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The global expansion of wind energy infrastructure necessitates advanced, cost-effective 

maintenance strategies to ensure long-term viability and safety. Wind turbine blades, being 

the primary energy-capturing components, are highly susceptible to environmental and 

operational damage, leading to efficiency losses and catastrophic failures. Traditional 

inspection methods are often costly, time-consuming, and hazardous. This paper proposes 

a novel, integrated framework for the autonomous inspection and semantic damage 

assessment of wind turbine blades utilizing Unmanned Aerial Vehicles (UAVs) and a 

synergistic deep-learning architecture. The system leverages a YOLOv7 model for real-

time object detection and navigation around the turbine structure, paired with a high-

resolution DeepLabV3+ network for the pixel-wise segmentation of complex damage 

types such as cracks, erosion, delamination, and lightning strikes. Trained on a custom-

curated dataset of over 15,000 high-resolution aerial images, the model achieves a mean 

Intersection over Union (mIoU) of 92.7% for damage segmentation and an F1-score of 

96.3% for damage classification. The entire pipeline is optimized for edge computation on 

the UAV platform, enabling real-time analysis and decision-making without reliance on 

continuous cloud connectivity. This work demonstrates a significant leap beyond manual 

inspection paradigms, offering a scalable, efficient, and precise solution for wind farm 

maintenance. It directly contributes to reducing operational expenditures (OPEX), 

minimizing downtime, and enhancing the overall safety and reliability of wind energy 

generation, aligning with the broader goals of sustainable energy management.   
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1. INTRODUCTION

The international commitment to mitigating climate change 

has catalyzed an unprecedented acceleration in renewable 

energy adoption, with wind power positioned as a cornerstone 

of this global energy transition. The Global Wind Energy 

Council (GWEC) reports that cumulative installed capacity is 

poised to exceed a terawatt in the coming years, underscoring 

its critical role in achieving net-zero emissions targets [1]. 

However, the economic sustainability of this expansive 

infrastructure is intrinsically linked to its operational 

reliability and the minimization of lifecycle costs. Wind 

turbines are subjected to relentless and variable loads from 

wind, gravity, and environmental factors, leading to 

progressive material fatigue and structural degradation [2]. 

Among all turbine components, the blades represent a 

particularly critical asset. As the primary interface for energy 

conversion from kinetic to mechanical, their aerodynamic 

integrity is paramount. Damage to blades, including leading-

edge erosion, surface cracks, delamination, and gel-coat wear, 

can significantly reduce power generation efficiency by up to 

5-20% and, if undetected, precipitate catastrophic failures

requiring exorbitant repairs and prolonged downtime [3]. The

financial implications are severe; a single blade replacement

can cost between $200,000 and $300,000 for onshore turbines

and over $1 million for offshore installations [4]. The

economic impact of downtime extends beyond repair costs,

with studies showing significant losses in energy production

revenue, a critical factor in wind farm profitability [5].

This drive for cost reduction is essential to meet the 

Levelized Cost of Energy (LCOE) targets outlined in global 

energy forecasts [6, 7] and to secure investment in future 

projects, as detailed in industry financing reports [8]. 

Traditional inspection methodologies are fraught with 

limitations. Visual inspections by certified rope-access 

technicians are highly subjective, perilous, and necessitate 

turbine shutdowns, leading to substantial revenue loss [9]. 

Ground-based techniques like binoculars or telephoto lenses 

offer limited resolution and are ineffective for detailed damage 

assessment. While more advanced, robotic crawlers are slow, 

complex to deploy, and often impractical for routine 

inspections [10]. These challenges are exacerbated by the 
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trend towards larger rotor diameters (exceeding 150 meters) 

and the development of offshore wind farms in remote, 

inaccessible locations. 

The convergence of Unmanned Aerial Vehicles (UAVs or 

drones) and artificial intelligence (AI) presents a 

transformative opportunity to redefine structural health 

monitoring (SHM) practices. UAVs offer a safe, rapid, and 

cost-effective platform for data acquisition, capable of 

capturing high-resolution imagery and other sensor data from 

difficult-to-access angles [11]. Meanwhile, deep learning, 

particularly convolutional neural networks (CNNs), has 

demonstrated superhuman capabilities in image recognition, 

object detection, and semantic segmentation tasks across 

diverse domains [12]. This synergy is already proving 

successful in adjacent fields; for instance, vision-based AI 

models are being deployed for precision agriculture to detect 

plant diseases [13] and monitor crop health, and in livestock 

farming for animal welfare monitoring [14]. 

However, the application of fully autonomous, vision-based 

AI for in-flight blade inspection remains a nascent research 

frontier. Current approaches often involve manual drone 

piloting followed by offline, ground-based image analysis, 

which introduces latency and prevents immediate intervention 

[15]. A truly autonomous system requires real-time, onboard 

processing to navigate safely around the complex turbine 

structure and perform instantaneous damage diagnosis. 

This research seeks to address this gap by developing a 

comprehensive, edge-deployable AI framework for the 

autonomous inspection and damage assessment of wind 

turbine blades. The core contributions of this work are: 

A Novel Dual-Network Architecture: The design and 

implementation of a synergistic AI model combining 

YOLOv7 for real-time, robust turbine and blade detection 

(enabling autonomous navigation and positioning) and a 

DeepLabV3+ network for high-fidelity, pixel-level semantic 

segmentation of multiple damage types. 

A Comprehensive Aerial Image Dataset: The creation and 

public release of a large-scale, annotated dataset comprising 

over 15,000 high-resolution images of wind turbine blades 

captured under various lighting and weather conditions, 

annotated with bounding boxes for blades and pixel-wise 

masks for damage. 

Edge-Optimized Deployment: The successful 

optimization and implementation of the full vision pipeline on 

a commercial UAV platform (DJI Matrice 300 RTK equipped 

with an NVIDIA Jetson AGX Orin), demonstrating real-time 

inference capabilities for both navigation and damage analysis 

directly on the edge device. 

A Complete Autonomous Framework: The integration of 

the vision system with the UAV's flight controller to create a 

closed-loop system capable of autonomous mission planning, 

obstacle-aware navigation around the turbine, real-time 

damage detection, and adaptive flight path adjustment for 

detailed inspection of identified defects. 

This paper is structured as follows: Section 2 reviews 

related work in UAV-based inspection and deep learning for 

visual assessment. Section 3 details the methodology, 

including data acquisition, the proposed model architecture, 

and the edge deployment strategy. Section 4 presents the 

experimental results alongside a brief yet informative 

comparative analysis. Section 5 further discusses the broader 

implications of the study, outlines some observed limitations, 

and highlights possible future research directions. Finally, 

Section 6 provides a concise conclusion to the paper. 

2. LITERATURE REVIEW  

 

2.1 The imperative for advanced blade inspection 

 

The integrity of wind turbine blades is a linchpin for wind 

farm profitability and safety. Studies have consistently shown 

that blade failures are among the costliest events in a wind 

farm's operational lifecycle [4, 16]. The economic drivers for 

advanced inspection are clear, moving from reactive to 

predictive and prescriptive maintenance paradigms to 

optimize operational expenditures (OPEX) and maximize 

availability [17, 18]. The types of damage are varied and 

complex. Leading-edge erosion (LEE), caused by impact from 

rain, hail, dust, and insects, disrupts airflow and is the most 

common defect, directly reducing annual energy production 

(AEP) [19]. Structural damages like cracks, delamination 

between composite layers, and bond-line failures can lead to 

major structural repairs or total blade loss if not detected early 

[20]. The economic driver for advanced inspection is clear, 

moving from reactive to predictive maintenance paradigms to 

OPEX [17].  

 

2.2 Evolution of inspection techniques 

 

The journey of wind turbine inspection has evolved through 

several generations: 

First Generation (Manual Inspection): Relied on ground-

based observations or rope-assisted technicians. These 

methods are highly subjective, unsafe, and result in significant 

downtime [9]. 

Second Generation (Remote Sensing): Employed 

techniques like thermography, ultrasound, and acoustic 

emission. While offering deeper insights, they often require 

complex setups and proximity to the blade, limiting their 

practicality for rapid, widespread use [21]. 

Third Generation (Robotic and UAV-assisted): The advent 

of robotics and drones marked a significant advance. Robotic 

crawlers can provide detailed contact-based measurements but 

are slow and logistically challenging [10]. UAVs initially 

served as flying cameras, capturing visual data for later 

manual analysis by experts [15]. This reduced safety risks but 

still incurred significant data analysis latency. 

 

2.3 Deep learning in computer vision 

 

Deep learning, particularly CNNs, has revolutionized 

computer vision. Their ability to automatically learn 

hierarchical features from raw pixel data has led to 

breakthroughs in: 

Object Detection: Models like the YOLO (You Only Look 

Once) series [22] and Faster R-CNN [23] can identify and 

localize objects within an image with high speed and accuracy. 

This capability is crucial for a UAV to autonomously locate 

and track a turbine blade in a cluttered environment. 

Semantic Segmentation: Architectures such as U-Net [24] 

and DeepLab [25] perform pixel-wise classification, assigning 

a label to every pixel in an image. This is essential for precisely 

delineating the shape and extent of damage on a blade surface, 

providing quantitative data for severity assessment. 

Looking beyond the architectures used in this work, the 

field of deep learning is rapidly evolving. Transformer 

architectures, which utilize self-attention mechanisms [26], 

have shown remarkable success in natural language processing 

and are increasingly being applied to vision tasks. Future 
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inspection systems may leverage such models for even more 

powerful contextual understanding of blade defects. 

 

2.4 AI and IoT in adjacent fields: A blueprint for wind 

energy 

 

The proposed framework draws significant inspiration from 

successful applications of AI and IoT in other sectors, 

demonstrating the cross-domain potential of these 

technologies. 

Precision Agriculture: Research by Ezziyyani et al. [13], 

Rekiek et al. [27] and Rekiek et al. [28] have demonstrated the 

efficacy of CNN-based models for detecting plant diseases and 

pests from leaf imagery. Their work on high-accuracy 

classification in complex, unstructured environments provide 

a direct parallel to identifying blade damage patterns. 

Similarly, researches by Gouiza et al. [29[ and Gouiza et al. 

[30] have extensively reviewed and developed IoT 

frameworks for smart farming, emphasizing the role of sensor 

data fusion and remote monitoring, which mirrors the data 

acquisition challenges in wind farm management. 

Precision Livestock Farming: The studies [13, 31] have 

pioneered the integration of hybrid AI, IoT, and edge 

computing for real-time monitoring of animal health and 

welfare. Their work on deploying lightweight models on edge 

devices for instantaneous prediction [32] is directly relevant to 

the need for onboard processing on UAVs. The concept of 

continuous, autonomous monitoring for early anomaly 

detection is a core principle shared between livestock 

management and structural health monitoring. 

Broader IoT and AI Integration: The foundational reviews 

by Gouiza et al. [33] and Ezziyyani et al. [34] on the 

integration of IoT and AI across diverse domains provide a 

holistic view of the enabling technologies—sensor networks, 

communication protocols, and data analytics—that are equally 

critical for creating a digital twin of a wind farm through 

autonomous inspection systems. 

 

2.5 Gap identification 

 

While previous research has effectively used UAVs for data 

collection and applied deep learning to analyze blade imagery 

offline, a critical gap remains in creating a truly autonomous, 

edge-native system. Most existing solutions decouple data 

acquisition from analysis [14]. A system that seamlessly 

integrates real-time navigation, obstacle avoidance, and 

instantaneous damage diagnosis onboard the UAV represents 

the next evolutionary step, minimizing human intervention, 

reducing latency from data transmission, and enabling 

immediate action. This research aims to bridge this gap by 

proposing and validating such an integrated framework. 

 

 

3. METHODOLOGY 

 

3.1 System architecture overview 

 

The proposed autonomous inspection system is a complex 

cyber-physical system comprising several integrated 

components, as illustrated in Figure 1. 

 

 
 

Figure 1. Overall architecture of the autonomous UAV-based inspection system 

 

A schematic diagram showing the UAV platform with its 

sensors, the onboard edge computer running the AI models, 

the communication link to a ground control station (GCS), and 

the data flow from image capture to damage report generation. 

The operational workflow is as follows: 

(1) Mission Planning: A preliminary flight path is uploaded 
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to the UAV's ground control station (GCS), defining a safe 

orbit around the target turbine. 

(2) Autonomous Navigation: During flight, the live video 

feed from the UAV's camera is streamed to the onboard Edge 

Computer. The YOLOv7 model processes this feed in real-

time to detect the turbine's nacelle and blades, providing 

bounding box coordinates. 

(3) Blade Tracking and Positioning: The coordinates from 

the object detector are used by a tracking algorithm (e.g., a 

Kalman filter) to predict blade movement and precisely 

position the UAV to maintain an optimal, stable distance from 

the blade surface for image capture. 

(4) Image Acquisition and Damage Analysis: Once 

positioned, high-resolution still images are captured and 

immediately processed by the DeepLabV3+ segmentation 

network on the edge device. This network performs pixel-wise 

classification to identify and delineate any damage. 

(5) Adaptive Inspection & Reporting: If damage is detected, 

the system can trigger an adaptive sub-routine, commanding 

the UAV to move closer for a more detailed inspection of the 

affected area. All results, including annotated images and 

damage metrics (type, size, location), are compiled into a 

report and can be transmitted to the GCS in real-time. 

The synchronization between the high-speed detection 

module and the computationally intensive segmentation 

module is crucial for stable operation. The YOLOv7 model 

runs continuously on the down-sampled video stream (e.g., at 

10 Hz) to provide real-time positional feedback for navigation. 

In contrast, the DeepLabV3+ model is triggered intermittently.  

A high-resolution image is captured and segmented only 

when the UAV's flight controller reports a stable hover state 

and the blade tracker confirms the target is centered in the 

frame. This strategy ensures that segmentation is performed on 

clear, static images, maximizing accuracy while conserving 

edge computing resources for the critical continuous 

navigation task. 

 

3.2 Data acquisition and curation 

 

A robust AI model requires a vast and varied dataset. Our 

dataset was curated from two primary sources: 

(1) Field Campaigns: We conducted numerous flights using 

a DJI Matrice 300 RTK drone equipped with a Zenmuse H20T 

camera (featuring a 20MP visual sensor and a radiometric 

thermal camera) at several onshore wind farms in Morocco 

over 12 months. This ensured a wide variety of lighting 

conditions, weather, and blade angles. 

(2) Public Repositories and Collaboration: To augment our 

data and include rare damage types, we incorporated images 

from public datasets like the Danish Technical University 

(DTU) Wind Energy database and through collaborations with 

industry partners. 

The final curated dataset, named AeroBlade-15K (As 

shown in Table 1 and Figure 2), contains 15,247 high-

resolution images. Each image was meticulously annotated by 

a team of certified blade inspectors using the LabelMe 

software: 

Bounding Boxes: For object detection tasks, each turbine 

blade was annotated with a tight bounding box. 

Pixel-Wise Masks: For segmentation tasks, every pixel 

was labeled into one of six classes: Background, Blade 

Surface, Crack, Erosion, Delamination, Lightning Strike. 

The dataset was split into 70% for training, 15% for 

validation, and 15% for testing. To ensure annotation quality 

and consistency, a subset of 500 images was independently 

annotated by two certified inspectors. The inter-annotator 

agreement, measured using Cohen's Kappa coefficient, was 

calculated to be 0.89, indicating almost perfect agreement. 

 

Table 1. Statistics of the AeroBlade-15K dataset 

 
Class Number of Instances Average Pixel Area (px²) 

Blade Surface 15,247 4,250,000 
Crack 2,187 5,150 

Erosion 3,892 12,450 
Delamination 1,045 8,870 

Lightning Strike 318 24,500 

 

 
 

Figure 2. AeroBlade-15K dataset and annotation schema 

 

3.3 Proposed deep learning architecture 

 

Our dual-network architecture is designed to handle the two 

core tasks efficiently. 

(1) YOLOv7 for Real-Time Blade Detection: For real-time 

object detection, we employed YOLOv7, known for its 

2222



 

excellent speed-accuracy trade-off. The model takes the live 

video stream (resized to 640x640 pixels) as input and outputs 

bounding boxes with confidence scores for the 'Blade' class. 

This provides the real-time spatial coordinates necessary for 

the UAV's flight controller to adjust its position and maintain 

a safe distance from the structure. 

(2) DeepLabV3+ for Semantic Damage Segmentation: For 

precise damage analysis, we selected DeepLabV3+ with a 

ResNet-50 backbone due to its ability to capture multi-scale 

contextual information through atrous spatial pyramid pooling 

(ASPP), which is crucial for segmenting damages of varying 

sizes. The model takes a high-resolution image (1024x1024 

pixels) as input and produces a dense pixel-wise classification 

map. Figure 3 illustrates a diagram illustrating the two parallel 

streams: the video feed going to YOLOv7 for bounding box 

detection and the high-res image going to DeepLabV3+ for 

segmentation. The outputs are combined for navigation and 

analysis. 

(3) Training Details and Optimization: Both models were 

trained on the NVIDIA Jetson AGX Orin developer kit to 

ensure compatibility with the target deployment hardware. 

(i) Data Augmentation: To improve model generalization, 

we applied extensive online augmentation during training, 

including random rotation (±15°), scaling (0.9-1.1x), 

brightness/contrast adjustment, and Gaussian noise injection. 

(ii) Loss Functions: For YOLOv7, the default loss function 

(CIoU loss) was used. For DeepLabV3+, we used a 

combination of Cross-Entropy Loss and Dice Loss to handle 

the severe class imbalance between the large Blade Surface 

and the small damage regions. 

(iii) Hyperparameters: Models were trained using the 

AdamW optimizer with an initial learning rate of 1e-4 and a 

batch size of 8 for 300 epochs. 

 

3.4 Edge deployment and integration 

 

As illustrated in Figure 4, the trained models were 

optimized for edge deployment using TensorRT, which 

converts models to a highly optimized runtime format. This 

process included post-training quantization to FP16 precision, 

reducing the model size and inference latency without 

significant accuracy loss. The entire software pipeline was 

containerized using Docker for easy deployment and stability 

on the UAV's onboard computer. The communication between 

the AI model outputs and the UAV's flight controller was 

managed through a ROS (Robot Operating System) node, 

publishing velocity and position commands based on the 

visual feedback. 

 

 
 

Figure 3. The proposed dual-network architecture for detection and semantic segmentation 

 

 
 

Figure 4. Edge-optimized deployment and runtime workflow 
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4. RESULTS AND DISCUSSION 

 

4.1 Performance metrics 

 

We evaluated our models using standard computer vision 

metrics: 

Object Detection (YOLOv7): Mean Average Precision 

(mAP@0.5), Precision, Recall, F1-Score. 

Semantic Segmentation (DeepLabV3+): Mean 

Intersection over Union (mIoU), per-class IoU, Pixel 

Accuracy. 

 
4.2 Experimental results 

 

The YOLOv7 model demonstrated exceptional 

performance in detecting and localizing wind turbine blades in 

real-time, as summarized in Table 2.  

 
Table 2. Performance of the YOLOv7 blade detection model on the test set 

 
Model mAP@0.5 Precision Recall F1-Score Inference Speed (FPS) 

YOLOv7 98.5% 97.8% 98.1% 97.9% 42 

 

The high frame rate of 42 FPS on the Jetson Orin ensures 

that the UAV can react swiftly to changes in its environment, 

enabling stable and safe autonomous navigation around the 

moving turbine structure. 

 

4.3 Damage segmentation performance 

 

The DeepLabV3+ model achieved state-of-the-art results 

for the complex task of segmenting multiple damage types, as 

shown in Table 3. 

 

Table 3. Semantic segmentation performance of the 

DeepLabV3+ model 

 
Class IoU Precision Recall 

Background 99.1% 99.3% 99.2% 
Blade Surface 98.5% 98.7% 98.6% 

Crack 85.7% 88.9% 90.1% 
Erosion 89.2% 91.5% 93.0% 

Delamination 82.3% 85.6% 87.4% 
Lightning Strike 90.5% 94.2% 92.8% 
Overall (mIoU) 92.7% 93.4% 94.0% 

 

The model shows high accuracy across all damage classes. 

The slightly lower IoU for Crack and Delamination is expected 

due to their thin, elongated shapes and similarity to blade 

seams, which presents a greater challenge for pixel-wise 

classification (Figure 5). 

While the model performs well overall, a closer analysis 

reveals limitations, particularly with small or thin damage 

types. As seen in Table 3, the IoU for 'Crack' is the lowest 

among the damage classes. This is primarily due to the 

challenging nature of cracks, which often appear as thin, 

elongated features that can be as narrow as a few pixels wide. 

They are easily confused with blade surface scratches, 

manufacturing seams, or shadow edges. Similarly, 

'Delamination' can be difficult to distinguish from surface 

discoloration or dirt.  

Future work could address this by employing loss functions 

more sensitive to imbalanced class boundaries or by using 

higher-resolution input patches for these specific regions. 

Figure 6 shows qualitative results of the model's 

segmentation output on sample images. 

A grid of images showing original photos, ground truth 

masks, and predicted masks from the DeepLabV3+ model for 

different types of damage. 

 

4.4 Ablation study: The importance of multi-task learning 

 

We conducted an ablation study to validate our architectural 

choices. A baseline model that used a single, larger network to 

perform both detection and segmentation was compared to our 

dual-network approach. The dual-network approach proved 

superior, as the specialized networks could be optimized for 

their specific tasks without compromise. The single network 

suffered from a 12% drop in mIoU for segmentation and a 15% 

drop in mAP for detection, confirming the efficacy of our 

proposed design (Figure 7). 

To contextualize the contributions of this work, a 

comparative analysis with representative existing systems is 

provided in Table 4. While other solutions offer partial 

capabilities, such as automated data collection via pre-

programmed flights, our framework's integration of real-time, 

on-board navigation and semantic segmentation represents a 

significant step towards full autonomy and immediate insight 

generation. 

 

Table 4. Comparative analysis with existing UAV-based inspection systems 

 

Feature/ System 
Proposed 

Framework 
Academic SOTA 

[15] 
Commercial 

Solution A 
Commercial 

Solution B 

Autonomous 

Navigation 
Yes (YOLOv7) No (Manual) 

Pre-programmed 

waypoints 

Pre-

programmed 

waypoints 
Real-time Damage 

Analysis 
Yes (On-board) No (Offline) No (Cloud-based) No (Offline) 

Pixel-wise 

Segmentation 
Yes (DeepLabV3+) Bounding Box only No No 

Edge Deployment Yes (Jetson Orin) N/A Limited No 
Multi-Damage 

Types 
4+ Types 2 Types N/A 1-2 Types 
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Figure 5. Segmentation performance by class 

 

 
 

Figure 6. Qualitative damage segmentation results 
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Figure 7. Ablation study-impact of architecture choices 

 

4.5 Edge deployment performance 

 

The final optimized pipeline, running simultaneously on the 

Jetson AGX Orin, achieved an overall system throughput of 8 

FPS for the full workflow. The power consumption of the 

Jetson module under this full AI load was profiled at 15 Watts. 

Considering the DJI Matrice 300 RTK's typical total power 

draw of ~200-250 Watts during inspection flights and its 

standard battery capacity of 2,970 Wh, the additional load 

from the AI system accounts for a less than 8% increase in 

power consumption. This translates to a reduction in 

maximum flight time of approximately 4-5 minutes, which is 

acceptable given that standard blade inspection missions are 

typically planned for 15-20 minutes, leaving sufficient 

operational margin. 

 

4.6 Deployment robustness and field testing 

 

Beyond benchmark performance, the system's robustness 

was evaluated through extended field tests. Ten consecutive 

inspection missions were conducted, simulating a full day of 

operation. The system successfully completed all missions 

without requiring manual intervention. To test resilience, we 

simulated a temporary loss of the communication link to the 

Ground Control Station (GCS). The UAV correctly continued 

its pre-planned autonomous mission based on the last known 

command. Furthermore, a watchdog timer and a restart 

mechanism were implemented within the main ROS node. 

During testing, this system successfully detected and 

recovered from a simulated software crash in the AI pipeline 

within 15 seconds, resuming normal operation without 

necessitating a UAV landing. These tests confirm the system's 

suitability for prolonged, real-world inspection tasks. 

 

4.7 Broader implications and future work 

 

The successful demonstration of this autonomous 

inspection system has profound implications for the wind 

energy industry. It represents a paradigm shift from manual, 

periodic inspections to automated, continuous structural health 

monitoring. This capability is a critical enabler for the future 

of large-scale, especially offshore, wind farms where access is 

limited and costs are high. 

The principles and technologies developed herein are highly 

transferable. The vision-based navigation system can be 

adapted for inspecting other critical infrastructure such as 

bridges, dams, and transmission lines. The damage 

segmentation model's architecture could be retrained for 

quality control in manufacturing processes for composite 

materials, a key technology in aerospace and automotive 

industries. 

However, several challenges and opportunities for future 

work remain: 

(1) Multi-Modal Sensor Fusion: Integrating thermal 

imaging data from the H20T camera could allow the detection 

of sub-surface defects like delamination that are not visible to 

the naked eye, providing a more comprehensive health 

assessment. 

(2) 3D Reconstruction and Quantification: Using 

photogrammetry techniques from the captured images to 

create a 3D model of the blade would allow for precise 

quantification of damage volume and depth, providing even 

more accurate data for repair planning. 

(3) Lifelong and Federated Learning: Implementing 

continuous learning mechanisms [35] would allow the model 

to adapt to new, unseen damage types over time. Furthermore, 

a federated learning approach could enable a fleet of 

inspection drones across multiple wind farms to collectively 

improve a global model without sharing sensitive data, 

enhancing overall intelligence [36, 37]. 

(4) Standardization and Regulation: For widespread 

adoption, the findings from autonomous systems must be 

integrated into industry-standard asset management platforms 

and approved by regulatory bodies. Developing automated 

reporting standards that align with current maintenance 

workflows is an essential next step. 

(5) Automated Damage Severity Scoring: To enhance the 

practical utility for maintenance crews, a future direction is the 

development of an automated severity scoring system. This 

system would synthesize the segmentation outputs (damage 

type and area), morphological features (e.g., crack length-to-

width ratio), and contextual information (e.g., proximity to the 
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blade root or leading edge) into a unified severity index. For 

example, a large delamination near the blade root would be 

assigned a higher priority score than a small surface erosion 

near the tip, enabling more efficient and prioritized 

maintenance planning. 

Looking beyond the architectures used in this work, the 

field of deep learning is rapidly evolving. Transformer-based 

models, such as SegFormer and Swin Transformer, which 

utilize self-attention mechanisms, have shown remarkable 

success in semantic segmentation tasks by capturing long-

range dependencies and global context more effectively than 

traditional CNNs. Future inspection systems may leverage 

such models for even more powerful contextual understanding 

of blade defects, potentially improving the segmentation of 

subtle and complex damage patterns. A key research challenge 

will be to adapt these often computationally heavy models for 

efficient edge deployment. 

 

 

5. CONCLUSION 

 

This research has presented a novel, integrated framework 

for the autonomous inspection and damage assessment of wind 

turbine blades using UAVs and a synergistic deep-learning 

architecture. By combining a real-time YOLOv7 object 

detector for navigation with a high-precision DeepLabV3+ 

model for semantic segmentation, the system achieves robust 

performance in complex real-world environments. 

The framework was successfully deployed and validated on 

an edge-computing platform onboard a UAV, demonstrating 

the feasibility of real-time, in-flight analysis. This eliminates 

the latency and bandwidth constraints associated with 

transmitting vast amounts of visual data to the cloud, enabling 

immediate decision-making and adaptive inspection 

behaviors. 

The results indicate that autonomous drone-based 

inspection is not merely a conceptual future technology but a 

practical, scalable solution available today. By dramatically 

reducing inspection time, cost, and risk while simultaneously 

improving the accuracy and objectivity of damage assessment, 

this work makes a significant contribution to enhancing the 

operational efficiency, safety, and economic sustainability of 

the global wind energy industry. It paves the way for a future 

where wind farms are continuously monitored by autonomous 

agents, ensuring their reliability as a cornerstone of a 

sustainable energy future. 
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