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Abstract

The rapid global expansion of wind energy has led to an unprecedented increase in the number of wind 
turbine blades in operation. These complex composite structures are subjected to harsh environmental and 
operational conditions, resulting in progressive structural degradation that threatens both energy production 
and structural integrity. Traditional manual inspection methods are labor-intensive, hazardous, and lack the 
quantitative precision required for optimal predictive maintenance. This paper presents a comprehensive 
framework that integrates autonomous unmanned aerial vehicle (UAV) inspection analytics with a circular-
economy-driven resource recovery and maintenance scheduling model.  Using multi-sensor aerial  data, 
including high-resolution visual and infrared thermographic imaging, we develop a deep-learning-based 
segmentation and classification pipeline to extract precise defect characteristics. A multi-criteria Blade 
Defect Severity Index (BDSI) is formulated to prioritize maintenance actions based on structural risk,  
location-specific stress profiles, and defect progression rates. Furthermore, this prioritization is coupled with 
a decision-making model for resource recovery, aligning maintenance interventions with structural repair, 
local refurbishment, or material recycling pathways. Experimental evaluation on a large-scale industrial 
dataset demonstrates that our proposed framework significantly reduces inspection-to-repair cycle times, 
minimizes  unplanned downtime,  and  maximizes  the  preservation and recovery of  valuable  composite 
materials.
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1. Introduction

1.1 Wind Energy Growth and Blade Degradation

The global transition toward renewable energy sources has established wind power as a cornerstone of the  
future low-carbon electrical grid [1]. To maximize aerodynamic efficiency and energy capture, modern wind 
turbines  have  grown significantly  in  physical  scale,  with  individual  rotor  blade  lengths  now frequently 
exceeding one hundred meters. These massive blades are constructed primarily from advanced composite 
materials, such as glass fiber reinforced polymers and carbon fiber reinforced polymers, bound together with 
epoxy resins [2].  While these materials offer exceptional strength-to-weight ratios,  they are continuously 
subjected to complex, dynamic, and extreme environmental loading conditions throughout their operational 
lifespans.

During  standard  operations,  wind  turbine  blades  experience  cyclic  aerodynamic  forces,  gravitational 
bending moments, centrifugal stresses, and turbulent wind shear [3]. Additionally, they are directly exposed to 
environmental stressors, including intense ultraviolet radiation, extreme temperature fluctuations, lightning 
strikes, rain erosion, and salt spray in offshore environments. Over time, these combined mechanical and 
environmental stresses inevitably lead to various forms of material degradation. These defects typically initiate 
as microscopic fiber-matrix debonding, micro-cracks, or local delamination, which can rapidly propagate into 
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severe  structural  failures  if  left  unaddressed.  Consequently,  the  continuous  monitoring  and  proactive 
maintenance of wind turbine blades are critical to preventing catastrophic structural failures and ensuring the 
economic viability of wind energy assets.

1.2 Limitations of Manual Inspection and Remediation

For decades, the wind industry has relied heavily on manual inspection techniques to assess the structural 
health of turbine blades. These conventional methods generally involve ground-based visual inspections using 
high-powered telescopes or manual inspections performed by specialized technicians utilizing rope access 
systems [4]. Ground-based visual inspections are inherently limited by their inability to detect subsurface  
anomalies and are highly dependent on favorable lighting and weather conditions, which often leads to low 
detection accuracy and high rates of false negatives.

Rope access inspections, while allowing for close-up physical examinations and non-destructive testing, 
introduce significant industrial safety hazards, as technicians must work at extreme heights under unpredictable 
wind conditions [5].  Furthermore,  manual inspections are extremely time-consuming and labor-intensive, 
requiring prolonged turbine downtime that translates directly into substantial  lost  revenue for wind farm 
operators. The qualitative nature of manual reports also results in inconsistent defect classifications, making it 
difficult to objectively compare asset conditions across a wind turbine fleet or to track defect progression over 
time.  This  lack  of  standardized,  quantitative  data  hinders  the  implementation  of  optimized,  predictive 
maintenance  strategies,  often  forcing  operators  into  a  reactive  maintenance  paradigm where  repairs  are 
performed only after significant damage has occurred.

1.3 Objectives and Structure of the Study

To address the critical shortcomings of manual maintenance approaches, this study proposes an end-to-end 
digital framework that combines autonomous aerial inspection analytics with systematic resource recovery and 
optimized maintenance scheduling. The primary objective is to transition wind blade maintenance from a 
reactive, qualitative process to an automated, quantitative, and circular-economy-focused operational model 
[6]. By leveraging autonomous unmanned aerial vehicles equipped with multi-sensor payloads, we collect 
high-fidelity visual and thermal data that are processed through advanced computer vision models to identify, 
segment, and characterize blade defects.

This paper is structured to provide both the theoretical foundation and the practical methodology required 
to  implement  this  integrated framework.  Section 2 reviews the  relevant  literature  regarding autonomous 
inspection  technologies,  defect  prioritization  schemes,  and  circular  resource  recovery  options.  Section  3 
outlines the methodology for multi-sensor data acquisition,  deep-learning-based defect detection,  and the 
formulation of our proprietary defect prioritization index. Section 4 presents the resource recovery decision 
pathways and the mathematical formulation of our maintenance scheduling optimization model. Section 5 
evaluates the performance of the proposed framework using empirical data from an operational wind farm, 
detailing both the detection accuracy and the techno-economic benefits. Finally, Section 6 discusses the broader 
operational implications, technical limitations, and future research directions.

2. Literature Review and Theoretical Framework

2.1 Autonomous Inspection Technologies in Renewable Energy

The integration of autonomous systems and remote sensing technologies has emerged as a disruptive force 
in the operation and maintenance of renewable energy infrastructure. In the wind sector, the deployment of 
Unmanned Aerial Vehicles has significantly improved the speed, safety, and resolution of structural inspections 
[7]. Modern UAV platforms can be programmed to execute precise, autonomous flight trajectories around wind 
turbine rotors, utilizing obstacle avoidance sensors and real-time kinematic positioning to maintain a safe and 
consistent distance from the blades.

Recent studies have explored various sensor modalities for aerial blade inspections. High-resolution RGB 
cameras are widely used to capture surface defects such as leading-edge erosion, surface cracks, lightning 
damage, and paint peeling [8]. However, surface observations alone are insufficient for detecting internal 
structural issues, which are common in thick composite laminates. To address this, researchers have integrated 
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infrared thermography sensors onto UAV platforms. Passive infrared thermography utilizes natural  solar 
radiation as an excitation source, detecting subsurface anomalies, such as delamination, internal voids, and 
moisture ingress, by analyzing the transient thermal patterns on the blade surface [9]. The combination of visual 
and thermal imaging provides a comprehensive, multi-spectral dataset that captures both superficial and deep 
structural anomalies, laying the groundwork for highly accurate defect characterization.

2.2 Analytics-Driven Defect Prioritization Schemes

Once  raw inspection  data  are  collected,  translating  pixel-level  anomalies  into  actionable  engineering 
decisions remains a significant challenge. Historically, maintenance managers have relied on simplified risk 
assessment frameworks, such as Failure Mode and Effects Analysis, to manually assign severity scores to 
detected  defects  [10].  While  FMEA  provides  a  structured  approach,  it  is  often  plagued  by  subjective 
assessments and fails to account for the dynamic environmental and operational contexts of individual wind 
turbines.

With the advent of big data and machine learning, researchers have proposed data-driven prioritization 
models that analyze multiple defect parameters simultaneously. Modern prioritization schemes utilize multi-
criteria decision-making algorithms to evaluate structural risk by combining defect dimensions, spatial location 
on the blade, and localized aerodynamic load profiles [11]. For instance, a crack located near the high-stress 
root section of a blade poses a far greater risk of catastrophic failure than a similar crack located near the blade 
tip, where the structural bending moments are significantly lower. By integrating structural finite element 
analysis with real-time defect measurements, researchers have developed predictive models that estimate the 
remaining useful life of degraded blades, allowing operators to prioritize maintenance tasks based on quantified 
risk metrics rather than arbitrary inspection intervals [12].

2.3 Resource Recovery and Circularity in Wind Blade Lifecycle

The rapid growth of the wind industry has highlighted a critical end-of-life challenge: the disposal of 
decommissioned turbine blades. Due to the cross-linked nature of thermoset epoxy resins used in composite 
blade manufacturing, traditional recycling is exceptionally difficult, leading to millions of tons of blade waste 
being destined for landfills globally [13]. In response, there is an urgent academic and industrial push to 
integrate circular economy principles into wind turbine maintenance and end-of-life management.

Resource recovery in wind blade maintenance operates on a hierarchical waste management principle, 
prioritizing strategies that preserve the highest value of the materials [14]. The primary circular strategy is 
life extension through early-stage, localized repairs, which prevents the progression of minor defects to a point 
where complete blade replacement is required. When a blade must be decommissioned, secondary resource 
recovery pathways must be evaluated, including structural repurposing for architectural elements, mechanical 
recycling into short-fiber reinforcements, and thermal or chemical recycling (such as pyrolysis or solvolysis) 
to recover high-quality carbon and glass fibers [15]. Implementing these pathways successfully requires a tight 
integration between inspection analytics and supply chain logistics, ensuring that the physical state of the blade 
is accurately mapped to the most economically and environmentally viable recovery option.

3. Autonomous Inspection and Analytics Methodology

3.1 Multi-Sensor Aerial Data Acquisition System

The proposed autonomous inspection framework begins with a systematic data acquisition pipeline designed 
to collect high-fidelity multi-sensor imagery from wind turbine blades. The hardware setup consists of an 
industrial-grade quadcopter UAV equipped with a dual-sensor payload: a high-resolution, fifty-megapixel 
visual RGB camera and a calibrated, long-wave infrared thermal imaging sensor [16]. The UAV is integrated  
with a  high-accuracy Real-Time Kinematic  Global  Navigation Satellite  System to ensure  sub-centimeter 
positioning accuracy and repeatable flight paths across different inspection cycles.

To perform an inspection, the wind turbine is first shut down and the rotor is locked in a standard Y-position, 
where one blade is pointed vertically downward and the remaining two blades are positioned symmetrically 
upward. The UAV then executes an automated flight path consisting of pre-calculated scanning passes along 
the suction side, pressure side, leading edge, and trailing edge of each blade [17]. During these passes, the 
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camera maintains a perpendicular orientation relative to the blade surface, keeping a constant standoff distance 
of  approximately  eight  meters.  This  distance  ensures  a  high ground sampling distance  of  less  than one 
millimeter per pixel for the visual camera and five millimeters per pixel for the thermal sensor, which is 
sufficient to capture minute micro-cracks and early-stage leading-edge erosion.

Figure 1: Architectural Workflow of Autonomous UAV Inspection and Defect Prioritization System

The flight planning algorithm dynamically adjusts the UAV speed and sensor capture rates based on ambient 
wind speed and solar radiation levels to prevent motion blur and ensure optimal thermal contrast. Active 
thermal  excitation  is  achieved  using  solar  radiation;  therefore,  the  thermographic  inspection  passes  are 
scheduled during periods of peak solar heating or rapid cooling at dusk, maximizing the thermal contrast  
between sound composite structures and internal delamination or moisture pockets.

3.2 Image Processing and Computer Vision for Defect Detection

Once the raw visual and thermal images are acquired, they are transferred to an edge-computing platform 
or cloud server for automated processing. The image processing pipeline begins with raw data preprocessing, 
including orthorectification, lens distortion correction, and radiometric calibration of the thermal imagery to 
map raw pixel values to absolute temperature scales [18]. To correlate visual and thermal data, a spatial 
registration algorithm is applied, aligning the two sensor outputs into a multi-channel image stack containing 
visual and thermal features for every coordinate on the blade surface.

The core of the defect detection system is a deep-learning convolutional neural network utilizing an encoder-
decoder  architecture  with  attention  mechanisms.  The  model  is  trained  to  perform  pixel-level  semantic 
segmentation,  classifying pixels  into five distinct  defect  categories:  leading-edge erosion,  surface cracks, 
delamination, lightning strikes, and surface contamination. The encoder network extracts deep spatial and 
semantic features from the multi-channel input, while the decoder network projects these features back to the 
original image resolution to generate precise defect boundaries.

The segmented regions are then analyzed using geometric post-processing algorithms to extract critical 
defect metrics [19]. For each identified defect, the algorithm calculates its precise surface area, maximum 
length, orientation relative to the blade axis, and its absolute spatial coordinates along the span of the blade 
from root to tip. In the case of thermal anomalies, the temperature differential between the anomaly and the 
surrounding  healthy  laminate  is  calculated,  providing  an  indirect  measure  of  the  depth  and  volume  of 
subsurface delamination.

3.3 Analytics and Prioritization Index Formulation
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With the physical metrics of each defect successfully extracted, the next phase of our methodology is the 
calculation of a normalized, quantitative prioritization index. Rather than treating all defects of a similar size  
equally, our framework introduces the Blade Defect Severity Index (BDSI), which evaluates the structural and 
operational risk of each defect based on its physical characteristics, its location-specific mechanical stress, and 
its expected rate of degradation.

The BDSI is formulated as a multi-criteria decision-making model that evaluates three primary dimensions: 
Physical Severity, Structural Vulnerability, and Environmental Exposure. The Physical Severity component is 
determined by the size, depth, and type of the defect, with delamination and deep structural cracks receiving 
higher base weights than superficial paint peeling or leading-edge roughness. The Structural Vulnerability 
component is calculated by mapping the defect coordinates to a structural model of the blade. The blade is 
divided into three distinct zones: the high-stress root zone, the aerodynamic mid-span spar cap zone, and the 
low-stress tip zone. Defects located in the high-stress root or spar cap regions, where tensile and compressive 
bending forces are maximized, are assigned a higher structural weight.

The Environmental Exposure component estimates the rate of defect progression by incorporating localized 
operational data, including historical wind speeds, rotor rotational speeds, turbulence intensity, and ambient 
temperature cycles at the wind turbine site. By combining these three dimensions through a weighted multi-
criteria aggregation, the system generates a BDSI score between zero and one for every detected defect, where 
scores closer to one indicate an immediate risk of structural failure requiring urgent intervention.

4. Resource Recovery and Maintenance Scheduling Model

4.1 Defect-Based Resource Recovery Protocols

The integration of circular economy principles requires that maintenance decisions are not based solely on 
preventing immediate failure, but also on maximizing the recovery and preservation of composite materials. 
When a defect is identified and scored via the BDSI, the system matches the asset condition to a specific 
resource recovery and maintenance protocol [20]. This protocol-matching algorithm is designed to prevent 
downcycling and landfill  disposal by selecting the highest possible recovery pathway within the circular 
economy hierarchy.

For low-severity defects (such as early-stage leading-edge erosion or minor surface cracks), the system 
schedules local protective tape application or localized resin injections. These minor, proactive interventions 
prevent water ingress and aerodynamic degradation, extending the operational life of the blade with minimal 
material  consumption.  For  mid-severity  defects  (such as  localized delamination or  moderate  mechanical 
damage), the protocol dictates on-site structural patch repairs, where damaged laminate sections are carefully 
ground  out  and  replaced  with  matching  fiberglass  sheets  and  wet  epoxy  resins  under  controlled  curing 
conditions [21].

Table 1: Defect Classification and Prioritization Matrix

Defect Type Primary Sensor Severity Index Recovery Potential Circular Pathway

Leading Edge Erosion RGB Camera Low to Medium High
Protective Coating / 
Resurfacing

Delamination Thermography High Medium
Structural Resin 
Injection / Patching

Lightning Strike Visual and IR High Low
Core Section 
Replacement

Surface Cracks High Resolution RGB Low High
Localized Grind and 
Resin Fill

Structural Debonding Thermography Critical Low
Controlled 
Decommissioning / 
Pyrolysis

When a defect reaches a critical severity or is located in a position that compromises the fundamental  
structural integrity of the spar cap, the blade is designated for decommissioning. However, instead of being 
discarded, the decommissioned blade is subjected to a secondary resource recovery evaluation. If large sections 
of the blade remain structurally sound, the system identifies cutting coordinates to extract these high-integrity 
segments for architectural reuse or structural civil engineering applications, such as pedestrian bridges or noise 
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barriers.  The remaining degraded sections are designated for thermal pyrolysis or chemical solvolysis to 
recover clean glass and carbon fibers, which can then be reintroduced into the manufacturing supply chain for 
automotive, construction, or marine industries.

4.2 Optimization Model for Maintenance Allocation

To translate defect prioritization and resource recovery protocols into an actionable maintenance schedule, 
we develop a multi-objective optimization model.  Wind farm maintenance planning is  a highly complex 
logistical challenge that must balance technician availability, material supply chains, specialized equipment 
leasing (such as cranes or offshore vessels), and unpredictable weather windows, all while trying to minimize 
operational costs and structural risks.

The objective function of our optimization model is designed to simultaneously minimize total maintenance 
costs (including labor, materials, equipment, and lost production revenue during downtime) and minimize the 
cumulative structural risk of the entire wind farm fleet, which is represented by the sum of the BDSI scores of 
all unresolved defects. The optimization model operates under several strict practical constraints. These include 
limited daily technician working hours, maximum wind speed limits for safe crane and rope-access operations, 
supply chain lead times for specialized repair materials and replacement blades, and a hard constraint on the 
maximum allowable BDSI score for any single blade to prevent catastrophic in-service failures.

Figure 2: Closed

The optimization problem is solved using a mixed-integer linear programming solver or metaheuristic 
genetic algorithms for larger wind fleets. The output is a dynamic, multi-week maintenance schedule that  
dictates exactly which turbines should be serviced, which repair crews should be deployed, what materials must 
be ordered, and which specific resource recovery pathways should be executed for each blade. By constantly 
updating the model with fresh inspection data, the maintenance schedule remains adaptive, automatically 
adjusting to changes in weather forecasts, material availability, or sudden changes in defect progression rates.

5. Experimental Results and System Evaluation

5.1 Dataset Description and Detection Performance

To evaluate the practical efficacy of the proposed autonomous inspection and resource recovery framework, 
we conducted an empirical validation study using dataset and operational records from an onshore wind farm 
containing seventy-five multi-megawatt wind turbines. The evaluation dataset comprised over twelve thousand 
high-resolution visual and thermal images collected during several semi-annual autonomous UAV inspection 
campaigns. These images captured a wide range of real-world defects across various environmental conditions, 
providing a robust test bed for our deep learning models and scheduling algorithms [22].
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To evaluate the defect detection model, a subset of three thousand images was manually annotated by senior 
structural engineers to establish a ground-truth dataset. The model performance was assessed using standard 
computer vision metrics, including Precision, Recall, and Intersection over Union (IoU) [23]. The segmentation 
model achieved an overall IoU of 84.5 percent across all defect categories. Specifically, surface cracks were 
detected with a precision of 89.2 percent and a recall of 81.5 percent, while subsurface delamination, detected 
primarily through thermal anomalies, achieved an IoU of 82.1 percent. The high precision and recall scores 
demonstrate the model's capability to reliably automate the inspection process, drastically reducing the manual 
labor required to review thousands of aerial images.

Table 2: Economic and Environmental Performance Metrics

Metric Category
Performance 

Indicator
Baseline Manual 

Maintenance
Proposed Framework Improvement

Operational Efficiency
Inspection Time per 
Turbine

4.5 Hours 0.4 Hours 91.1 Percent

Financial Performance
Annual Maintenance 
Cost per MW

12500 USD 8200 USD 34.4 Percent

Structural Reliability
Unplanned Downtime 
Rate

6.8 Percent 1.9 Percent 72.0 Percent

Environmental 
Circularity

Blade Material Landfill 
Diversion

12.0 Percent 78.5 Percent 554.1 Percent

5.2 Prioritization Efficiency and Cost-Benefit Analysis

Following the validation of the detection model, we evaluated the performance of our multi-objective 
maintenance  scheduling  and  resource  recovery  model  over  a  twelve-month  operational  period.  The 
performance was compared directly against a baseline scenario representing the historical manual, reactive 
maintenance strategy previously employed at the wind farm.

The implementation of the BDSI-driven prioritization model resulted in a dramatic reduction in the average 
inspection-to-repair cycle time, dropping from forty-five days under the manual regime to just nine days with 
the automated system. By identifying and repairing defects in their early stages (low BDSI scores), the wind 
farm experienced a 72 percent reduction in unplanned turbine downtime caused by severe structural failures. 
From an economic perspective, the optimization model reduced overall annual maintenance expenditures by 
34.4 percent, primarily driven by lower mobilization costs for cranes and maintenance crews, minimized 
production losses, and the avoidance of expensive emergency blade replacements [24].

Furthermore, the integration of resource recovery protocols led to significant environmental benefits. Under 
the baseline manual strategy, almost all decommissioned blades were cut up and sent to industrial landfills due 
to the high costs and logistical complexity of recycling. By utilizing our framework's structured recovery 
pathways, the wind farm successfully diverted 78.5 percent of blade material from landfills. Sound segments 
of  decommissioned  blades  were  repurposed  for  local  civil  engineering  projects,  while  heavily  degraded 
composite materials were successfully routed to pyrolysis facilities to recover structural fibers, validating the 
economic and ecological feasibility of a closed-loop wind blade lifecycle.

6. Discussion and Future Research Directions

6.1 Operational Implications and Industry Adoption

The results of this study clearly indicate that integrating autonomous aerial inspections, deep-learning-based 
defect analytics, and optimized resource recovery scheduling provides a powerful paradigm shift for wind farm 
operations. By replacing subjective manual inspections with objective, highly repeatable digital data, wind 
farm  operators  can  transition  from  a  defensive,  reactive  stance  to  a  highly  proactive,  predictive  asset  
management model. The ability to automatically track the growth rate of specific defects over time allows 
operators to schedule repairs during periods of low wind or planned grid maintenance, maximizing the capacity 
factor and financial returns of the wind assets [25].

Furthermore, the systematic integration of resource recovery protocols addresses a pressing environmental 
and regulatory challenge for the wind industry. As governments worldwide introduce stricter landfill bans on 
composite materials and mandate extended producer responsibility, wind farm operators must possess tools 
that can quantify and optimize the circularity of their assets. Our framework provides the necessary digital  
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audit trail, linking the initial structural condition of a blade directly to its ultimate recycling or repurposing 
pathway.  This  transparent,  data-driven  approach  not  only  reduces  the  carbon  footprint  of  wind  energy 
production but also fosters the development of a secondary market for recycled composite materials by ensuring 
a consistent, quality-controlled supply of decommissioned wind blade materials.

6.2 Scalability and Technological Limitations

Despite  the  clear  advantages  demonstrated  in  our  validation  study,  several  technical  and  operational 
challenges must be addressed to scale the proposed framework across the wider global wind energy sector. 
First, the performance of both autonomous UAV flights and thermal imaging sensors remains highly dependent 
on local weather conditions. High wind speeds, low ambient temperatures, precipitation, and inadequate solar 
radiation can severely degrade data quality or prevent UAV deployment altogether, leading to scheduling 
delays in regions with persistently harsh climates.

Second, the computational overhead associated with running high-resolution, multi-channel segmentation 
models  on large datasets  is  substantial.  While  cloud-based processing is  suitable  for  periodic  inspection 
campaigns, real-time edge-computing implementations on the UAV itself are currently limited by weight, 
power, and thermal constraints of onboard processing hardware. Additionally, training deep learning models 
that  generalize  well  across  different  blade  manufacturer  designs,  paint  patterns,  and  regional  defect 
characteristics requires extremely diverse and continuously updated datasets, which can be difficult to acquire 
due to proprietary data restrictions within the wind industry.

Future research should focus on addressing these limitations through several  promising avenues.  The 
development of collaborative multi-UAV swarm inspection systems could drastically reduce inspection times, 
allowing entire wind farms to be mapped in a single day. Furthermore, integrating edge-to-cloud computing 
architectures would enable real-time defect verification during flight, allowing the UAV to dynamically adjust 
its trajectory to perform high-resolution close-up scans of suspected anomalies. Finally, incorporating advanced 
generative AI models could help synthesize rare defect training samples, improving the accuracy of deep-
learning segmentation models on novel blade designs and accelerating the global adoption of autonomous, 
circular wind turbine maintenance systems.
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