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ABSTRACT: Offshore wind turbines are exposed to harsh marine conditions that accelerate degradation 
and make inspection costly, hazardous, and weather-dependent. Early fault detection is needed to reduce 
downtime and prevent structural failure. This review investigates offshore wind turbine failure mechanisms, 
inspection technologies, unmanned aerial vehicles (UAVs) and robotic systems, computer-vision-based 
defect detection, infrared thermography, and drone-assisted maintenance. A structured literature review 
methodology was used to synthesise studies across offshore engineering, robotics, sensing, and machine 
learning. The findings show that autonomous offshore fault detection remains limited by a lack of real-
world experimentation and data. UAV inspection systems offer strong remote inspection capability but 
often lack real-time perception and adaptive autonomy, while deep learning models remain highly 
dependent on controlled datasets and are vulnerable to offshore environmental noise. The literature is 
disconnected, with few studies integrating autonomous navigation, multimodal sensing, and onboard 
intelligence into a unified offshore inspection framework. These findings demonstrate the need for robust 
drone-based systems capable of reliable visual and thermal fault detection in real offshore environments. 

Keywords: Offshore wind turbines; Unmanned aerial vehicles; Drone inspection; Computer vision; 
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1. Introduction 

Offshore wind turbines operate in harsh marine environments that accelerate structural degradation and 
increase the likelihood of faults across blades, towers, drivetrains, and electrical systems [1–3]. Compared 
with onshore installations, offshore turbines are exposed to stronger winds, salt spray, high humidity, wave-
induced stress, and restricted maintenance access, all of which increase inspection difficulty and operational 
costs. As offshore wind farms continue to expand in size and distance from shore, the need for reliable, 
scalable, and cost-effective inspection strategies has become increasingly important [4]. 

Conventional inspection approaches remain heavily dependent on rope-access technicians, vessel 
support, and manual visual assessment [1,5]. While these methods can provide detailed information, they 
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are labour intensive, weather restricted, expensive to deploy, and difficult to scale efficiently across large 
offshore farms. Non-destructive testing methods such as infrared thermography, ultrasonic inspection, and 
vibration monitoring can improve inspections, but many of these techniques still require close-range 
specialist operators or fixed sensors. 

Recent advances in unmanned aerial vehicles (UAVs), computer vision, thermal imaging, and 
embedded artificial intelligence (AI) have created new opportunities for more autonomous inspection 
systems [6,7]. UAVs can capture high-resolution visual data while reducing the need for direct human 
access, and machine learning methods can support automated detection of structural and surface defects 
[8]. Infrared thermography further extends inspection capability by enabling the detection of subsurface 
anomalies, moisture ingress, and overheating in electrical components [9,10]. Together, these technologies 
offer strong potential for improving offshore wind turbine maintenance. 

The motivation for this review arises from the inequality between the rapid expansion of offshore wind 
farms and the limitations of existing inspection and maintenance. As wind farms grow, turbines become 
larger and move farther from shore, increasing the complexity of inspection with reliance on vessel use, 
operational downtime, and weather-dependent access. Although UAVs, computer vision, infrared 
thermography, and robotic systems each offer improvements, their effectiveness cannot be assessed solely 
as isolated technologies. An autonomous offshore inspection system would connect data, defect detection, 
autonomous navigation, environmental robustness, and decision-making within a systematic framework. 
Therefore, there is a need for a comprehensive review that evaluates not only the performance of individual 
inspection methods but also the ability to enable safe, scalable, and increasingly autonomous offshore wind 
turbine inspection and maintenance. 

UAV systems also create opportunities for dual data collection for environmental monitoring around 
offshore wind turbines. Drone-based aerial imagery has already been shown to automate wildlife detection 
and monitoring, like waterbirds, showing that UAV inspection platforms could also collect useful 
ecological data during routine missions [11]. Since drones and fixed cameras can repeatedly collect visual, 
thermal, acoustic, and spatial data, the same platforms could also record environmental information such 
as bird activity, weather conditions, rainfall, visibility, sea state, tidal behaviour, and surface temperature 
variation. Red, green, and blue (RGB) cameras could support bird and wildlife observation, infrared sensors 
could provide thermal information from turbine components and surrounding sea surfaces, and acoustic 
sensors could capture turbine or environmental sound data. This is important because offshore wind 
facilities still require improved technologies for monitoring birds and marine mammals [12]. Therefore, 
future autonomous offshore inspection systems may contribute not only to fault detection and maintenance 
planning, but also to wider environmental monitoring. 

Existing review papers have already examined aspects of wind turbine inspection and maintenance. 
Previous studies have reviewed non-destructive testing and monitoring for wind turbine blades [13,14], 
drone-based inspection of wind turbine blades [15], and UAV inspection of floating offshore wind turbines 
[16]. Other recent reviews have focused on autonomous UAV navigation using deep-learning-based 
computer vision frameworks [17] and infrared-visible image fusion methods [18,19]. These reviews 
summarise individual inspection, sensing, and defect detection. 

Despite this progress, the literature remains disconnected. Many studies focus on individual elements 
of the inspection pipeline, such as UAV navigation [17,20], defect detection algorithms [6,8], or thermal 
sensing [9,21], rather than fully integrated systems. In addition, many vision-based approaches are trained 
and evaluated using controlled or onshore datasets, making them vulnerable to motion blur, glare, humidity, 
and sea spray. As a result, few studies present a comprehensive framework that integrates autonomous 
flight, multimodal sensing, and real-time onboard intelligence for offshore wind turbine inspection. 

Several recent review papers have examined wind turbine blade inspection, drone inspection, and 
computer vision health monitoring. For example, recent reviews have discussed drone and deep-learning 
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technologies for wind turbine blade inspection, while others have focused on computer vision techniques 
for blade structural health monitoring or surface defect detection. These studies provide valuable summaries 
of inspection algorithms, sensing, and defect detection challenges. However, many existing reviews centre 
on blade-level damage detection, general drone inspection, or computer vision performance separately, 
rather than examining how UAV autonomy, onboard inference, RGB and infrared sensing, offshore 
environmental robustness, public dataset limitations, and future repair capability connect within a single 
offshore inspection framework. 

Rather than reviewing computer vision models alone, this paper evaluates the wider inspection pipeline, 
including offshore failure mechanisms, conventional inspection constraints, UAV and robotic platforms, 
RGB defect detection, infrared thermography, multimodal fusion, onboard versus offline inference, public 
dataset availability, and drone-assisted maintenance potential. This broader structure allows the review to 
identify not only which detection techniques perform well, but also whether they are practically robust for 
autonomous offshore wind turbine inspection. 

This review examines the current state of research on offshore wind turbine faults, inspection methods, 
UAV and robotic inspection platforms, computer-vision-based defect detection, infrared thermography, 
multimodal sensing, and the development of drone-assisted maintenance. The paper is structured as follows. 
Section 2 outlines the review methodology, search strategy, screening process, and thematic structuring of 
the literature. Section 3 covers the main topics in offshore wind turbine inspection, traces the development 
of autonomous inspection research, and explores turbine fault types, maintenance difficulties, and current 
inspection methods. Section 4 focuses on drones and robotic systems, including UAV-based inspection, 
alternative robotic platforms, and the emerging potential of drone-based repair and maintenance. Section 5 
examines computer vision and deep learning methods for fault detection, infrared thermography, and RGB-
infrared fusion for sensing. Section 6 provides a comparison of the reviewed literature, comparing 
inspection platforms, sensing methods, autonomy levels, datasets, validation settings, and offshore 
readiness. Finally, Section 7 discusses the main research trends, limitations, and future directions required 
to support autonomous offshore inspection in real offshore environments. 

2. Review Methodology 

This review used a structured methodology to identify, evaluate, and synthesise relevant literature on 
autonomous offshore wind turbine inspection. The objective was to capture research spanning offshore 
engineering, non-destructive testing, unmanned aerial vehicles, computer vision, infrared thermography, 
multimodal sensing, and drone-assisted repair. A transparent and reproducible review process was adopted 
to reduce bias, providing a reliable evidence base for the analysis in this paper. 

The review was conducted in accordance with the principles of the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA) framework. Given the engineering and robotics focus 
of the topic, PRISMA guidelines were adapted to suit technical literature rather than clinical or medical 
studies. The framework was used to structure the identification, screening, assessment, and final inclusion 
of relevant publications. 

A structured search was carried out across four major academic databases: IEEE Xplore, ScienceDirect, 
Google Scholar, and the Computer Vision Foundation (CVF Open Access). These databases were selected 
to ensure comprehensive coverage across electrical engineering, robotics, computer vision, industrial 
inspection, and offshore energy research. The search covered publications from 2000 to 2026. This timeframe 
was selected to capture foundational developments in UAV systems and early computer-vision methods while 
prioritising more recent advances in deep learning, multimodal sensing, and autonomous inspection systems. 

The study selection process followed the four principal phases defined by PRISMA: identification, 
screening, eligibility, and inclusion. Titles and abstracts were reviewed to assess relevance to autonomous 
offshore inspection, and full-text assessments were conducted against the inclusion and exclusion criteria. 
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Emphasis was placed on empirical validation, environmental testing conditions, and potential 
transferability to offshore environments. 

The review process followed PRISMA principles to document the progression of records. This approach 
was used to ensure that the final body of literature was relevant to offshore wind turbine inspection, UAV-
based monitoring, multimodal sensing, computer vision, and related autonomous maintenance technologies. 
The selection process of the records is shown in Figure 1. 

 

Figure 1. PRISMA 2020 flow diagram showing the records identified, screened, eligible, and included in this literature review. 
Adapted from [22], licensed under CC BY 4.0. 

The initial database search returned 109 records. After the removal of 6 duplicate records and 8 records 
excluded for other reasons, 95 records remained for title and abstract screening. Following this stage, 23 
records were excluded for not meeting the scope of the review. The remaining 72 reports were sought for 
retrieval, of which 4 were not retrieved. A total of 68 full-text articles were therefore assessed for eligibility 
against the predefined inclusion and exclusion criteria. Following full-text review, 68 studies were retained 
for detailed analysis and thematic synthesis, forming the evidence base for the systematic literature review 
presented in this paper. 

Additional supporting references were also used where required to provide a wider context on offshore 
wind operation and maintenance costs, environmental monitoring, inspection safety, and related 
infrastructure inspection. These references are included in the final reference list but were not counted as 
part of the PRISMA screened core study set. 
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Structure of the Literature Review 

The literature is organised into themes. These themes represent both foundational and emerging 
technologies in autonomous offshore wind turbine inspection. The review begins with turbine failure 
mechanisms and conventional inspection approaches, progressing to UAV-based inspection platforms, 
computer vision techniques, and thermal sensing. Finally, the review considers multimodal sensing systems, 
AI-driven autonomy, and broader research trends. The authors developed Figure 2 to summarise the 
thematic structure identified across the reviewed literature. 

 

Figure 2. Thematic structure of the literature review, developed by the authors based on the reviewed literature. 

3. Thematic Literature Review 

3.1. Evolution of Autonomous Wind Turbine Inspection Research 

Research into wind turbine inspection technologies has evolved significantly over the past two decades 
as wind energy infrastructure increases in both scale and complexity [1,5]. Early inspection methods relied 
heavily on manual approaches, including rope-access inspections and ground-based visual surveys 
conducted by trained personnel. While these methods provided reliable structural assessments, they were 
time-consuming, costly, and often posed safety risks for maintenance workers working at significant 
heights and in challenging offshore environments. 

Throughout the 2000s, wind turbine blade inspection research was largely centred on conventional 
testing, non-destructive testing (NDT), and structural monitoring approaches, such as ultrasonic inspection, 
acoustic emission monitoring, and vibration analysis [13,14]. These techniques enabled early detection of 
structural faults within turbine components but required direct physical access to the turbine structure and 
specialised equipment. 

The rapid development of unmanned aerial vehicle (UAV) technology in the late 2000s and early 2010s 
marked a significant shift in inspection approaches. UAV platforms enabled remote visual inspection of 
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turbine blades and towers by capturing images. This significantly reduced the need for manual access and 
allowed inspection to be conducted more quickly and safely. 

From the late 2010s onwards, advances in computer vision and deep learning began transforming wind 
turbine inspection research. Convolutional neural networks (CNNs) and object detection models have been 
increasingly applied to analyse aerial images captured by drones, enabling automated detection of common 
blade defects such as cracks, erosion, and lightning damage. These developments significantly improved 
inspection efficiency by reducing reliance on manual image analysis. 

More recently, research has expanded toward multimodal inspection systems that combine multiple 
sensing technologies. The integration of RGB imaging with infrared thermography has shown promise for 
improving defect detection by capturing both visual surface damage and subsurface thermal anomalies. At 
the same time, advances in autonomous navigation and onboard computing have enabled the development 
of UAV systems capable of performing semi-autonomous or fully autonomous inspection missions. 

Despite these advances, fully integrated inspection systems combining UAV autonomy, multimodal 
sensing, and real-time onboard defect detection remain an active area of research. Many existing studies 
focus on individual components of the inspection process, such as drone platforms, sensing technologies, 
or computer vision algorithms, rather than complete inspection solutions. 

Timeline of Technological Development in Wind Turbine Inspection 

To illustrate how the field has evolved, Figure 3 presents a milestone timeline of wind turbine 
inspection research. Rather than showing only broad technology, the timeline highlights relevant studies 
and developments that mark the progression from manual inspection and conventional non-destructive 
testing toward UAV-based imaging, AI-enabled fault detection, multimodal sensing, and more autonomous 
inspection systems. Deep learning inspection is using increasingly more object-detection methods like You 
Only Look Once (YOLO) and Faster Region-based Convolutional Neural Network (Faster R-CNN). Figure 
4 provides representative examples of the main research directions shown in the timeline, while Table 1 
summarises the supporting studies associated with each stage of development. 

 

Figure 3. Timeline of wind turbine inspection research. 
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Figure 4. Author-created schematic illustrating the six main research directions identified in the reviewed literature: (A) conventional 
non-destructive testing (NDT) and blade inspection [1,14]; (B) unmanned aerial vehicle (UAV)-based wind turbine inspection [1]; (C) 
computer-vision-based defect detection [8]; (D) deep-learning-based damage detection [23]; (E) optical–thermal blade segmentation 
and multimodal sensing [7]; and (F) fully autonomous UAV inspection [6,24]. Created by the authors based on the reviewed literature. 

Table 1. Supporting studies and selected topics represented in the wind turbine inspection research time. 

Year/Period Timeline Topic Research Focus Supporting Studies Example 

2000–2010 
Traditional inspection 
and NDT methods 

Manual inspection, rope-access assessment, 
ultrasonic testing, vibration analysis, and 
early condition-monitoring methods for wind 
turbine maintenance. 

[2–4,13,14,25–39] 

Manual blade 
inspection and 
conventional NDT 
methods. 

2011–2014 
UAV visual inspection 
introduced 

Early use of UAVs and remote imaging 
platforms for capturing close-range images 
of wind turbine blades and towers. 

[1,15,16,40–43] 
UAV image-
capture setup for 
blade inspection. 

2015–2018 
Computer vision for 
defect detection 

Transition from image capture alone toward 
automated image processing and computer-
vision-based detection of visible defects such 
as cracks, erosion, and surface damage. 

[8,44–48] 

Image showing 
detected blade 
cracks, erosion, or 
defect regions. 

2017–2020 
Deep learning models 
for automated 
inspection 

Use of convolutional neural networks, object 
detection models, and segmentation 
approaches for automated wind turbine 
defect classification and localisation 

[23,49–69] 

CNN, YOLO, 
Faster R-CNN, or 
U-Net detection 
output. 

2020–2023 
Multimodal sensing 
using RGB and 
infrared 

Integration of RGB imagery with infrared 
thermography to improve the detection of 
both visible surface faults and non-visible 
thermal anomalies. 

[7,9,10,18,19,21,70–88] 

Paired RGB and 
thermal image or 
fusion-based 
detection result. 
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2023–2026 
Autonomous UAV 
inspection systems 

Movement toward UAV systems combining 
autonomous navigation, onboard 
intelligence, perception-guided inspection, 
and real-time fault detection. 

[5,6,17,20,24,89–96] 

Autonomous UAV 
inspection 
framework and 
onboard AI 
pipeline. 

3.2. Offshore Wind Turbine Faults and Maintenance Challenges 

Offshore wind turbines operate under harsh marine conditions that increase the likelihood of faults. 
Compared with onshore turbines, offshore systems are exposed to stronger winds, salt spray, high humidity, 
wave-induced loading, temperature fluctuations, and restricted access. These factors not only increase the 
rate of component deterioration but also complicate the detection, diagnosis, and repair of faults. 

Failures may occur across all components of wind turbines. Rotor blades are particularly vulnerable 
due to continuous operation and direct exposure to environmental stressors. Common blade-related defects 
include surface cracking [33], leading-edge erosion [34], delamination, adhesive joint failure, lightning 
strike damage, and moisture ingress [8,26,29,31,32]. These faults can reduce aerodynamic efficiency, 
accelerate long-term deterioration, and in severe cases lead to complete failure. 

Other turbine components are also at risk. Towers and support structures are vulnerable to corrosion, 
coating degradation, and fatigue-related damage [1,5]. Gearboxes, bearings, and drivetrain components are 
subject to wear, lubrication degradation, vibration-induced stress, and misalignment [10]. Electrical systems, 
including generators, converters, cabling [28], and transformers, may experience overheating, insulation 
degradation, and intermittent faults that are difficult to detect without specialised monitoring methods. 

It is important that inspection methods are designed to be flexible and incorporate the detection of a 
variety of faults that can occur in an offshore wind turbine. Some defects, such as surface cracks, erosion, 
and visible lightning damage [26,29,31], are well suited to RGB-based visual inspection. Others, including 
subsurface delamination, moisture ingress, or overheating in friction-based parts or electrical components, 
may be more effectively detected using infrared thermography or other non-destructive testing techniques. 
This reinforces the need for inspection frameworks that can combine sensing modalities rather than relying 
on a single imaging source. 

3.2.1. Major Fault Categories in Offshore Wind Turbines 

The literature shows that offshore wind turbine faults can be broadly grouped into blade faults, 
structural faults, drivetrain faults, cable faults, and electrical faults. Blade faults are the most frequently 
discussed in inspection literature due to their accessibility to camera-based inspection and their strong 
influence on energy efficiency. However, a complete maintenance strategy must also account for less 
visually obvious faults occurring in internal components and electrical systems. 

Table 2 summarises the major fault categories commonly discussed in offshore wind turbine 
maintenance literature and links them to suitable inspection approaches [36,37]. 

Table 2. Major offshore wind turbine fault categories, suitable detection methods, and supporting studies. 

Fault Type Fault Location Potential Risk Detection Method Supporting Studies 
Surface cracks Rotor blade Reduced structural integrity RGB visual inspection [32,33,36] 
Leading-edge erosion Blade surface Reduced aerodynamic efficiencyRGB visual inspection [8,34,44] 

Delamination Composite blade Structural weakening 
Infrared 
thermography/ultrasonic 

[9,14,77] 

Lightning strike 
damage 

Blade tip/surface Surface and internal damage RGB + infrared [26,29,31] 

Moisture ingress Blade structure Long-term internal degradation Infrared thermography [9,77,88] 
Corrosion Tower/blades Material degradation RGB visual inspection [1,5,36] 
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Gearbox wear Gearbox/drivetrain Reduced reliability, failure risk 
Vibration/condition 
monitoring 

[10,60,65] 

Bearing faults Bearings/drivetrain 
Increased friction and failure 
risk 

Vibration monitoring [2,3,62] 

Electrical overheating Generator/converter/cables Efficiency loss, fire/failure risk Infrared thermography [10,71,78] 
Coating degradation Exterior Increased corrosion exposure RGB visual inspection [34,36,37] 

The impact of these faults is linked to their downtime, repair complexity, and whether maintenance 
can be planned before failure occurs. Minor surface faults, such as coating degradation, early corrosion, 
surface cracks, and leading-edge erosion, may initially cause less downtime, but can progressively reduce 
aerodynamic performance, increase material degradation, and develop into more costly structural repairs if 
left untreated. Drivetrain and electrical failures can have a much greater operational impact because they 
may require specialist labour, vessel deployment, component replacement, and suitable offshore access 
windows before the turbine can return to service. Offshore analysis shows that failures can be grouped into 
minor repairs, major repairs, and major replacements, with average repair times of approximately 6.67 days, 
17.64 days, and 116.19 days, respectively [38]. This demonstrates that while many faults may begin as 
minor defects, they can progress to more severe failures, producing long periods of insignificance and non-
operational windows, particularly when major replacement is required. 

The economic impact of faults is also dependent on the affected system. Recent offshore wind farm 
maintenance analysis shows that operations and maintenance costs can represent around 30% of wind farm 
costs, making fault prevention and maintenance planning critical for reducing overall cost [39]. In the same 
study, electrical components represented approximately 28% of all failures and nearly 40% of revenue loss 
due to downtime, while gearbox maintenance was mainly driven by high replacement costs rather than 
downtime [39]. Early fault detection is valuable not only because it identifies physical damage, but because 
it allows operators to plan maintenance, avoid shutdowns, reduce downtime and revenue loss, and prevent 
developing faults from progressing into major failures. 

3.2.2. Sensitivity of Offshore Wind Turbine Structures 

Sensitivity analysis determines how variations and uncertainties in design and environmental 
parameters influence the response of offshore structures. This is particularly important for floating offshore 
wind turbines because their hydrodynamic and structural behaviour depends on interactions between the 
turbine, floating platform, mooring system, and surrounding marine environment. 

The parameters considered in sensitivity studies can be divided into three groups. Mooring-system 
parameters include line length, type, configuration, diameter, and pretension. Platform and structural 
parameters include connector stiffness, platform configuration, natural periods, centre-of-mass position, 
material properties, and other structural characteristics. Environmental parameters include wind turbulence, 
wave conditions, current velocity, and uncertain boundary conditions. The reviewed evidence shows that 
variations in these parameters can influence platform motion, structural loads, mooring tension, 
hydrodynamic and hydroelasticity responses, and overall design reliability [97]. 

For autonomous inspection, these findings imply that structural and environmental variability should 
also be considered when planning UAV operations. Variations in platform heave, pitch, roll, yaw, and 
horizontal motion can alter the relative position between the UAV and the turbine. This may affect flight 
stability, stand-off distance, viewing angle, image sharpness, and the repeatability of inspection data. 
Structural sensitivity may also influence inspection priorities because components, connectors, and mooring 
elements that experience greater load variation or localised stress may require more frequent monitoring. 

Laboratory experiments and simulations remain valuable for system development, but they may not 
fully reproduce the combined uncertainty associated with wind, waves, platform motion, sea spray, 
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visibility, and changing UAV-to-structure distances. Realistic field trials and offshore flight data are 
therefore important for validating autonomous flight-control and inspection systems under the conditions 
in which they are expected to operate. Sensitivity-informed inspection planning could help identify both 
the components requiring closer monitoring and the environmental conditions under which inspection data 
can be collected reliably. However, the literature currently provides limited integration between structural 
sensitivity analysis and autonomous UAV inspection, representing an important direction for future research. 

3.2.3. Maintenance Challenges in Offshore Environments 

Many wind turbine faults are well understood; however, offshore maintenance is still difficult to operate. 
Windows of good weather, sea state, vessel availability, technician safety requirements, and high costs 
constrain access to offshore turbines. Even routine inspections may require extensive logistical planning, 
making frequent manual monitoring inefficient and expensive [1,2,5]. Another critical challenge is that 
many traditional inspection techniques require close-range access or direct contact with sensors [13]. Rope-
access inspection provides a detailed visual assessment, but it is labour intensive, hazardous, and difficult 
to scale across large offshore farms [1,5]. Similarly, non-destructive testing techniques such as ultrasonic 
inspection, vibration monitoring, and thermographic surveys can provide valuable diagnostic information, 
but often depend on specialist operators, dedicated hardware, or controlled inspection conditions [10,13]. 

These challenges have motivated increasing interest in UAV-based and autonomous inspection methods 
[6,17,20]. However, offshore deployment introduces additional complications, including strong wind gusts, 
platform motion, salt contamination, glare, changing illumination, and unstable stand-off distances during 
image capture [1,5,42]. These factors can degrade image quality, reduce defect visibility, and limit the 
reliability of vision-based fault detection models trained only on controlled or onshore datasets [6,8,9]. 

Overall, the literature suggests that the main challenge is not simply detecting faults, but doing so 
reliably, safely, and repeatedly under real offshore conditions. This creates a strong case for multimodal 
and autonomous inspection systems that combine robust sensing, intelligent fault detection, and adaptive 
flight control within a unified inspection framework. 

3.3. Current Wind Turbine Inspection Techniques 

Inspection approaches have evolved from traditional manual methods to more remote, data-driven, and 
automated techniques in response to the need for improved safety, reduced downtime, and lower 
maintenance costs [1,2,5]. In the context of offshore wind turbines, inspection techniques must not only 
accurately identify structural and operational faults but also remain practical under harsh environmental 
conditions [1,5,42]. Current approaches can broadly be divided into manual inspection methods, ground-
based remote inspection systems, and UAV-based inspection platforms [1,6,13]. 

3.3.1. Manual and Ground-Based Inspection Methods 

Manual inspection has been the primary method for wind turbine assessment and is widely used in 
industry, particularly when close-range examination is required [1,2,13]. Technicians physically access 
turbine components using rope-access systems, suspended platforms, cranes, or internal tower access in 
order to visually inspect surfaces or perform non-destructive testing [1,5,13]. Manual methods are 
especially useful for detecting visible blade damage, coating degradation, surface cracks, leading-edge 
erosion, and lightning strike effects [1,8,32]. 

However, the disadvantages of manual inspection are significant. These methods are labour intensive, 
time-consuming, and expensive, particularly in offshore environments where access depends on vessel 
deployment, good weather, and strict safety procedures [1,2,5]. Rope-access inspection is also dangerous 
for technicians due to working at height and in variable offshore conditions [1,5]. The transfer of technical 
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staff from service vessels to turbine platforms poses an additional safety risk, as workers may be exposed 
to wave motion, unstable access conditions, slippery surfaces, and sudden changes in weather conditions 
during boarding or disembarkation. These access-related hazards make offshore inspection not only costly 
and weather dependent, but also a safety challenge. For large offshore farms containing many turbines, 
manual inspection is difficult to scale and may result in long inspection intervals, delaying the identification 
of faults [1,2,6]. 

Remote ground inspection techniques were developed to reduce the need for direct human access while 
still allowing visual or sensor-based assessment of turbine structures [1,2,5]. These methods typically use 
high-resolution cameras, laser scanning systems, or other remote sensing devices positioned onshore, at 
nearby service locations, or on vessels [1,13]. Ground-based methods support rapid assessment, but image 
quality may be reduced by long stand-off distances, poor lighting, atmospheric distortion, sea spray, and 
restricted viewing angles [1,8]. As a result, ground-based methods may be useful for preliminary 
assessment, but often lack the flexibility and image detail needed for reliable defect characterisation across 
all turbine components [1,5,8]. 

3.3.2. UAV-Based Inspection 

UAV-based inspection has become one of the most significant developments in wind turbine monitoring 
because it enables close-range image capture while reducing the need for direct technician access to 
hazardous areas [1,5,6]. By flying near turbine blades, towers, and nacelles, drones can capture high-
resolution imagery from viewpoints that are difficult or impossible to achieve using ground-based systems. 

The main advantages of UAV inspection are improved safety, faster deployment, greater flexibility, 
capacity for repeated monitoring, and automated image analysis [1,2,6]. This makes UAVs a good 
foundation for future intelligent inspection systems, particularly when combined with computer vision, 
thermal sensing, and autonomous navigation [6,7,17,20]. 

However, UAV inspection remains challenging in offshore environments. Stable flight near large 
turbine structures can be affected by wind turbulence, moving launch platforms, salt contamination, glare, 
variable illumination, and unstable stand-off distances [1,5,42]. Image-based inspection also depends 
heavily on data quality, meaning that poor camera angles, motion blur, or insufficient training data can 
reduce the reliability of automated defect detection methods [6,8,9]. Therefore, UAV inspection provides 
a strong foundation for offshore monitoring, but further integration with robust sensing, computer vision, 
and autonomous control is still required. 

3.3.3. Comparative Assessment of Inspection Techniques 

Side by side, the three inspection categories show strong differences. Manual inspection provides the 
greatest opportunity for detailed close-range assessment, but it is the least efficient and most hazardous 
option [1,2,5]. Ground-based methods reduce safety risks and can support rapid preliminary assessment, 
but they are restricted by viewpoint limitations and often provide lower-quality data [1,8,13]. UAV-based 
inspection offers a stronger balance between safety, flexibility, and inspection coverage, although it 
introduces new technical challenges related to flight control, sensing reliability, and environmental 
variation [6,17,42]. 

Although the continuous monitoring of wind turbines with these autonomous systems may not be as 
effective at identifying every issue, it is still beneficial in observing the operations of a wind turbine. Simply 
noticing a decrease in operational efficiency in any category can help diagnose and repair issues without 
relying on manual inspection. Furthermore, the frequency with which UAVs can be deployed is vastly 
greater than that achievable with manual inspection [1,2,6]. The average manual inspection of a wind 
turbine happens 1–2 times a year at most [1]. Therefore, continuous monitoring using autonomous systems 
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can detect and categorise faults much earlier than what is currently available, reducing future issues and 
making green energy more efficient [5,6,17]. 

Another avenue for improving inspection is the development of sensors embedded into inspection 
platforms. This can already be seen in wind turbine condition-monitoring systems, where vibration, strain, 
temperature, acoustic emission, electrical, and supervisory control and data acquisition (SCADA)-based 
measurements are used to observe turbine behaviour and identify early signs of faults during operation [2,3]. 
For drone-assisted inspection, this creates an opportunity to move beyond simple image capture by 
integrating additional sensors onto UAV platforms, such as thermal cameras, acoustic sensors, light 
detection and ranging (LiDAR), vibration sensing attachments, and environmental monitoring sensors. 
These systems could allow drones to collect multiple forms of diagnostic data during repeated inspection 
missions, helping to detect faults that may not be visible through RGB imagery alone. 

However, the use of UAV-mounted or contact-based sensing remains underdeveloped, especially 
where accurate physical contact with turbine components is required. Unlike fixed sensors installed within 
the turbine, drones currently face limitations in stable contact, payload capacity, flight time, sensor 
calibration, and operation in harsh offshore weather. Despite these challenges, UAV-based sensing offers 
major advantages in scalability and flexibility, since the same mobile platform can inspect multiple turbines 
without requiring permanent sensors to be installed on every component. Therefore, future offshore 
inspection systems may benefit from combining fixed condition-monitoring with drone-mounted 
multimodal sensing, allowing embedded turbine sensors to identify abnormal behaviour and UAVs to 
perform targeted visual, thermal, acoustic, or close-range follow-up inspection when needed [39]. 

This comparison explains why recent literature increasingly favours UAV-based inspection as the most 
practical direction for offshore monitoring research. While manual and ground-based approaches still have 
value in specific situations, UAV platforms provide the most effective foundation for integrating advanced 
sensing, computer vision, and autonomous control. As a result, they have become the dominant platform in 
many modern wind turbine inspection studies [5–7,17]. A comparison of the main inspection techniques is 
shown in Table 3. 

Table 3. Comparison of current wind turbine inspection techniques and supporting studies. 

Inspection Type Primary Use Strengths Weaknesses Efficiency Supporting Studies 

Manual 
Confirmatory close-

range inspection 
High detail, direct 

confirmation of damage 
Dangerous, slow, 

expensive 
Low [1,2,13] 

Ground-based 
Preliminary 
screening 

Safer, simpler deployment, 
lower cost 

Limited angles, reduced 
image detail 

Medium [1,8,13] 

UAV-based 
Remote inspection 

platform 

Safe, flexible, scalable, 
high-quality close-range 

imagery 

Weather sensitivity, 
flight complexity, and 

data quality dependence 
High [1,5,6,16] 

Autonomous UAV 
Large-scale 

inspection solution 
Repeatable, reduced labour, 

integration with AI 
Technically complex, 

still developing 
Very High [6,17,20,24] 

4. Drones and Robotic Systems for Inspection 

Drones and robotic systems are transforming wind turbine inspections, breaking free from traditional 
access methods and driving a new era of fully automated, high-efficiency inspections. As offshore turbines 
have increased in size, number, and distance from shore, inspection has become not only a sensing problem but 
also a platform-deployment problem. The choice of robotic platform affects how inspection data is collected, 
what components can be accessed, and how easily systems can operate under offshore constraints [1,2,5,16]. 

Among the available platforms, unmanned aerial vehicles (UAVs) have become the most widely used 
due to their mobility and compatibility with imaging-based inspection [1,6,17]. However, they do not 
represent robotic inspection research as a whole. Systems such as climbing robots, crawler platforms, and 
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marine robotic support systems are also being explored for tasks that require stable contact, specialised 
access, or coordination between different parts of the turbine [2,5]. 

Recent research points to broader inspection ecosystems in which UAVs, contact-based robots, and 
offshore support systems operate together [5,6]. This wider look is important because it positions robotic 
inspection not only as a method for image capture, but as an essential component of intelligent and 
autonomous offshore maintenance [5,17,20]. 

4.1. Unmanned Aerial Vehicles for Wind Turbine Inspection 

UAVs are the dominant robotic platform in wind turbine inspection research and form the foundation 
of recent autonomous inspection systems [1,6,15,17]. Their main importance lies in their ability to act as 
mobile sensing platforms that can support image capture, multimodal sensing, and perception-guided 
inspection without requiring direct human access to hazardous turbine surfaces [5–7]. 

UAVs are unique in their exceptional ability to combine platform mobility with modern sensing and 
AI-based analysis [6,17,20]. They can carry RGB cameras, thermal sensors, LiDAR, and embedded 
computing hardware, allowing them to support a wide range of inspection objectives while also integrating 
with computer vision and autonomous navigation frameworks [6,7,9,17]. This makes them particularly 
relevant to offshore inspection, where flexible deployment and high data coverage are essential. 

UAV technology has many strengths but is in its infancy, so it is limited in the contact it can achieve 
and in its repair capabilities [2,5]. Regardless, drones provide the most useful platform due to their 
omnidirectional control, making them suitable for non-contact inspection, such as RGB and infrared, and 
have major potential for the future of inspection and repair [1,6,7]. 

4.2. Robotic and Alternative Inspection Platforms 

Although UAVs dominate recent literature, they are not the only robotic systems considered for turbine 
inspection. Alternative robotic platforms have been explored to address limitations associated with aerial 
flight or to provide access to areas that UAVs cannot easily inspect [2,5]. 

Climbing robots represent one such approach. These systems are designed to attach to turbine towers 
or blade surfaces and move along the structure while capturing close-range inspection data [5]. Their main 
advantage lies in their ability to maintain consistent proximity to the inspection surface, potentially 
improving image stability and data quality. However, their deployment can be mechanically complex, and 
their mobility is more constrained than that of UAVs [1,5]. 

The literature also suggests that future offshore inspection and maintenance may rely on coordinated 
robotic ecosystems rather than UAVs alone. This can be seen in the work of Jiang et al. [5], who developed 
a multirobot system for the autonomous deployment and recovery of a blade crawler for offshore wind 
turbine blade operations and maintenance. Although this is not an aerial inspection platform, it is highly 
relevant because it demonstrates how different robotic agents can be combined to support access, 
interaction, and maintenance on offshore structures. In this context, UAVs may be most effective when 
used for rapid survey, defect localisation, and situational awareness, while contact-based robotic systems 
undertake close-range inspection or repair tasks. 

Marine robotic systems may also be relevant in offshore environments. Remotely operated vehicles 
(ROVs) and autonomous surface or underwater platforms are more commonly associated with subsea 
inspection tasks, such as foundation or cable monitoring, but they remain part of the broader offshore 
maintenance ecosystem [5]. 

Other alternative systems include fixed camera installations, robotic arms for repair or close-contact 
sensing, and hybrid inspection concepts combining multiple platforms [5]. While many of these approaches 
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remain less mature than UAV-based inspection, they demonstrate that turbine monitoring is gradually 
moving toward integrated robotic ecosystems rather than a single-platform solution. 

4.3. Comparing the Roles of Inspection Platforms 

When inspection platforms are compared, UAVs currently offer the strongest balance between 
flexibility, inspection coverage, deployment practicality, and compatibility with image-based defect 
detection [5,6]. Their ability to rapidly capture detailed data from multiple turbine components makes them 
the most suitable platform for routine visual inspection and for research involving computer vision and 
autonomous monitoring. 

In contrast, climbing robots and other contact-based systems may provide more stable sensing under 
certain conditions, but they are generally more limited in mobility and operational scalability. Marine robotic 
systems are highly valuable for offshore support and subsea asset inspection, but they are less suited to the 
blade and nacelle inspection tasks that dominate much of the wind turbine defect detection literature [5]. 

For these reasons, the literature increasingly shows UAVs as the primary platform for future offshore 
wind turbine inspection systems [1,6]. However, the long-term direction of research is likely to involve 
collaboration between multiple robotic systems, with UAVs providing rapid aerial assessment and other 
robotic or marine platforms supporting specialised inspection, repair, or maintenance tasks. This broader 
perspective is important because it positions autonomous inspection not only as a drone problem, but as 
part of a wider intelligent maintenance framework. 

4.4. Drone-Based Repair and Maintenance Potential 

Research into drone-based repair remains at an early stage, yet it represents an emerging direction for 
reducing offshore maintenance costs and enabling faster response to developing faults [5]. While most 
current UAV research in wind energy focuses on inspection and monitoring, work has also begun to explore 
whether aerial robotic systems could support minor repair and maintenance operations [91,93]. This 
possibility is particularly useful in offshore environments, where technician access is costly, weather-
dependent, and often hazardous. 

The literature increasingly suggests that inspection and maintenance may converge. This can again be 
seen in the work of Jiang et al. [5], whose multirobot system for the deployment and recovery of a blade 
crawler illustrates how offshore maintenance may involve cooperation among different robotic platforms 
rather than reliance on a single vehicle type. Although their system is not a UAV-based repair solution in 
itself, it is highly relevant because it suggests that autonomous drone inspection may eventually serve as 
one component of a larger organization comprising aerial, surface, and contact-based robotic agents. 

Existing repair-oriented studies primarily investigate lightweight, contact-based UAV systems 
designed to assist, rather than replace, human technicians [91,93]. Early demonstrations have explored 
drones equipped with small robotic manipulators capable of performing simple maintenance actions such 
as surface cleaning, coating application, brushing, and dispensing repair materials. These studies suggest 
that aerial systems may eventually support localised intervention tasks, particularly in areas where manual 
access is difficult or unsafe. 

More advanced concepts extend this idea toward cooperative robotic maintenance. UAVs may operate 
alongside ground-based robots, climbing systems, or remotely operated marine vehicles to support inspection 
and repair of both above-water and submerged infrastructure [5]. These concepts are particularly relevant 
to offshore wind farms, where maintenance is not limited to blades and nacelles but may also involve towers, 
foundations, cables, and support structures. As a result, drone-based repair should be understood not only 
as an aerial manipulation problem, but as part of a broader autonomous maintenance ecosystem [47]. 
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A major challenge in aerial repair is the need for stable and controlled physical interaction with the turbine 
surface [91,92]. Unlike inspection, which can often be performed without contact, repair tasks require the 
UAV to maintain accurate positioning while applying force, manipulating a tool, or dispensing material. 
To address this, some studies have investigated suction anchors, compliant end-effectors, passive force-
control structures, and lightweight stabilisation mechanisms intended to improve contact reliability [91–93]. 
Although promising in principle, these systems remain difficult to deploy under realistic offshore conditions. 

The offshore environment can have many barriers to aerial repair. Rotor-wake turbulence, varying 
wind conditions, drone motion, salt contamination, moisture, and limited stand-off stability all complicate 
precise manipulation near large turbine structures [1,5,42]. Payload capacity is another key limitation, since 
repair tools, stabilisation systems, sensors, and onboard computation all compete for mass and power within 
a constrained aerial platform. These factors make high-precision UAV repair significantly more challenging 
than image-based UAV inspection [91–93]. 

Despite these limitations, research trends point toward increasing autonomy and capability in aerial 
maintenance systems. Advances in lightweight manipulators, force sensing, tactile feedback, compliant 
control, and perception-guided planning may eventually enable UAVs to perform tasks such as crack 
sealing, erosion patching, resin injection, or targeted coating restoration with ease [91–93]. In the longer 
term, integrating such repair functions with real-time defect detection could allow UAVs not only to identify 
faults but also to respond to them immediately, reducing downtime and improving turbine availability. 

However, drone-based repair systems remain at low technology readiness levels, and no autonomous 
system has yet demonstrated reliable, high-precision offshore turbine repair under realistic operating 
conditions [5,93]. The current literature, therefore, suggests that drone-based maintenance should be viewed 
as a promising but immature research area [92,93]. 

Overall, drone-based repair and maintenance remains a long-term opportunity rather than a near-term 
operational solution. However, it is an important direction as it increases the role of UAVs beyond passive 
inspection toward active intervention, thereby getting closer to a complete autonomous offshore 
maintenance system. 

5. Computer Vision and Deep Learning in Fault Detection 

Computer vision and deep learning are central to wind turbine inspection research because they enable 
the automated analysis of inspection imagery collected from drones, ground-based systems, and other 
sensing platforms [6,8,9]. As wind farms continue to increase in scale, manual review of large volumes of 
inspection data becomes increasingly impractical. Automated image analysis, therefore, plays an important 
role in reducing workload, improving inspection efficiency, and supporting more consistent identification 
of turbine defects [6–8]. 

Computer vision methods are primarily used for wind turbine maintenance to detect, classify, and 
segment visible damage from image data [6,8,9]. These methods are especially relevant to UAV-based 
inspection systems, where high-resolution images can be captured rapidly and then analysed either offline 
or, in more advanced systems, through embedded onboard processing [6,7,17]. 

5.1. Computer Vision for Wind Turbine Inspection 

Early computer vision approaches for wind turbine inspection relied on traditional image processing 
and handcrafted feature extraction. These methods typically use edge detection, thresholding, colour 
analysis, texture descriptors, and segmentation techniques to identify visible irregularities on blade or tower 
surfaces [6,8,9]. These approaches were useful in controlled conditions and helped demonstrate the 
feasibility of automated defect assessment, particularly for clear surface-level damage [6,8]. 
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However, traditional image processing methods often struggle under realistic inspection conditions 
[44]. Wind turbine images are commonly affected by variable lighting, shadows, reflections, blade 
curvature, motion blur, and inconsistent viewpoints. In offshore environments, these challenges are further 
intensified by glare, haze, sea spray, moisture, and unstable image capture during UAV flight. As a result, 
handcrafted feature-based approaches tend to be more vulnerable when applied to diverse real-world 
turbine inspection scenarios [6,8,42]. 

The practical relevance of computer vision for blade inspection is further supported by studies that 
quantify real damage from operational imagery. Aird, Barthelmie, and Pryor [8] demonstrated automated 
quantification of wind turbine blade leading-edge erosion from field images, showing that image-based 
analysis can be used to assess operationally meaningful forms of blade degradation. This is important 
because it confirms that computer vision is not limited to laboratory classification exercises but can be 
applied to genuine field-acquired inspection imagery. However, the study also reflects a broader limitation 
in the literature, namely that successful defect analysis from stored or pre-captured images does not 
necessarily equate to real-time fault detection during autonomous UAV operation. 

This limitation encouraged a shift toward data-driven vision methods capable of learning richer and more 
adaptable representations from image data, so rapid and adaptive inspection can occur live rather than offline. 

5.2. Deep Learning Models for Defect Detection 

The adoption of deep learning has significantly advanced the state of the art in wind turbine defect 
detection. Convolutional neural networks (CNNs) are particularly well suited to inspection imagery because 
they can automatically learn hierarchical visual features directly from data, reducing dependence on 
manually designed rules [6,8,9]. This has enabled more accurate and scalable detection of complex defect 
patterns across a wide range of inspection conditions. 

The literature outlines deep learning models used for turbine inspection, that fall into three broad 
categories: classification models, object detection models, and segmentation models [6,7,9]. Classification 
models are used when the goal is to determine whether an image contains damage or to assign a broad 
defect label. Object detection models are used to localise defects within an image, usually through bounding 
boxes. Segmentation models provide a more detailed output by identifying the extent of damage, which is 
useful when estimating fault attributes. 

Deep learning has also been combined with thermal data to improve wind turbine blade defect 
identification. This can be seen in the work of Bounenni, Castanedo and Maldague [9], who used infrared 
thermography, image processing, and a U-Net architecture for blade defect detection. Their study is 
particularly relevant because it demonstrates how thermal imagery can be integrated with segmentation-
based deep learning to improve the visibility and localisation of blade anomalies. Nevertheless, although 
the methodology is promising, it remains more representative of a structured defect detection pipeline than 
a fully autonomous field-ready UAV inspection loop operating under offshore conditions. Classification 
models are commonly used for rapid screening, particularly in studies where the objective is to separate 
defective blade images from non-defective ones [6,8]. Object detection models, including architectures 
from the YOLO, Faster R-CNN, and Single Shot MultiBox Detector (SSD) families, are especially useful 
for UAV inspection because they combine localisation with relatively efficient inference [6,17,63]. 
Segmentation approaches, such as U-Net, Mask R-CNN, and related encoder-decoder networks, are 
valuable when more detailed damage mapping is required [7,9]. 

Recent studies have also begun exploring transformer-based vision models, multimodal fusion 
architectures, and synthetic-data-driven approaches to improve accuracy and reduce dataset limitations [6,7,9]. 
These methods show promise, particularly for handling complex scenes and integrating information from 
RGB and thermal sensors. However, many of these newer approaches remain computationally demanding 
and are not yet widely validated for real-time deployment in offshore UAV inspection systems [6,7,17]. 
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5.3. Limitations and Research Challenges 

Despite its strong potential, deep learning-based fault detection still faces several important limitations 
for wind turbine inspection. One of the main challenges is the limited availability of large, diverse, and 
well-annotated datasets. Many published studies rely on relatively small, curated, or onshore image 
collections captured under controlled conditions [6,8,9]. These datasets do not fully represent the 
environmental complexity of offshore turbine inspection. 

A recurring issue in the literature is that many advanced inspection approaches still depend heavily on 
post-capture analysis rather than fully real-time onboard autonomy. This limitation is evident in the work 
of Aird, Barthelmie, and Pryor [8], who showed that leading-edge erosion can be quantified from field 
images, but did not fully resolve the challenge of live defect detection during autonomous inspection. In 
practice, the distinction between analysing imagery after a mission and identifying faults during flight is 
significant because real-time perception can influence route adaptation, revisit behaviour, fault prioritisation, 
and operational safety. Many vision systems still perform inference offline after flight, which limits the 
ability of an autonomous UAV to adapt its behaviour in real time [6,8]. Without onboard perception, the 
drone cannot easily adjust its viewing angle, request additional close-range imagery, or modify its 
inspection path in response to detected features. Real-time embedded deployment also remains challenging 
due to power limitations, thermal constraints, and the computational demands of advanced models [6,7,17]. 

A greater issue is that several studies approach full integration but lack real-world validation. For 
example, Ma et al. [6] presented a fully autonomous inspection approach for wind turbine blades based on 
drones and artificial intelligence. This is an important development because it suggests that the field is 
moving beyond isolated perception components toward more complete system architectures. However, 
such work should still be interpreted with caution, as important questions remain regarding reliability under 
realistic environmental conditions, the completeness of the evaluation, and whether inference is truly live 
and onboard rather than partially deferred to offline analysis [66]. As a result, these systems are best 
understood as promising prototypes rather than definitive demonstrations of offshore autonomy [6,17,42]. 

A related issue is model applicability. Systems trained on stable or simplified datasets may report high 
accuracy in laboratory evaluation yet perform poorly when exposed to real turbine surfaces under dynamic flight 
conditions [6,8,42]. This creates a gap between reported model performance and practical offshore readiness. 

Finally, some important turbine faults are not fully visible in RGB imagery alone. Subsurface 
delamination, moisture ingress, and thermal anomalies in electrical components require additional sensing 
modalities for reliable detection. This limitation strengthens the case for multimodal inspection systems 
that combine computer vision with infrared thermography and other non-destructive sensing methods. 

Overall, the literature shows that computer vision and deep learning provide a strong foundation for 
intelligent wind turbine inspection. However, further progress is still needed in offshore dataset 
development, multimodal learning, and real-time UAV integration before these methods can reliably 
support autonomous offshore inspection at scale. 

5.4. Infrared Thermography for Wind Turbine Inspection 

Infrared thermography has become an important non-destructive testing approach in industrial inspection 
because it enables the detection of thermal anomalies without requiring physical contact with the target 
surface [9,21]. In the context of wind turbine inspection, thermographic imaging is particularly valuable 
because many critical faults are not fully visible in standard RGB imagery [9,10]. While optical cameras 
are effective for identifying surface-level damage, infrared sensing provides an additional layer of diagnostic 
information by revealing temperature variations associated with hidden or developing faults [9,10,21]. 

For offshore wind turbine inspection, this capability is especially relevant. Blade structures, electrical 
systems, and other turbine components may exhibit subsurface degradation, moisture ingress, bond-line 
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failure, or overheating that cannot be reliably identified from colour imagery alone [9,10,21]. Infrared 
thermography, therefore, offers an important complementary sensing modality within intelligent inspection. 

Infrared thermography operates by measuring thermal radiation emitted from a surface and converting 
that information into a temperature-based image [9,21,72]. Variations in material condition, internal 
structure, or energy dissipation can produce abnormal thermal patterns that appear as localised hot or cold 
regions within the image [9,21]. In wind turbine applications, this principle is relevant not only to external 
blade structures but also to electrical and mechanical subsystems where heat generation may provide an 
early warning of abnormal behaviour [9,10,21]. 

Several studies demonstrate the diagnostic value of infrared imagery when combined with modern 
image analysis. Hwang, An, and Sohn [21] proposed continuous line laser thermography for damage 
imaging of rotating wind turbine blades, showing that active thermographic methods can generate useful 
damage imagery under rotating conditions. Corley et al. [10] combined thermal modelling and machine 
learning for fault detection in wind turbine gearboxes, showing that thermal information can contribute to 
the identification of drivetrain-related abnormalities. Bounenni, Castanedo, and Maldague [9] showed that 
defect detection in wind turbine blades can be supported through the combined use of infrared 
thermography, image processing, and U-Net segmentation. 

Despite its advantages, infrared thermography also presents important limitations. Thermal 
measurements are sensitive to environmental and operational conditions, meaning that image interpretation 
can be affected by wind-induced cooling, ambient temperature variations, changing solar exposure, surface 
emissivity, reflections, and sensor angle. These factors can distort apparent temperature patterns and make 
it more difficult to distinguish genuine defects from environmental artefacts [9,10,21,88]. 

Some limitations are particularly significant in offshore settings. Sea-surface reflections, moisture, salt 
contamination, rapid weather changes, and continuous turbine motion may all reduce the reliability of 
thermal interpretation. In practice, this means that thermographic inspection often requires careful 
calibration, controlled assumptions, or post-processing to produce dependable results [9,10,21]. These 
requirements can become more difficult to satisfy when sensing is performed from a moving UAV platform 
rather than under stable laboratory or industrial conditions [6,7,42]. 

A further challenge is that thermal data alone may not always provide sufficient context for confident 
diagnosis. A hotspot or anomalous cool region may indicate an internal fault, but without visual context, it 
may be difficult to determine the exact location, extent, or structural meaning of the abnormality [9,10]. 
For this reason, many recent studies increasingly consider infrared thermography alongside RGB imaging 
rather than as a standalone sensing solution [7,9]. 

Overall, the evidence suggests that infrared thermography has clear diagnostic value in wind farm and 
offshore inspections, particularly for detecting electrical and subsurface faults. Nevertheless, its transition 
from useful manual practice to autonomous deployment remains incomplete. This gap provides a strong 
justification for further research into UAV-based thermographic inspection systems capable of operating 
reliably in real offshore environments. 

5.5. RGB and Infrared Fusion 

The combination of RGB imaging and infrared thermography has emerged as a promising direction in 
intelligent wind turbine inspection because the two sensing modalities provide complementary information 
[7,9,10,18]. RGB cameras are effective for identifying visible surface defects. In contrast, infrared sensors 
provide thermal information that can reveal subsurface anomalies and other non-visible fault signatures. 
When used together, these modalities offer a broader and more reliable representation of turbine condition 
than either sensing source alone [7,9,18,19,87]. 

The theoretical foundation for combining visible and thermal sensing is well established in the wider 
image-fusion literature. Yang et al. [19] reviewed infrared and visible image fusion algorithms based on 
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neural networks and showed that multimodal fusion can be implemented at different levels of the perception 
pipeline, including raw data, extracted features, and final decision outputs. This is especially relevant to 
offshore wind inspection because thermal imagery can help reveal heat-related or low-visibility anomalies, 
while RGB imagery preserves geometric structure, texture, and surface detail. The implication is that 
multimodal fusion is not simply a hardware combination, but a computational strategy for combining 
complementary sources of information [7,19]. 

This complementary relationship is particularly important in offshore inspection scenarios, where 
individual sensing modalities may be unreliable under changing environmental conditions [1,7,42]. RGB 
imagery is highly sensitive to illumination, shadowing, glare, fog, and surface reflectance, while infrared 
imagery may be affected by thermal drift, convective cooling, emissivity variation, and environmental 
reflections. By combining visual and thermal data, fusion-based systems can improve fault detectability and 
reduce the risk of missed or ambiguous detections arising from the weaknesses of a single sensor [7,9,19]. 

Evidence from related infrastructure inspection domains further supports the value of this approach. 
Xincong Yang, Guo, and Li [85] compared multimodal RGB-thermal fusion techniques for exterior wall 
multi-defect detection and found that combining visible and thermal modalities can improve defect 
discrimination relative to single-modality sensing. Although this work is not turbine-specific, it remains 
highly relevant because it demonstrates that multimodal fusion can improve defect detection in built 
environment inspection tasks. However, compared with static wall inspection, offshore turbine inspection 
introduces more severe challenges related to calibration stability, motion, stand-off distance, and environmental 
variability, meaning that successful transfer requires careful adaptation rather than direct adoption [1,7,42]. 

In practical terms, RGB and infrared fusion may be implemented at different levels [7,19]. Data level 
fusion combines the raw or pre-processed outputs of both sensors before feature extraction. Feature-level 
fusion combines learned or engineered features from each modality to create a richer joint representation. 
Decision-level fusion combines independent outputs from RGB-based and thermal-based detection models 
to reach a more robust final judgement. Each of these strategies offers different benefits depending on the 
sensing platform, computational budget, and inspection objective [19]. 

A particularly relevant wind turbine-specific example is provided by Jia and Chen [7], who developed 
an AI-based optical-thermal video data fusion method for near real-time blade segmentation during normal 
wind turbine operation. This study demonstrates optical-thermal fusion under realistic turbine operating 
conditions, moving beyond tightly controlled laboratory experiments. However, its main contribution lies 
in blade segmentation rather than complete autonomous fault detection. In other words, it shows that 
multimodal sensing can function in a realistic turbine context, but it does not yet provide a full end-to-end 
inspection system in which faults are autonomously detected, classified, prioritised, and acted upon by a 
UAV in real time. This makes it an important transitional study between multimodal proof-of-concept work 
and fully autonomous offshore inspection. 

Recent research increasingly suggests that multimodal sensing can improve the robustness of 
automated inspection systems, particularly when environmental conditions are variable or when fault 
appearance is complex [7,19,85]. This is highly relevant for offshore applications, where wind, moisture, 
reflections, changing light, and unstable sensing geometry can significantly reduce the reliability of single-
modality inspection. By integrating thermal and visual information, UAV-based inspection systems may 
become more resilient to noise, viewpoint variation, and partial observability [1,7,42]. 

Despite this, RGB and infrared fusion remains an emerging area within wind turbine inspection 
literature. Many current studies are still limited to small datasets, controlled experiments, or post-flight 
analysis rather than real-time autonomous deployment [7,9]. A further challenge is that multimodal fusion 
requires accurate synchronisation and spatial alignment between RGB and thermal sensors, which can be 
difficult to maintain on moving UAV platforms [7,19]. Differences in sensor resolution, field of view, 
calibration, and environmental response may also complicate reliable fusion [19]. 
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In addition, the computational demands of multimodal processing can create practical challenges for 
onboard inference [7,17,19]. Combining multiple sensing streams may improve detection performance but 
also increase data volume, model complexity, and processing requirements. This creates a trade-off between 
richer perception and real-time autonomy, particularly on embedded UAV hardware with limited energy 
and thermal capacity [7,17]. 

Despite these limitations, the literature indicates that RGB and infrared fusion represent one of the 
most promising directions for future offshore wind turbine inspection systems [7,9,19]. By combining the 
strengths of visible-spectrum imaging with thermal anomaly detection, multimodal inspection frameworks 
have the potential to improve defect coverage, reduce uncertainty, and support more intelligent autonomous 
monitoring. For this reason, fusion-based sensing is increasingly relevant not only as a technical 
enhancement but as a key step toward reliable real-world offshore inspection [1,7,42]. 

Overall, RGB and infrared fusion provide a strong conceptual and practical foundation for next-
generation wind turbine inspection. However, further validation under realistic offshore conditions, 
improved multimodal datasets, and tighter integration with autonomous UAV control systems are still 
needed before these approaches can be deployed reliably at scale. 

6. Cross-Study Comparison 

The studies reviewed show wide variation in inspection techniques, robotic systems, and computer 
vision models, highlighting the separation of offshore wind turbine inspection research. The following 
comparative tables summarise key trends across sensing technologies, UAV autonomy frameworks, and 
vision-based fault-detection methods, along with their strengths, limitations, and offshore readiness. 

6.1. Representative UAV and Robotic Systems 

The purpose of this subsection is to provide evidence showing how different UAV and robotic 
inspection systems vary. 

Table 4 shows that UAV and robotic inspection research has progressed from manually piloted image-
capture workflows toward more autonomous and system-level concepts. However, the literature still 
indicates that offshore validation remains limited, and many platforms that demonstrate robust navigation 
or sensing in adjacent domains have not yet been tested under genuine offshore wind turbine conditions. 

6.2. Representative Perception and Fault-Detection Studies 

In addition to inspection platforms, the reviewed literature also varies significantly in how perception 
and fault detection are implemented. Some studies focus on RGB-based image analysis, others on infrared 
thermography, and more recent work explores multimodal RGB with thermal fusion and more autonomous 
AI-enabled inspection systems. The following table outlines studies discussed throughout this review to 
show differences in sensing modality, model choice, task type, validation setting, and remaining offshore-
readiness limitations. 

Table 5 highlights the diversity of perception strategies used across the reviewed literature. RGB-based 
methods remain dominant, particularly for visible blade damage, while infrared thermography and RGB 
with thermal fusion are increasingly explored to improve robustness and expand fault detection capability 
beyond surface level defects. 

Most studies remain limited by controlled validation, post-flight processing, or incomplete integration 
with real-time autonomous UAV behaviour. This supports the broader conclusion that although perception 
performance has improved substantially, offshore-ready deployment still depends on better multimodal 
datasets, embedded inference capability, and stronger real-world validation. 
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Table 4. Representative UAV and robotic systems related to offshore wind turbine inspection and maintenance. 

Study Year System Platform Sensors Autonomy Validation Main Contribution/Limitation 

Kulsinskas et al. [43] 2021 
Internal wind 
turbine blade 
inspection concepts 

UAV/inspection 
concept 

Camera, lighting and 
localisation sensors 

Low–medium Review/design analysis 

Reviewed UAV-based internal blade inspection 
requirements, including confined-space flight, 
lighting, localisation and sensing constraints, but did 
not experimentally validate a complete autonomous 
inspection system 

Katkuri et al. [17] 2024 
Deep-learning 
UAV navigation 
review 

UAV 

Vision-based sensors, 
depth and depth and 
inertial measurement 
unit (IMU) where 
applicable 

Medium–high 
Systematic review/adjacent 
domains 

Reviewed deep-learning computer vision 
frameworks for autonomous UAV navigation and 
obstacle avoidance, but did not provide offshore 
wind turbine inspection validation 

Garg et al. [41] 2023 
Drone operational 
capability in 
logistics 

UAV 

Global Positioning 
System (GPS) and 
operational flight 
data 

Medium 
Systematic review/adjacent 
domain 

Reviewed drone use in last-mile delivery, 
highlighting operational factors such as range, 
efficiency, accessibility, sustainability and weather 
constraints, but the study was not designed for wind 
turbine inspection or defect detection. 

Lyu et al. [42] 2023 
UAV sensing and 
navigation in 
search-and-rescue 

UAV 
RGB, thermal and 
other mission sensor 

Medium–high 
Survey/harsh-environment 
adjacent domain 

Reviewed UAV perception, sensing, path planning 
and collision avoidance for search-and-rescue 
missions in difficult environments but did not 
validate these methods for real wind turbine 
inspection. 

Jiang et al. [5] 2023 
Multi-robot blade 
maintenance 
support 

UAV, crawler and 
deployment system 

LiDAR, visual 
localisation, Global 
Navigation Satellite 
System (GNSS) and 
crawler sensors 

Medium 
Prototype/system-level 
validation 

Demonstrated coordinated UAV and robotic 
deployment for blade maintenance support using a 
representative blade setup, but did not demonstrate a 
full operational offshore turbine inspection or repair 
mission. 

Chermprayong et al. 
[93] 

2019 
Aerial manipulator 
repair prototype 

UAV with delta 
manipulator 

Position sensing, 
camera and 
stabilisation 
hardware 

Low–medium Laboratory/controlled trials 

Demonstrated an aerial manipulator concept for 
contact-based repair under controlled conditions, but 
the work was not wind-turbine-specific and offshore 
repair readiness remains unproven. 

  



Mar. Energy Res. 2026, 3(3), 10016. doi:10.70322/mer.2026.10016 22 of 37 

 

Table 5. Representative perception and fault-detection studies reviewed in this paper, showing sensing modality, method type, task focus, validation context, and remaining limitations for 
offshore deployment. 

Study Year Inspection Target Modality Method/Model Task Validation Main Contribution/Limitation 

Aird, Barthelmie 
and Pryor [8] 

2023 
Leading-edge erosion 
on blades 

RGB field images 
Supervised CNN and 
unsupervised image-
analysis approach 

Erosion 
quantification/classifica
tion 

Field image 
dataset 

Automated quantification of leading-edge erosion 
from real blade imagery but did not demonstrate live 
onboard defect detection during autonomous UAV 
flight. 

Ma et al. [6] 2023 
Wind turbine blade 
defects 

RGB and thermal 
imaging 

Autonomous UAV 
inspection with edge 
computing and AI-based 
dual-light defect detection 

Autonomous 
inspection/defect 
localisation 

Prototype/wind-
farm inspection 
context 

Proposed a fully autonomous UAV inspection 
workflow using onboard sensing and AI-based 
defect detection, but offshore robustness, 
repeatability and independent validation is limited 

Bounenni, Ibarra-
Castanedo and 
Maldague [81] 

2026 
Wind turbine blade 
defects 

Infrared 
thermography 

Thermographic 
NDT and image analysis 

Defect 
detection/localisation 

Technical 
study/NDT 
context 

Discussed infrared thermographic inspection for 
detecting defects in wind turbine blades, but it is not 
an autonomous inspection system. 

Hwang, An and 
Sohn [21] 

2017 
Rotating blade 
damage imaging 

Active thermography 
Continuous line-Laser 
thermography 

Thermal damage 
imaging 

Scaled rotating-
blade experiment 

Demonstrated non-contact thermographic damage 
visualisation under rotating blade conditions, but 
validation was limited to controlled scaled testing. 

Corley et al. [10] 2021 
Gearbox fault 
detection 

Thermal/operational 
data 

Thermal network 
modelling with machine 
learning 

Drivetrain fault 
detection 

Gearbox fault-
detection study 

Combined thermal modelling and machine learning 
for wind turbine gearbox fault detection but does not 
provide autonomous perception for UAV inspection. 

Yang et al. [19] 2024 
Infrared–visible 
image fusion 

Visible/RGB and 
infrared 

Neural-network-based 
image-fusion review 

Fusion methodology 
General 
computer-vision 
literature 

Reviewed neural-network methods for infrared–
visible image fusion but the work is not wind-
turbine-specific and does not validate offshore 
inspection. 

Xincong Yang, 
Guo and Li [85] 

2023 
Exterior-wall multi-
defect inspection 

RGB and thermal 
imaging 

Comparison of RGB–
thermal fusion strategies 

Multi-defect detection 
Built-environment 
testing 

Showed multimodal RGB–thermal fusion for 
infrastructure defect detection, but was exterior-wall 
inspection rather than wind turbine specific 

Jia and Chen [7] 2024 
Wind turbine blades 
in operation 

Optical and 
Thermal video 

AQUADA-Seg optical and 
thermal fusion with 
temporal memory 

Near-real-time blade 
segmentation 

Operational 
turbine video 
dataset 

Demonstrated real-time blade segmentation using 
optical–thermal video from turbines, but the task is 
not autonomous defect classification 

Memari et al. [86] 2024 
Small wind turbine 
blade faults 

Thermal-
RGB/Multi-Spectral 
Dynamic Imaging 
(MSX) support 

Data fusion and ensemble 
deep learning classifiers 

Healthy/faulty blade 
classification 

Small-scale 
controlled dataset 

Demonstrated classification performance using 
thermal and RGB-informed imaging, but the dataset 
was controlled and limited 



Mar. Energy Res. 2026, 3(3), 10016. doi:10.70322/mer.2026.10016 23 of 37 

 

6.3. Comparison of Inspection and Sensing Techniques 

This section compares major inspection and sensing techniques used in wind turbine maintenance. The 
methods are evaluated in terms of detectable fault types, operational advantages, deployment limitations, 
and suitability for offshore environments. The comparison highlights trade-offs between diagnostic 
precision, scalability, autonomy potential, and environmental robustness. A comparison of these inspection 
and sensing techniques is provided in Table 6. 

Table 6. Comparison of inspection and sensing techniques. 

Inspection Type Fault Types Strengths Limitations Suitability 

Manual Visual Inspection 
Surface cracks, erosion, 
lightning marks 

High detail 
Slow, dangerous, weather-
dependent, subjective 

Low 

Infrared Thermography 
(IRT) 

Subsurface defects, 
overheating, delamination 

Fast, non-contact, large 
areas 

Affected by humidity, wind 
cooling, variation 

Medium–high 

Ultrasonic Testing 
Internal cracks, voids, 
laminate separation 

High accuracy Physical contact, downtime Low–Medium 

Vibration Analysis 
Bearing/generator faults, 
structural imbalance 

Continuous monitoring 
Requires sensors installed on 
turbine 

Medium 

High-Resolution Optical 
Imaging 

Surface defects, erosion, 
cracks 

Works from UAVs, 
detailed imagery 

Lighting dependent, angle 
sensitivity 

High 

RGB + Thermal Fusion 
Surface and subsurface 
defects 

Robust in varied 
conditions 

Requires multimodal system 
integration 

Very high 

The comparison indicates that although traditional non-destructive testing techniques provide strong 
diagnostic accuracy, their offshore scalability and autonomy potential remain limited. In contrast, optical 
imaging and RGB with thermal fusion are more compatible with UAV deployment and large-scale 
monitoring. However, reliable offshore autonomy still depends on improved multimodal integration and 
perception-guided flight control. 

6.4. Distribution of Research Across Domains 

Table 7 summarises the distribution of the reviewed literature across the main standard categories. This 
provides a clearer view of the current evidence base and helps show which parts of the field have received 
the greatest research attention. 

Table 7. Distribution of reviewed PRISMA reviewed studies across the research domains. 

Standard Category Paper Count Share of Review Supporting Studies 
Wind turbine faults 18 26.5% [2,3,25,26,28,29,31–36,38,39,56,59–61] 

Thermal sensing 12 17.6% [9,10,21,71,77,78,80,81,83,84,86,88] 
Computer vision/deep learning 11 16.2% [8,23,44–46,63–68] 

UAV inspection systems 8 11.8% [1,6,15–17,20,24,43] 
Repair robotics 8 11.8% [5,47,48,91–95] 

Multimodal sensing 5 7.4% [7,18,19,85,87] 
General offshore wind context 4 5.9% [4,13,14,27] 

Repair methods 2 2.9% [30,37] 
Total 68 100.0% – 

Table 7 shows that the revised literature documented is strongest in wind turbine faults, followed by 
thermal sensing, computer vision/deep learning, and UAV inspection systems. Each study was assigned to 
one primary research domain according to its main contribution to avoid double counting across 
overlapping categories. This distribution is visualised in Figure 5.  
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Figure 5. Pie chart illustrating the distribution of reviewed studies across the main research domains. 

6.5. Comparison of UAV and Robotic Systems 

This section compares UAV and robotic inspection systems, including sensor configurations, 
autonomy levels, operational strengths, and limitations. The analysis considers whether these systems have 
been validated in offshore conditions and whether perception and navigation are integrated as summarised 
in Table 8. 

Table 8. Comparison of UAV and robotic systems relevant to offshore inspection and maintenance. 

Study Sensors Used Autonomy Level Strengths Limitations 
Katkuri et al. (2024) 
[17]—deep-learning-
based UAV navigation 
review 

Vision-based sensors, 
depth and IMU where 
applicable 

Medium–high  

Reviews deep learning 
methods for UAV 
navigation, perception and 
obstacle avoidance 

Systematic review rather 
than a single validated 
offshore inspection system 

Garg et al. (2023) [41]—
Delivery UAVs 

GPS and operational 
flight data 

Medium 

Highlights UAV 
operational factors: range, 
efficiency, accessibility, 
sustainability and weather 
constraints 

Adjacent logistics domain, 
not designed for wind 
turbine inspection, blade 
imaging or defect detection 

Lyu et al. (2023) [42]—
search-and-rescue UAVs 

RGB, thermal and other 
mission sensors 

Medium–high 

Reviews UAV, perception, 
path planning and collision 
avoidance for search and 
rescue in challenging 
environments 

Search and rescue focus, 
not turbine specific and not 
validated for offshore wind 
turbine inspection 

Kulsinskas et al. (2021) 
[43]—Internal blade 
inspection 

Camera, lighting and 
localization sensors 

Low–medium 

Identifies design 
requirements for UAV 
internal blade inspection, 
lighting, localisation and 
confined-space operation 

Mainly a review analysis, 
no complete autonomous 
UAV inspection system 
was experimentally 
validated 

Chermprayong et al. 
(2019) [93]—UAV 
manipulator repair 

Camera, position 
sensing and stabilisation 
hardware 

Low–medium 
Demonstrates an aerial 
manipulator for contact-
based repair 

Not wind turbine specific 
and mainly tested in 
controlled conditions. 
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Jiang et al. (2023) [5]—
Multi-robot maintenance 

LiDAR, visual 
localisation, GNSS and 
crawler/deployment 
sensors 

Medium 

Demonstrates coordinated 
UAV and robotic 
deployment for blade 
maintenance 

Prototype validation, not 
fully operational 

The comparison reveals that although UAV platforms demonstrate strong autonomous navigation in 
adjacent domains, most systems lack turbine-specific validation and integrated real-time defect detection. 
Manual piloting remains common, and perception-driven control is rarely implemented. Offshore 
validation remains minimal across all identified systems. 

6.6. Comparison of Computer Vision Models 

This section evaluates computer vision models used for wind turbine fault detection, comparing their 
task focus, strengths, and offshore readiness. The models range from traditional convolutional architectures 
to transformer-based systems and multimodal fusion approaches as summarised in Table 9. 

Table 9. Comparison of computer vision models for wind turbine fault detection. 

Model Type Study Task Focus Strengths Limitations 
Offshore 
Readiness 

CNNs (ResNet, Visual 
Geometry Group 
(VGG), DenseNet) 

Ma et al. (2023) [6], 
Aird, Barthelmie and 
Pryor (2023) [8] 

Classification, 
localisation and erosion 
quantification 

Strong feature 
extraction 

Needs large 
datasets and field 
variation 

Medium 

SegFormer/transformer-
based segmentation 

Li, Pan, Zhu and Du 
(2024) [64] 

Defect segmentation and 
measurement 

Accurate pixel-
level blade 
defect analysis 

Needs offshore 
UAV workflow 
validation 

Medium 

Faster R-CNN 
Shihavuddin et al. 
(2019) [67] 

Damage detection 
High detection 
accuracy 

Slower inference, 
mainly offline 
analysis 

Medium 

U-Net-based 
segmentation 

Bounenni, Ibarra-
Castanedo and 
Maldague (2025) [9] 

Thermographic defect 
segmentation 

Good pixel-level 
localisation 

Controlled 
validation, not 
autonomous 

Medium 

Vision Transformers 
(ViT, hybrid models) 

Mansoor et al. (2025) 
[68] 

Classification and 
detection 

Strong global 
feature 
modelling 

Higher 
computational 
demand 

Medium 

Segment Anything 
Model (SAM) + SAM-
Adapter 

Chen et al. (2023) [51] Segmentation/adaptation 
Adaptable 
foundation-
model approach 

Not turbine-
Specific, requires 
adaptation 

Emerging 

Thermal–RGB Fusion 
Models 

Jia and Chen (2024) 
[7], 
Yang et al. (2024) 
[19], 
Memari et al. (2024) 
[86] 

Multimodal 
segmentation/detection 

Improves 
robustness using 
visible and 
thermal data 

Calibration, 
alignment and 
onboard inference 
issues 

Medium-high 

Neural 
Rendering/Synthetic 
Data (4D Gaussian 
Splatting) 

Wu et al. (2024) [50] 
Synthetic data/scene 
reconstruction 

Potential to 
reduce dataset 
scarcity 

Not yet validated 
for turbine defects 

Emerging 

The table indicates that while many models achieve strong performance under controlled conditions, 
offshore readiness is constrained by dataset scarcity, lighting variability, and computational limitations. 
Real-time onboard deployment remains rare, and multimodal approaches show promise but require further 
validation under dynamic offshore conditions. 
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6.7. Public Datasets and Data Availability for Automated Inspection 

The availability of suitable datasets is a critical factor in the development of reliable computer vision 
and deep learning models for wind turbine inspection. Many studies report promising results for defect 
detection, segmentation, or multimodal analysis, however, these results are often based on limited, private, 
or controlled datasets. This makes direct comparison between methods difficult and reduces confidence in 
how well models will generalise to offshore environments. Public datasets are particularly important 
because they allow models to be benchmarked under repeatable conditions and enable other researchers to 
test whether proposed methods remain effective across different turbine types, defect appearances, imaging 
sensors, and environmental conditions. 

In the reviewed literature, datasets vary considerably in terms of image modality, defect type, 
annotation quality, and field realism. Some studies use RGB drone imagery for surface damage detection, 
while others use infrared thermography or optical–thermal video data for blade segmentation and thermal 
anomaly detection. Although these datasets are valuable, many are not fully representative of offshore 
inspection conditions, where image quality can be affected by wind, sea spray, glare, variable illumination, 
unstable UAV motion, and changing stand-off distance. Therefore, the lack of large, public, well-annotated 
offshore RGB and thermal datasets remains a major limitation for the development of robust autonomous 
inspection systems. The datasets and data sources identified in the reviewed literature are summarised in 
Table 10. 

Table 10. Datasets and data sources reported in computer vision and multimodal wind turbine inspection studies. 

Model Type Study Dataset/Data Source Availability Offshore Relevance 

CNNs Ma et al. (2023) [6] 

UAV inspection data using visible-
light cameras, thermal imagers, 
laser ranging, and edge-computing 
hardware. 

Not stated/unclear 

Relevant to autonomous 
blade inspection, but 
offshore validation and 
dataset access are unclear. 

CNNs 
Aird, Barthelmie and 
Pryor (2023) [8] 

140 RGB field inspection images 
of blade leading-edge erosion from 
a central US wind farm. 

Not public, 
confidential image 
sets 

Highly relevant to real 
blade-damage analysis, 
but not offshore UAV 
imagery. 

SegFormer/transfor
mer-based 
segmentation 

Li et al. (2024) [64] 

Blade-defect images used for 
improved SegFormer training and 
testing, exact public dataset release 
is unclear. 

Not stated/unclear 

Relevant to blade-defect 
segmentation, but public 
release and offshore 
validation are unclear. 

Faster R-CNN/deep 
learning detection 

Shihavuddin et al. 
(2019) [67] 

EasyInspect images and the 
Technical University of Denmark 
(DTU) drone inspection dataset, 
including leading-edge erosion, 
vortex-generator defects, and 
lightning receptors. 

Partly public, DTU 
dataset public, 
EasyInspect non-
public 

Highly relevant to UAV 
blade damage detection 
but based on test-site 
rather than offshore 
inspection. 

U-Net/infrared 
segmentation 

Bounenni, Ibarra-
Castanedo and 
Maldague (2025) [9] 

Infrared blade image sequences 
and COMSOL simulations of a 60 
m blade with simulated subsurface 

Not currently public, 
future release stated 

Relevant to thermal 
blade-defect localisation, 
but not offshore UAV-
based 

Vision 
Transformers/hybrid 
models 

Mansoor et al. (2025) 
[68] 

Blade-defect images labelled as 
damage, edge, erosion, and 
normal, with additional pretraining 
on surface-defect datasets. 

Not clearly released 

Relevant to blade-defect 
classification, but 
offshore field validation 
and dataset access remain 
limited. 
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SAM + SAM-
Adapter 

Chen et al. (2023) [51] 

General segmentation datasets, 
including COD10K, 
CHAMELEON, CAMO, and 
ISTD. 

Public datasets and 
released 
code/checkpoints 

Transferable 
segmentation method, but 
not wind-turbine-specific. 

Thermal–RGB 
fusion models 

Jia and Chen (2024) 
[7] 

100 optical–thermal video pairs 
and 55,880 images from 22 
operational wind turbines. 

Partly public, DTU 
Vestas V52 subset 
released 

Highly relevant to 
operational turbine 
inspection, but focused on 
segmentation rather than 
autonomous fault 
response 

Thermal–RGB 
fusion models 

Yang et al. (2024) [19] 

Review of public infrared–visible 
fusion datasets, including TNO, 
RoadScene, LLVIP, MSRS, 
M3FD, and others. 

Public benchmark 
datasets reviewed 

Useful fusion-method 
foundation, but not wind-
turbine-specific 

Thermal–RGB 
fusion models 

Memari et al. (2024) 
[86] 

1000 thermal images of healthy 
and faulty small wind turbine 
blades captured using a FLIR C5 
camera. 

Public dataset 
available 

Relevant to thermal/RGB 
blade anomaly detection, 
but appears controlled 
rather than offshore 
UAV-based 

Neural 
rendering/synthetic 
data 

Wu et al. (2024) [50] 
Dynamic-scene rendering 
benchmarks such as D-NeRF, 
HyperNeRF, and Plenoptic Video. 

Public 
benchmarks/code 
available 

Potentially useful for 
synthetic inspection data 
but not validated on 
turbine imagery. 

6.8. Quantitative Analysis and Technological Maturity of Reviewed Studies 

While Sections 6.1–6.7 compare inspection techniques, UAV systems, and computer vision models, it 
is also important to analyse the reviewed literature as a whole. Quantitative analysis helps identify which 
research areas receive the greatest attention, how the field has evolved over time, and the technological 
maturity of inspection approaches. This section, therefore, examines three aspects of the literature: the 
distribution of research across domains, the evolution of research, and the technological readiness of the 
proposed inspection systems. 

Technology Readiness of Inspection Approaches 

This subsection assesses the technological maturity of the inspection approaches. Technology 
Readiness Levels (TRLs) provide a widely used framework for assessing the maturity of emerging 
technologies, ranging from early conceptual research (TRL 1) to fully operational systems deployed in real-
world environments (TRL 9). 

Across the reviewed literature, traditional inspection techniques such as manual visual inspection, 
ultrasonic testing, and industrial infrared thermography exhibit high technology readiness levels due to their 
extensive industrial deployment. 

By contrast, UAV inspection systems are already highly mature and field-proven technology. Drones 
are commercially mature, but most research systems still rely on manual piloting or predefined waypoint 
navigation rather than fully autonomous inspection. The estimated technology readiness levels of reviewed 
inspection approaches are illustrated in Figure 6. 
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Figure 6. Estimated technology readiness levels of reviewed inspection approaches. 

Table 11 shows that most reviewed studies remain concentrated at TRL 4–5, indicating that the 
literature is dominated by laboratory validation, controlled testing, and prototype-level development. Fewer 
studies demonstrate field or relevant-environment validation, and only a small number provide evidence of 
operational or mature deployment. 

Table 11. Distribution of reviewed PRISMA studies by estimated technology readiness level. 

Technology Readiness Level Paper Count Share of Review Supporting Studies 
TRL 1–3: Concept/review/early-stage evidence 21 30.9% [1–4,13–20,25–28,34–36,43,71] 
TRL 4–5: Laboratory or controlled prototype 

validation 
36 52.9% 

[9,10,21–24,29,32,33,44–48,56,59–
61,63–65,68,77,78,80,81,83–88,91–95] 

TRL 6–7: Field or relevant-environment validation 10 14.7% [5–8,31,37–39,66,67] 
TRL 8–9: Operational or mature deployment 1 1.5% [30] 

Total 68 100.0% – 

Computer vision defect detection models demonstrate strong performance under controlled laboratory 
conditions. However, their readiness for offshore deployment is low. Many models are trained using curated 
datasets captured under stable environmental conditions and are typically evaluated offline after flight operations. 

Emerging multimodal approaches combining RGB and infrared sensing show promise for improving 
detection robustness under challenging environmental conditions. Nevertheless, these systems remain 
largely experimental and have not yet been validated extensively on operational offshore wind farms. 

Overall, the literature shows that individual technologies, computer vision algorithms, and thermal 
sensing have achieved high levels of refinement, but fully integrated autonomous inspection frameworks 
remain at relatively low technology readiness levels. Bridging this gap between component-level capability 
and system autonomy represents a key challenge for future research. 
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7. Discussion and Future Directions 

The reviewed literature shows that offshore wind turbine inspection is progressing from manual 
inspection toward more intelligent, autonomous, and multimodal systems. UAVs are now the dominant 
platform for remote inspection because they provide safer and more flexible access to blades and towers 
than human intervention using rope access or ground-based methods. At the same time, computer vision, 
deep learning, infrared thermography, and RGB with thermal fusion have improved the ability to detect, 
classify, and localise faults from inspection imagery. 

However, the field is limited by a gap between individual strengths and complete offshore-ready 
inspection systems. Many studies demonstrate useful advances in UAV navigation, image fault detection, 
thermal sensing, or multimodal fusion, but these are often evaluated separately. Most systems still rely on 
controlled datasets, onshore trials, manual piloting, or post-flight analysis. As a result, relatively few studies 
demonstrate integrated inspection frameworks that combine autonomous flight, multimodal sensing, real-
time onboard inference, and robust validation under realistic offshore conditions. 

7.1. Research Trends in Offshore Wind Turbine Inspection 

Figure 7 illustrates the number of relevant studies published each year between 2010 and 2025. 

 

Figure 7. Temporal growth of research on wind turbine inspection technologies (2010–2025). 

The results demonstrate a clear increase in research activity over the past decade. Prior to 2015, 
relatively few studies focused specifically on automated wind turbine inspection, with most work 
addressing general condition monitoring or structural fault analysis. However, from around 2018 onwards, 
the number of publications begins to rise steadily. 

This increase corresponds with the growing use of unmanned aerial vehicles (UAVs) for infrastructure 
inspection and the rapid advancement of computer vision techniques capable of identifying structural 
defects. The most significant growth occurs after 2022, reflecting the increasing integration of deep learning 
algorithms, advanced sensing technologies, and robotic inspection platforms. 

Overall, the trend indicates that wind turbine inspection has evolved into a rapidly expanding 
interdisciplinary research area combining robotics, sensing technologies, and artificial intelligence. 
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7.2. Evolution of Inspection Technologies 

The research timeline highlights the overall growth of research, but it does not indicate which specific 
technologies are driving this increase. To explore this further, the reviewed studies were grouped according 
to key technological approaches, including RGB-based visual inspection, thermal sensing methods, and 
autonomous UAV inspection systems as illustrated in Figure 8. 

 

Figure 8. Evolution of key inspection technologies in wind turbine inspection research. 

RGB-based inspection approaches appear consistently across the literature and remain one of the most 
commonly used methods due to the accessibility and relatively low cost of optical cameras. These sensors are 
easily integrated into UAV platforms, enabling rapid visual inspection of turbine blades and structural components. 

Thermal inspection methods have also gained increasing attention in recent years. Thermal imaging 
enables the detection of subsurface defects, structural delamination, and thermal anomalies that may not be 
visible through standard optical imaging. As thermal cameras have become more affordable and easier to 
integrate with UAV systems, their use in wind turbine inspection has expanded significantly. 

In addition, there is a noticeable rise in research investigating autonomous UAV inspection systems. 
Earlier approaches typically relied on manually piloted drones or semi-assisted inspection procedures. 
However, more recent work explores higher levels of autonomy, including automated flight planning, visual 
navigation, and AI-driven defect detection. These developments reflect a broader shift toward intelligent 
robotic inspection systems capable of operating with reduced human intervention. 

7.3. Key Limitations and Future Research Directions 

A major barrier is the lack of large, public, broad offshore datasets. Deep learning models frequently 
perform well on curated image sets, but their reliability may decrease when exposed to offshore conditions 
such as glare, fog, sea spray, motion blur, changing illumination, and unstable stand-off distances. Future 
work should therefore prioritise offshore-specific RGB and thermal datasets, supported by synthetic 
augmentation, neural rendering, and simulation-based data generation. 

The use of UAVs for inspection is not limited to offshore wind turbines. Similar drone-based 
inspections are used on bridges, towers, solar farms, and other assets, where UAVs can improve efficiency 
and reduce the need for direct human access to hazardous locations. However, offshore wind turbine 
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inspection presents additional challenges. Turbines that are offshore are exposed to marine weather, salt 
contamination, high wind, glare, restricted access windows, and moving operational components. These 
challenges become greater for floating offshore wind structures, where wave-induced platform motion, 
pitch, roll, yaw, and changing positions between the UAV and turbine structure can make autonomous 
flight control, image stabilisation, stand-off distance management, and data capture much more difficult. 

Therefore, the main research gap identified in this review is not the absence of UAV inspection research, 
but the lack of real offshore testing, offshore datasets, and validated end-to-end systems that combine 
autonomous flight, multimodal sensing, and onboard fault detection. This gap provides a clear direction for 
future research. The focus could be on addressing this limitation by collecting or generating offshore RGB 
and thermal inspection data, developing perception-guided UAV inspection methods, and validating fault-
detection approaches under realistic offshore wind conditions. Even where full offshore deployment is not 
immediately possible, controlled experiments, simulation, synthetic data generation, and staged field trials 
could be used to bridge the gap between laboratory model performance and real offshore readiness. 

Future autonomous inspection systems should also focus on lightweight onboard intelligence and 
perception-guided control. Models must be efficient enough to run on embedded UAV hardware while still 
supporting reliable real-time detection. This may require model compression, pruning, quantisation, or 
knowledge distillation. UAVs should also be able to adapt their trajectory, viewing angle, stand-off distance, 
and inspection priority according to visual or thermal cues detected during flight. 

Multimodal inspection remains one of the most promising directions for improving offshore robustness. 
RGB imagery provides surface detail and structural context, while infrared thermography can reveal 
thermal anomalies, subsurface faults, and electrical overheating. Future systems should therefore not isolate 
RGB or thermal analysis but develop systems integrated with RGB and thermal inspection frameworks 
with reliable calibration, synchronisation, and onboard fusion. 

Drone-based repair and cooperative robotic maintenance remain longer-term opportunities. Current 
repair UAV systems are still at low technology readiness levels and are limited by payload, stability, contact 
control, and environmental disturbance. However, future offshore maintenance will benefit from UAVs 
working alongside crawlers, ROVs, or other robotic agents to support inspection, localisation, and 
eventually minor intervention tasks. 

Overall, the literature indicates that the central challenge is no longer the absence of individual 
technologies, but the lack of robust integration across sensing, perception, autonomy, and offshore 
validation. Addressing this gap will be essential for developing practical drone-assisted inspection systems 
capable of operating reliably in real offshore environments. 

Offshore wind turbine inspection is becoming increasingly important as wind farms expand in scale, 
complexity, and distance from shore. This review examined the current state of research across turbine 
failure mechanisms, inspection and non-destructive testing methods, UAV and robotic inspection platforms, 
computer vision, infrared thermography, multimodal sensing, and emerging drone-assisted maintenance. 
Together, these studies show that substantial progress has been made in the individual technologies required 
for intelligent inspection. However, the literature also shows that these capabilities remain insufficiently 
integrated for real-world offshore deployment. Many existing approaches still rely on laboratory validation, 
onshore datasets, manual piloting, or offline analysis, while few studies demonstrate unified systems that 
combine autonomous navigation, multimodal sensing, and real-time onboard fault detection under realistic 
offshore conditions. This gap between component capability and operational system readiness remains the 
central challenge in the field. 

Overall, the review indicates that future progress will depend on the development of robust inspection 
frameworks supported by offshore-specific datasets, lightweight embedded intelligence, perception-guided 
flight control, and stronger validation in real marine environments. Addressing these challenges is essential 
for enabling autonomous, resilient, and scalable offshore wind turbine inspection. 
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