistencies, which complicates the extraction of reliable features. The

high dimensionality of the data, with numerous sensors capturing a wide range of parameters, further exacerbates the dif�culty290

of identifying relevant fault indicators. Furthermore, differences in turbine models and con�gurations introduce heterogeneity,
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hindering the development 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 review295

While the literature contains numerous reviews on speci�c condition monitoring technologies, this manuscript moves beyond

a purely descriptive consolidation of these methods. The contribution of this review lies in its comprehensive approach to

the condition monitoring pipeline, connecting raw data acquisition with practical O&M decision-making. Speci�cally, the

contributions of this review are threefold:

– Integration of emerging techniques:In addition to established methods, this review evaluates new diagnostic and prog-300

nostic approaches, such as video-based vibration analysis, deep learning for complex acoustic emission classi�cation,

and the transition toward 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 analyzed, particularly highlighting challenges related to data scarcity, dataset

imbalance, and uncertainty quanti�cation in complex environments.305

– A problem-driven perspective:By consolidating insights 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 deployment.

1.6 Organization of the manuscript

To guide the reader, the remainder of this manuscript is organized around the fundamental challenges of condition monitoring310

and asset management.

Section 2 establishes the context by analyzing currentfailure trends and identifying the critical components that cause

downtime in wind turbine drivetrains. Section 3 directly addresses the problem offault detection and diagnosis, detailing

strategies to identify and classify anomalies using SCADA, vibration, and acoustic emission data. Shifting to predictive ca-

pabilities, Section 4 covers the problem ofprognosis, focusing on RUL estimation methods and their practical limitations.315

Section 5 applies these diagnostic and prognostic strategies tospeci�c drivetrain components (main bearing, gearbox, gen-

erator, converter, and blades), discussing data and processing challenges for each. Finally, Section 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 �nal section concludes the paper with a summary and future outlook.
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2 Failure trends320

Understanding the reliability and historical performance of wind drivetrains is fundamental to developing effective monitoring

strategies. By identifying which components fail most frequently and which contribute most signi�cantly to downtime, oper-

ators can prioritize their condition monitoring efforts. This section analyzes the current failure statistics for wind turbines and

outlines the dominant failure modes affecting critical drivetrain components.

2.1 Key components causing downtime and their failure rates325

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 turbines, particularly in offshore wind energy, has been steadily increasing.

However, due to intense industry competition, information regarding wind turbine operations and failures is strictly protected,

with offshore wind failure data being particularly scarce. In this context, some prior studies have collected, analyzed, and com-

pared available data from onshore turbines along with the limited data accessible from offshore sources. For example, Carroll330

et al. (2016) released a dataset covering 350 offshore wind turbines across Europe, including statistics on failure rates, repair

costs, repair times, etc. Cevasco et al. (2021) provided a comprehensive analysis of reliability, availability, and maintainability

data for both onshore and offshore wind turbines. Dao et al. (2019) reviewed 18 sources of wind turbine reliability, availability,

and maintainability data, providing a visual comparison of failure rates and downtime for critical components in onshore and

offshore wind turbines, as illustrated in Figure 2 and Figure 3. The �gures show that the top three components with the highest

Figure 2. Failure rate comparison of components in onshore and offshore wind turbines (reproduced from Dao et al. (2019)).

335

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 direction, which require more frequent system adjustments, increasing the load and stress

on these components. While onshore turbines most frequently experience failures in electrical and control systems, the situation

offshore presents different 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 turbines are typically higher than onshore, and the340
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