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ABSTRACT 

  

This research introduces an innovative data-driven approach for diagnosing wind 

turbine blade faults, specifically icing, using Supervisory Control and Data 

Acquisition (SCADA) system data. Wind turbine blades are particularly vulnerable to 

icing during cold weather conditions, which can severely impact their efficiency, 

performance, and overall reliability. Early detection of icing faults is crucial to avoid 

unscheduled downtimes, costly repairs, and extended periods of reduced energy 

production. 

In this study, we propose a deep learning-based fault detection system designed 

to accurately identify and predict icing conditions on wind turbine blades. The system 

integrates Convolutional Neural Networks (CNN) and Bidirectional Gated Recurrent 

Units (BiGRU) to analyze large-scale SCADA data. The CNN is employed to extract 

spatial features, while the BiGRU captures temporal dependencies in the dataset, 

making the system robust against varying operational conditions over time. 

The methodology includes preprocessing the SCADA data to extract relevant 

features, followed by training and testing the deep learning models to classify and 

predict blade icing conditions. We compared the performance of this data-driven 

approach with traditional machine learning techniques such as support vector 

machines and decision trees, demonstrating significantly improved accuracy, 

robustness, and scalability in real-world applications. 

The proposed system offers real-time monitoring capabilities and the ability to 

issue early warnings, allowing operators to take proactive measures to prevent severe 

blade damage. Furthermore, the integration of SCADA data ensures that the system 

can be seamlessly implemented in existing wind farms, eliminating the need for 

additional hardware. The results indicate that this approach leads to significant 

reductions in maintenance costs and enhances the overall operational efficiency of 

wind turbines. 

This research contributes to the field of predictive maintenance in renewable 

energy systems by offering a practical and scalable solution for intelligent fault 
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diagnosis. It represents an important step toward the future of autonomous wind 

turbine monitoring systems, combining the power of deep learning and SCADA data 

to optimize wind energy production, improve turbine reliability, and ensure long-term 

sustainability in wind energy generation. 

 

Keyword : Wind turbine blade icing, SCADA system, Fault detection, Deep learning, 

Predictive maintenance 
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Chapter 1 Research Background 

 

1.1 Introduction   

In 2023, wind power further solidified its position in the global energy 

landscape, emerging as the second-largest renewable energy source after solar 

photovoltaics(see in the Figure 1). Its key advantages—including zero emissions, 

sustainability, and declining operational costs—have driven widespread adoption. 

Technological advancements have enhanced the efficiency of wind power generation 

across diverse terrains and climates. As a result, many countries have implemented 

proactive policies to accelerate wind power deployment. Notably, wind-rich regions 

offer high energy density potential, reinforcing wind power’s growing role in the 

global transition to clean energy. 

 
Figure 1 Wind power density potential of the global [1] 

 

In order to realize the national goal of 2030 carbon peak 2060 carbon neutral, 

the development of wind power industry is in full swing, and the safety of wind 

turbines has become more and more important. With the growing global demand for 

energy and the aggravation of environmental pollution, more and more people have 

begun to pay attention to the issue of energy security and actively promote the 

development of renewable and clean energy. In particular, our government proposed 

on September 22, 2020, the goal of carbon emissions to peak in 2030 and achieve 

carbon neutrality in 2060, and re-emphasized on March 15, 2021, to do a good job in 
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carbon peaking and carbon neutrality, and the advancement of the "3060" plan[2] 

signals the rapid development of renewable energy. 

Wind power, as one of the main force of renewable energy generation, has 

great potential for development with the continuous maturation of technology.  of 

which China's new installed capacity of wind power accounted for about 48.5%. 

Affected by the epidemic and other factors, although the new wind power installed 

capacity in 2022 year-on-year decline, but is still showing an upward trend ( Figure 

2). However, with the increasing scale of wind power installed capacity, the operation 

and maintenance of wind turbines has become more and more burdensome, and the 

cost of troubleshooting has increased. Coupled with the limitation of wind energy 

resources, wind farms are usually constructed in high altitude areas such as plateaus, 

mountains and other high-altitude areas as well as the sea, the operating environment 

is complex and harsh, resulting in the operation and maintenance work is difficult to 

carry out[3].  

 

Figure  2 Statistics of Wind Turbine Installed Capacity in China from 2017 to 2022[4] 

 

As one of the key components in the operation of wind turbines, the failure of 

wind turbine blades causes long downtime, which is often accompanied by high 

O&M costs and loss of power generation. Therefore, effective condition monitoring 

and fault diagnosis of the blades during the operation of WTGs, and early detection 

and elimination of potential safety hazards are of great significance and application 
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value to improve the reliability of WTGs, enhance the utilization rate of WTGs, and 

reduce the cost of O&M and downtime loss of power generation [5]. 

In recent years, with the development of artificial intelligence and the 

advancement of industrial digital transformation, blade fault diagnosis technology has 

also been developed accordingly, with a variety of signal processing methods 

emerging in an endless stream, and data-driven methods based on the wind power 

industry are also widely used in fault diagnosis tasks[6]. With the continuous 

advancement of algorithms, high fault diagnosis accuracy can be obtained in 

simulation experiments under ideal conditions, but more attention should be paid to 

the complex problems existing in practical engineering, for example, the difficulty of 

obtaining sufficient labeled data, the noise interference brought by the complex and 

changeable operating environment of wind turbines, and the difficulty of meeting the 

independent and homogeneous distribution assumptions of the training set and the test 

set in the application[7]. The solution of these practical problems is of great practical 

significance to promote the application of wind turbine blade fault diagnosis system. 

 

1.2 Research Objectives 

The overarching goal of this research is to develop a practical and robust fault 

diagnosis framework for wind turbine blades, with a particular focus on icing-related 

faults, by leveraging deep learning techniques in combination with SCADA system 

data. This goal addresses the growing industrial demand for intelligent, efficient, and 

real-time monitoring solutions that ensure operational safety, reduce maintenance 

costs, and extend the service life of wind turbines, especially under complex and 

harsh environmental conditions. 

To achieve this goal, the study defines the following five key objectives: 

1.To explore and design deep learning-based models for wind turbine blade 

fault diagnosis. 

     The research first analyzes the limitations of traditional fault detection methods, 

including high cost, limited sensitivity to complex failure patterns (such as blade 

icing), and reliance on manual inspection. To address these issues, statistical 

techniques such as frequency analysis and association rule mining are employed to 

identify critical operational patterns. These patterns guide the development of a hybrid 
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model architecture that integrates both spatial and temporal feature learning to 

enhance the model's ability to handle complex, nonlinear signals from SCADA data. 

2.To implement comprehensive data preprocessing and feature engineering 

techniques tailored for SCADA datasets. 

SCADA data typically exhibits high dimensionality, noise, and non-stationary 

characteristics. Therefore, this study establishes a rigorous preprocessing pipeline, 

including missing value imputation, normalization, time-series segmentation, and data 

balancing to handle class imbalance between icing and normal conditions. Feature 

selection is performed using Random Forest to isolate key influencing variables. 

Subsequently, CNN-based feature extraction layers are applied to enhance spatial 

characteristics prior to temporal modeling. 

3.To construct and optimize a deep learning architecture that integrates CNN, 

BiGRU, and attention mechanisms. 

  A core contribution of this research is the development of a hybrid CNN-

BiGRU model enhanced with attention modules to better capture spatiotemporal 

dependencies within multivariate SCADA time-series data. The model architecture is 

optimized through hyperparameter tuning, including network depth, dropout rate, and 

learning rate scheduling (e.g., cosine annealing). CrossEntropyLoss is adopted to 

manage multi-class classification and avoid overfitting. 

4.To evaluate and benchmark the proposed model against traditional and state-

of-the-art diagnostic methods. 

            The performance of the CNN-BiGRU-attention model is assessed using real-

world SCADA data collected from wind turbines located in Hunan Province, China. 

Comparative experiments are conducted against classical machine learning algorithms 

(e.g., Random Forest) and other deep learning models (e.g., CNN-only, LSTM, 

BiLSTM). Evaluation metrics include accuracy, precision, recall, F1-score, and ROC-

AUC to comprehensively validate the effectiveness and generalization ability of the 

proposed method. 

5.To develop a practical fault diagnosis system suitable for real-time 

deployment in wind farm SCADA platforms. 

The final objective is to bridge theoretical development with practical 

application. The proposed model is designed to be lightweight and compatible with 
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real-time deployment in existing SCADA systems, enabling early detection of blade 

faults such as icing. This supports timely maintenance or de-icing interventions, 

thereby minimizing downtime, reducing power losses, and improving turbine 

operational safety. The findings are also expected to contribute to the broader field of 

intelligent condition monitoring in renewable energy systems and provide a technical 

foundation for future smart-grid-integrated fault management platforms. 

In summary, this research systematically integrates advanced SCADA data 

analysis, deep learning model innovation, and engineering deployment feasibility, 

thereby providing a comprehensive solution for wind turbine blade fault diagnosis in 

both academic and industrial contexts. 

 

1.3 Research Scope 

In response to the increasing com plexity of wind turbine blade fault 

diagnosis—especially under harsh environmental conditions such as icing—this study 

systematically investigates a novel approach grounded in data-driven techniques. 

Unlike traditional monitoring systems that rely heavily on physical inspections and 

manual analysis, the proposed method integrates SCADA system data with advanced 

deep learning models to enable real-time, intelligent fault detection[8]. The research is 

structured around three core objectives, each addressing a critical technical challenge: 

To address the limitations of traditional condition monitoring methods for 

detecting wind turbine blade faults—such as challenging installation, high operational 

cost, and insufficient stability—this study proposes a condition monitoring approach 

based on Supervisory Control and Data Acquisition (SCADA) systems. By leveraging 

built-in turbine sensors, real-time operational data from various components is 

collected without the need for additional external hardware. This ensures that the data 

used during model training and testing accurately reflects real -world turbine 

conditions, thereby enhancing the reliability of blade icing fault diagnosis. 

To overcome the inefficiencies in processing large-scale and complex raw data 

encountered in traditional fault diagnosis approaches—particularly those relying on 

manual feature extraction and signal-based machine learning methods—this research 

introduces a deep learning-based intelligent diagnostic framework. Initially, the raw 

SCADA data undergoes comprehensive preprocessing, including data augmentation, 
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segmentation, normalization, and standardization. These steps are critical to address 

data imbalance and enhance the extraction of informative features. Subsequently, a 

Random Forest algorithm is employed for dimensionality reduction and feature 

selection, which transforms the data into multiple sets of multivariate time series 

fragments. These sequences are then input into a CNN-BiGRU deep learning model, 

where spatial and temporal features are learned. Multiple rounds of experiments are 

conducted to fine-tune model parameters and identify optimal configurations that 

maximize blade fault detection accuracy while preserving the integrity of SCADA -

derived information. 

This research further explores optimization strategies for enhancing the deep 

learning architecture. Specifically, the convolutional neural network (CNN) 

component is improved by selecting an appropriate number of layers and filter sizes 

to effectively extract spatial features from the input data. In parallel, the recurrent 

component—Gated Recurrent Units (GRU)—is optimized to capture temporal 

dependencies, and its performance is enhanced using a bidirectional structure 

(BiGRU), allowing the model to learn both forward and backward time -series 

correlations. By combining CNN and BiGRU into an end -to-end deep learning 

architecture, the proposed model significantly improves the accuracy of blade fault 

detection. This optimized fusion architecture not only elevates model robustness but 

also provides a practical and reliable tool for real-time wind turbine maintenance 

decision-making. 

Collectively, these objectives form the methodological foundation of this 

research. In the following chapters, the study elaborates on data acquisition, 

preprocessing techniques, model architecture design, and performance evaluation 

strategies, all aimed at realizing a reliable and efficient fault diagnosis framework for 

wind turbine blades. Special emphasis is placed on the integration of spatial and 

temporal feature learning, as well as the use of real-world SCADA data to validate the 

practical applicability of the proposed approach. 

 

1.4 Benefits of the research  

With the continuous advancement of wind power generation technology and 

the steady expansion of global installed capacity, the long-term operation of wind 
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turbines is increasingly approaching their designed service limits. As a result, 

reducing fault incidence and improving power generation efficiency have become 

pivotal to ensuring the safe, stable, and cost-effective operation of modern wind 

farms. Most wind turbines are installed in regions with abundant wind resources—

such as high-altitude mountainous areas and offshore environments—where they are 

subjected to extrem e environm ental conditions, including persistently low 

temperatures, high humidity, and frequent wind turbulence. These harsh conditions 

accelerate the wear and degradation of components, thereby increasing the risk of 

critical system failures. 

Although considerable research efforts have been devoted to components such 

as gearboxes, generators, and bearings, relatively limited attention has been given to 

wind turbine blades—the primary element responsible for wind energy capture and 

mechanical-to-electrical conversion. Blades are not only positioned externally, 

making them more susceptible to environmental damage, but they also represent a 

substantial portion of the turbine's total cost[9]. As illustrated in Table 1, blade-related 

costs account for approximately 23.3% of the overall turbine cost—the highest among 

all major components—followed by the tower (18.9%) and gearbox (16.2%). This 

highlights the strategic importance of blade integrity in the context of both operational 

performance and economic sustainability[10]. 
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Table  1 Cost Proportion of Each Component in Wind Turbines 

Component 

Name 

Cost 

Proportion 

（%） 

Component 

Name 

Cost 

Proportion 

（%） 

Component 

Name 

Cost 

Proportion 

（%） 

Blade 23.3 Transformer 3.59 
Nacelle 

Cover 
1.9 

Tower 18.9 Generator 3.4 

Heat 

Exchange 

System 

1.3 

Gearbox 16.2 Hub 3.0 Bearing 1.22 

Converter 7.3 Frame 2.8 Bolt 1.04 

Controller 5.0 Main Shaft 2.2 Cable 0.96 

Pitch 

System 
3.9 Yaw 2.0 

Braking 

System 
0.6 

 

Given the high cost and vulnerability of turbine blades, failure to monitor their 

operational condition in real-time can result in undetected micro-defects escalating 

into severe structural failures. Among all fault types, blade icing has emerged as one 

of the most frequent and critical challenges—particularly in cold-climate regions. Ice 

accumulation modifies the blade’s aerodynamic structure by increasing the trailing -

edge thickness, thereby reducing the lift-to-drag ratio and substantially lowering 

power output. Furthermore, the added mass and aerodynamic asymmetry lead to 

increased mechanical loads, excessive nacelle vibration, and accelerated fatigue of 

drivetrain components. In extreme cases, prolonged icing may lead to catastrophic 

blade fracture or large-scale ice shedding, posing serious threats to personnel, 

infrastructure, and overall turbine safety. 

In light of these risks, the timely and accurate diagnosis of blade icing faults is 

vital for ensuring uninterrupted turbine operation and extending component lifespan. 

However, traditional condition monitoring methods—such as manual inspection, 

vibration analysis, and acoustic emission techniques—suffer from notable limitations, 

including high cost, low responsiveness, poor scalability, and dependence on external 
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sensors. These shortcomings hinder their practical effectiveness, particularly in large-

scale wind farm applications. 

To address this gap, this research proposes a novel data-driven intelligent fault 

diagnosis framework that integrates SCADA system data with advanced deep learning 

models. By leveraging the built-in sensor infrastructure of SCADA systems, 

combined with the automated feature extraction and temporal modeling capabilities of 

Convolutional Neural Networks (CNN) and Bidirectional Gated Recurrent Units 

(BiGRU), the proposed method enables early detection of icing-related anomalies 

without the need for additional instrumentation. Furthermore, the deep learning model 

is designed for seamless integration into turbine control systems, enabling intelligent 

linkage with de-icing mechanisms and supporting proactive maintenance strategies. 

This work contributes to the field in the following key aspects: 

It offers a cost-effective, real-time, and scalable solution for wind turbine 

blade condition monitoring based on operational data. 

It improves fault diagnosis accuracy and generalization ability through an end-

to-end deep learning architecture optimized for SCADA time-series data. 

It supports the intelligent digital transformation of wind turbine operation and 

maintenance (O&M) systems. 

It establishes a technical foundation for the integration of predictive analytics 

and autonomous control in broader renewable energy applications. 

Ultimately, this research aligns with global efforts toward carbon neutrality 

and sustainable energy development. By enhancing the reliability, safety, and 

efficiency of wind energy systems, the proposed methodology not only addresses a 

critical engineering challenge but also provides transferable insights for intelligent 

fault detection across other components and renewable energy platforms. 

 

1.5 Research Plan 

 To tackle the pressing issue of wind turbine blade icing faults, this dissertation 

proposes a SCADA data-driven fault diagnosis approach grounded in deep learning 

techniques. The research is systematically organized into five chapters(see in the 

Figure 3), each focusing on a distinct yet interconnected phase of the study, ensuring a 
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comprehensive and coherent exploration from problem identification to model 

implementation and validation. 

Chapter 1 introduces the background and motivation of the research, 

emphasizing the operational challenges posed by blade icing in cold climates and the 

urgent need for efficient and intelligent diagnostic methods. It critically examines the 

limitations of traditional monitoring systems and highlights the advantages of 

leveraging SCADA data combined with deep learning. The chapter also clarifies the 

research objectives, significance, and methodological framework, laying the 

foundation for the rest of the thesis. 

Chapter 2 provides an in-depth review of existing literature related to wind 

turbine condition monitoring and fault diagnosis. It discusses the structural 

characteristics and common failure modes of wind turbine components, as well as the 

development and application of SCADA-based monitoring systems. The chapter 

further analyzes classical diagnostic techniques and recent advances in machine 

learning and deep learning, identifying the gaps in current research—particularly the 

lack of effective and timely diagnostic models for blade icing based on operational 

data. 

Chapter 3 focuses on the operational characteristics of wind turbines and the 

formal definition of the problem. Real-world SCADA datasets are analyzed to identify 

key performance indicators such as power output, wind speed, rotor speed, and blade 

pitch angle. Through statistical methods and domain expertise, the chapter defines the 

multi-class classification problem of blade icing severity. It also outlines data 

preprocessing procedures, including time-series segmentation, outlier elimination, 

normalization, and feature selection, thereby ensuring that the data is well -prepared 

for model training. 

Chapter 4 presents the core methodological contribution of this dissertation: 

the construction and evaluation of a hybrid CNN-BiGRU deep learning model for 

blade fault diagnosis. The model is designed to extract both spatial and temporal 

features from SCADA time-series data, enabling more accurate identification of blade 

icing events. This chapter details the m odel architecture, training strategy, 

hyperparameter tuning, and dropout optimization. Furthermore, extensive experiments 

are conducted to compare the proposed method with traditional algorithms such as 
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SVM, Random Forest, and LSTM, using multiple evaluation metrics and real-case 

validation to verify its effectiveness and generalization ability. 

Chapter 5 concludes the dissertation by summarizing the key findings and 

contributions of the research. It confirms the feasibility and robustness of the 

proposed deep learning-based diagnostic framework and discusses its practical 

implications for intelligent wind turbine maintenance. The chapter also reflects on 

current limitations and proposes directions for future work, such as incorporating 

additional sensing modalities, enabling real-time model deployment, and expanding 

the methodology to other critical wind turbine components. This comprehensive 

research plan provides a solid technical foundation for advancing intelligent fault 

diagnosis in wind energy systems. 

This five-chapter research framework enables a structured, data-centric, and 

practical solution to the pressing challenge of blade icing fault diagnosis in wind 

turbines.  

 
Figure 3 Thesis Framework 
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Chapter 2 Literature Reviews 

 

 2.1 Overview of Wind Turbine  

Wind turbine is a complex and typical electromechanical liquid coupling 

system, through the rotation of the wind energy acting on the blades into mechanical 

energy, the use of generators will be converted into electrical energy, through the 

relevant control equipm ent will be the output of the unit power fed into the 

transmission network, and delivered to the end user. 

2.1.1 The classification of wind turbines 

Wind turbines can be classified according to different criteria, with the most 

common being based on the axis and generator type: 

1.Axis Classification 

Wind turbines have been built horizontally or vertically. As it can be seen in 

Figure 4(a), in vertical wind turbines, the blades are installed vertically[10]. One of 

the advantages of this kind of wind turbines is that the conversion systems and the 

gearboxes are located on the ground, while, the disadvantage of this type is that the 

maintenance is somehow complicated as it normally requires rotor removal. Besides, 

the efficiency of converting wind energy to electrical one is not high in compared to 

horizontal turbines. For these reasons, nowadays, the modern wind turbines usually 

have been built horizontally, as shown in Figure 4(b). 

 

  (a)                                                   (b)  

Figure 4 Wind turbine axis classifications:(a)Vertical-axis structure and (b) 

Horizontal-axis structure[10] 
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 2.Generator Type Classification 

In the Chinese market, variable-pitch wind turbines are mainly available in 

three configurations[11]: 

Gearbox-equipped Doubly-Fed Induction Generator (DFIG) 

This configuration uses a gearbox to increase the rotation speed of the wind 

rotor to the speed required by the generator. The DFIG can operate effectively under 

variable speeds, making it suitable for a wide range of wind speeds. 

 

 

Figure 5 Structure frame of DFIG with gearbox wind turbine [11]  

i. Direct-Drive Permanent Magnet Synchronous Generator (PMSG) 

This setup does not include a gearbox, with the generator directly connected to 

the wind rotor, thereby reducing mechanical losses and maintenance requirements. 

The permanent magnet synchronous generator is favored for its high efficiency and 

reliability. 

 
 

Figure 6 Structure frame of direct drive PMSG wind turbine [11] 
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ii. Single-stage/Twin-stage Gearbox-equipped Permanent Magnet Synchronous 

Generator (PMSG) 

 This configuration combines the high efficiency of the permanent magnet 

synchronous generator with the speed matching capabilities of a gearbox. Depending 

on the specific design, either a single-stage or a twin-stage gearbox can be used to 

accommodate different wind speeds and load requirements. 

 
 

Figure 7 Structure frame of multibrid wind turbine [11]  

Each configuration has its characteristics and applicable scenarios. The 

gearbox-equipped doubly-fed induction generator (DFIG) is widely used for its 

flexible control strategies and cost-effectiveness. 

The main research object unit of this paper is the 2MW variable speed doubly-

fed wind turbine developed by HARBIN ELECTRIC WIND POWER, model 

XE96D-2000, which is a H-bladed, upwind, blade pitch-variable, active yaw, wind 

turbine, with an impeller diameter of 96 meters, a rated capacity of 2000kW, and a 

design service life of 20 years. The machine utilizes a doubly -fed induction 

generator(DFIG), which allows the wind turbine to operate over a relatively wide 

range of wind turbine rotor speed variations to obtain more electrical energy. 

2.1.2 Structure of the Wind Turbine  

Wind turbines are sophisticated aerodynamic machines with complex control 

systems, consisting of various components, subcomponents, and parts such as 

foundation connection to the electric grid, tower access ladder, wind orientation 

control (yaw control), nacelle, generator, anemometer, electric or mechanical brake, 

gearbox, rotor blade, blade pitch control, rotor hub etc. Introduction to the main 
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subsystems and components of a gearbox-equipped Doubly-Fed Induction Generator 

wind turbine system are as follows: 

 

Figure 8 Structure and Components of a Wind Turbine[12] 

①Foundation ②Connection to the electric grid ③Tower ④Access 

ladder ⑤Wind orientation control (yaw control) ⑥Nacelle ⑦Generator 

⑧ Anemometer  ⑨Electric or mechanical brake  ⑩Gearbox ⑪Rotor 

blade  ⑫Blade pitch control  ⑬Rotor hub 

 

2.1.3 Main Fault Analysis of Wind Turbine  

The stable operation of a wind turbine system relies on the components being 

in a healthy state and working closely with each other. However, because wind 

turbines often operate in more complex environments such as the sea, mountains, 

prairies and the Gobi, they are subjected to extreme weather conditions such as acid 

rain, blizzards and hailstorms, storms and sandstorms. As a result, these components 

have a greater or lesser probability of abnormalities or even failures during operation. 

Depending upon external environment, and turbine condition itself, failure can 

occur anywhere in the wind turbine (Figure 9). However, the frequency and extent to 

which the particular failure affects the system performance varies. Gearbox failures 

https://en.wikipedia.org/wiki/Wind_turbine_design#Foundations
https://en.wikipedia.org/wiki/Wind_turbine_design#Connection_to_the_electric_grid
https://en.wikipedia.org/wiki/Wind_turbine_design#Tower
https://en.wikipedia.org/wiki/Wind_turbine_design#Yawing
https://en.wikipedia.org/wiki/Nacelle_(wind_turbine)
https://en.wikipedia.org/wiki/Wind_turbine_design#Generator
https://en.wikipedia.org/wiki/Anemometer
https://en.wikipedia.org/wiki/Wind_turbine_design#Electrical_braking
https://en.wikipedia.org/wiki/Wind_turbine_design#Mechanical_braking
https://en.wikipedia.org/wiki/Gearbox
https://en.wikipedia.org/wiki/Wind_turbine_design#Blades
https://en.wikipedia.org/wiki/Wind_turbine_design#Blades
https://en.wikipedia.org/wiki/Wind_turbine_design#Pitch_control
https://en.wikipedia.org/wiki/Wind_turbine_design#The_hub
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are less frequent but are most costly to repair and replace, whereas, electrical system 

of the wind turbine often fails, but can be easily repaired. A description of failure 

associated with turbine components are shown in Figure 10. 

 
 

Figure 9 Wind turbine components and associated faults [13] 

 

 
 

Figure 10 Percentage failures of wind turbine components 2.2 Research and analysis 

of wind turbine blades 

2.2.1 Structure of wind turbine blades 

Figure 11 illustrates the internal structure of wind turbine blade, primarily 

consisting of the skin and the main spar. The primary elements of the main spar 



 

 

 
 17 

include the spar cap and the shear web. The spar cap, primarily made of unidirectional 

glass fiber, serves as the first main component, while the shear web, constructed from 

bi-axial glass fiber, acts as the second. The shear web is specifically designed to 

handle shear-induced loads, thereby enhancing the blade's stability[15]. 

 
 

Figure 11 Internal Structure and Material Distribution Diagram of Wind Turbine 

Blade [15] 

 

2.2.2 Main Faults and Diagnostic Methods of Wind Turbine Blades 

Wind turbine blades are operated in harsh areas for a long time, which is prone 

to various surface defects and threatens the healthy operation of wind turbines. Since 

there are many factors that affect the health status of the blade, various types of 

failures occur in the blade. (as shown in the Figure 12). 

i. Blade Cracking 

Blades can develop cracks due to shifts in the center of gravity, thermal 

expansion and contraction, or impacts from external objects. Initially minor cracks, if 

left unchecked, can worsen under continual stress, leading to further crack expansion. 

In severe cases, this can result in blade breakage, posing significant risks. 

ii. Localized Deterioration 

Typically, the areas most susceptible to environmental wear and tear include the 

leading edge, the windward side, and the trailing edge of the blade. These regions are 

prone to surface cracking, abrasion, and fractures due to their direct exposure to 

environmental elements. 
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(a) Blade Cracking                       (b) Blade Breakage 

 

(c) Electrochemical Corrosion             (d) Blade Icing 

Figure  12 Types of Wind Turbine Blade Faults [16] 

 

iii. Electrochemical Corrosion 

 Galvanic corrosion of blades refers to the process of deterioration caused by the 

electrochemical reaction that occurs between the material and the environment of a 

wind turbine blade, usually made of metal or composite materials. This corrosion can 

occur when blades are exposed to moisture, oxygen, salts, or other corrosive 

substances, especially in harsh environments such as coastal areas or industrial areas. 

The electrochemical process results in a loss of material on the blade's surface, 

weakens its structure, and can lead to blade failure over time. This process is very 

important for wind turbines as it affects the efficiency, safety and longevity of the 

generator, and therefore requires regular maintenance and monitoring to prevent 

serious damage. 
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iv. Blade Icing 

 Many wind farms are located in regions of high altitude and latitude where low 

temperatures prevail throughout the year, leading to frequent blade icing. This icing 

process occurs in three phases: initial icing, noticeable icing, and severe icing. Thus, 

identifying and addressing icing at its initial stage through timely fault detection and 

implementing appropriate de-icing methods are crucial. This can prevent further ice 

accumulation and ensure the continuous operation of wind turbines. This document 

further explores and analyzes the phenomenon of blade icing. 

2.2.3 Factors Contributing to Wind Turbine Blade Icing 

Wind turbine blade icing refers to the phenomenon where moisture accumulates 

and freezes on the surface of turbine blades under conditions of low temperature and 

high humidity. Icing has negative effects on the operation and performance of wind 

turbines, including reduced aerodynamic efficiency of the blades, increased load and 

vibration, decreased power generation, and higher maintenance and operational costs. 

The ice formed on turbine blades can vary in size, shape, and characteristics 

depending on several factors such as climate conditions, wind speed, and humidity. 

These factors are interrelated and interact with one another, making the causes of 

blade icing complex and diverse. 

The possible factors contributing to blade icing include: 

i. Temperature.It is a key factor influencing the heat exchange characteristics of 

water droplets. The lower the temperature, the greater the tendency for droplets to 

freeze. At sufficiently low temperatures, droplets may freeze directly on the blade 

surface, forming rime ice or glaze ice. 

ii. Wind Speed.It affects the convective heat transfer rate on the blade surface. 

The higher the wind speed, the more ice accumulates on the blades. High wind speeds 

increase the impact velocity of water droplets and the rate of convective heat transfer, 

promoting the formation of thicker ice layers on the blade surface. 
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iii. Liquid Water Content.The higher the liquid water content in the atmosphere, 

the thicker the ice on the blades. When the air contains a large amount of liquid water, 

droplets gather on the blade surface and freeze, forming a thick ice layer. 

iv. Droplet Diameter.The influence of droplet diameter on blade icing is similar to 

that of liquid water content. Larger droplets result in thicker ice layers. Large water 

droplets significantly affect the adhesion and freezing process on the blade surface. 

v. Airfoil Shape.The airfoil of the turbine blade determines its aerodynamic 

characteristics. Different airfoil shapes influence how ice forms and the type of ice 

that accumulates. Poorly designed airfoils may be more prone to icing. 

vi. Surface Roughness.The roughness of the blade surface affects both 

aerodynamic properties and heat transfer. A rougher surface increases the likelihood 

of ice adhering to the blade. 

The factors influencing blade icing are not limited to the six listed above. Due to 

the complexity of the causes, traditional methods rely on a comprehensive analysis 

that takes multiple factors into account, often combining them with expert knowledge 

to detect icing. However, building such mechanism-based models is challenging and 

often lacks generalization ability. Data-driven approaches can help alleviate these 

limitations. 

2.Diagnostic Methods of Wind Turbine Blades 

Addressing the issue of icing on wind turbine blades promptly can significantly 

reduce further fault development, thus extending the lifespan of the blades, enhancing 

energy production efficiency, and decreasing maintenance expenses. Currently, 

various technical approaches are employed to monitor icing conditions on wind 

turbine blades, including acoustic emission monitoring, vibration analysis, drone 

surveillance, non-destructive evaluation, and SCADA system data analysis. 

i.  Acoustic Emission Monitoring Technology 

Acoustic emission monitoring is particularly effective for early-stage or potential 

faults due to its high signal-to-noise ratio, making it ideal for environments with 

significant background noise. For instance, research documented in Reference[17] 
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enhances the detection of crack propagation in wind turbine blades by optimizing 

wavelet basis function bandwidth parameters through minimum Shannon entropy. 

This process calculates the wavelet rescaled spectrum, boosting the time-frequency 

resolution of acoustic emission signals related to cracks, thus enabling precise 

localization and focused monitoring of these defects. Moreover, as detailed in 

Reference [18], applying wavelet analysis to decompose the acoustic emission signals 

of wind turbine blades helps in extracting vital features such as the maximum spectral 

coefficient layer and reconstructed signal spectra, aiding in the accurate identification 

of surface damages on the blades. 

ii. Vibration Monitoring Technology 

Vibration monitoring stands out as the foremost method for diagnosing faults in 

engineering equipment and is prevalently utilized in commercial wind turbine 

monitoring systems. This method employs vibration sensors to translate the anomalies 

in wind turbine blades into discernible vibration signals. Commonly used sensors 

include accelerometers, velocity, and displacement sensors, with accelerometers being 

the most favored due to their broad frequency range of 1 to 30,000 Hz, making them 

particularly effective for wind turbine fault diagnosis [19]. 

Reference [20] introduces an innovative approach where a piezoelectric thin-film 

sensor is positioned between the hammer head and body. This setup, upon impacting 

the wind turbine blade, transforms mechanical vibrations into electrical signals, 

thereby enabling accurate assessment of damage depth by comparing the generated 

voltage against known standards. 

iii. Unmanned Aerial Vehicle (UAV) Monitoring Technology   

In recent times, the industrial sector has witnessed rapid advancements in 

computer vision algorithms, particularly in detecting defects on wind turbine blades. 

These methods, leveraging image capture, have garnered extensive interest globally. 

Employing an optimized Canny edge detection method [21] enhances the precision in 

identifying surface cracks. Further refinement is achieved by integrating Canny with 

Sobel operators, improving the identification accuracy. 
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Furthermore, according to Reference [22], integrating GABOR filter and OSTU 

threshold segmentation methods enhances the image detection algorithms for blade 

defects. This hybrid approach facilitates a more detailed examination of defect 

characteristics, significantly boosting the detection algorithm's accuracy. 

iv. Non-destructive Monitoring Technology 

Non-destructive monitoring encompasses techniques like ultrasound, infrared 

thermography, and X-ray for inspecting wind turbine blades. These methods utilize 

contactless detectors to reflect various signals from the blades, identifying potential 

defects and assessing damage levels. However, despite their effectiveness, these non-

destructive techniques often come with high costs and usually require turbine 

shutdown during inspection. Typically applied as static tests before turbines leave the 

factory, the real-time fault detection of operational wind turbine blades remains 

challenging. Moreover, for most non-destructive techniques, experienced inspectors 

are essential for accurate defect analysis. 

v. SCADA Detection Technology 

In recent years, the Supervisory Control and Data Acquisition (SCADA)-based 

approach has been recognized as a cost-effective method,and has been extensively 

studied [27]. For large wind turbines, SCADA systems have become standard and are 

dedicated to collecting operating and status data to provide rich environmental, 

electrical, and mechanical information about the operating status of wind turbines. At 

present, SCADA data has been widely used in the main components of wind turbines, 

including the condition monitoring of blades[23, 24], sensors[25], generators[26],and 

gearboxes [27].  

 Zhao[28] monitored the wind turbine blades by detecting the voltage, using the 

data from the voltage sensor to find the best detection sensitivity in a variety of ways. 

However, there are certain defects in the application of this research method, and it is 

not perfect in online detection. Jiang[29]used the B-spline surface to study the quality 

inspection process of offshore wind blades, focusing on a protocol for the location of 

control points, increasing the initial surface fitness and thus reducing the time 

required for the optimizer to converge to the ideal position. Lee[30] combined random 
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forests (RFs) with extreme gradient boosting (XGBoost) to establish a data-driven 

framework for wind turbine fault detection. In its proposed design, RFs are used to 

rank features by importance. Compared with the current emerging technologies, RFs 

have certain shortcomings, such as algorithm computing power, computing speed, and 

processing of mutually exclusive characteristics.Jiang Guoqian et al. [31] from 

Yanshan University proposed a denoising autocoding network model integrating time 

series information to model and mine the spatiotemporal correlation of multivariable 

SCADA data, which reduced the influence of input noise and interference on the 

model and improved the accuracy of fault detection. A wavelet-based fully 

convolutional neural network model[32] was proposed to detect blade icing faults, 

and the SCADA data of wind turbine blade icing was mined through the wavelet 

multi-scale characteristics combined with the spatial feature extraction characteristics 

of the convolutional neural network, and the correlation between spatial variables was 

extracted, and a good diagnostic accuracy was obtained through the actual wind field 

blade icing data. However, wavelet fully convolutional neural networks do not take 

into account the inherent but important time dependence of SCADA data. Zhang,et 

al.[33] studied a condition monitoring method for wind turbines based on data 

analysis, and proposed a condition monitoring method based on the correlation of 

SCADA variables, and at the same time, to evaluate the overall operation of the wind 

turbine under different working conditions. A DRL-based UC model [34] was 

proposed by formulating the problem as an MDP and training it offline using PPO-D, 

achieving faster computation and robustness against wind uncertainty. Simulation on 

5-unit and IEEE 118-bus systems validated its efficiency and generalization. 

 

2.3 Overview of the SCADA System 

The development of SCADA systems,as depicted in Figure 13, has undergone 

significant evolution since their inception in the 1950s, initially aimed at monitoring 

and controlling power and water systems. Advancements in computer and network 

communication technologies have transformed SCADA into comprehensive, 

multifunctional systems capable of remote monitoring, data acquisition, process 

control, and fault diagnosis. By the 1990s, the integration of Internet technologies and 

advancements in information technology enhanced SCADA systems with open 
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standards and network protocols, boosting their flexibility and compatibility. Entering 

the 21st century, the emphasis shifted towards real-time data processing, analytics, 

and decision support, leading to widespread application across various sectors like 

electric power, water treatment, petrochemicals, and manufacturing. 

 
 

Figure 13 Display interface for SCADA system [35] 

Specifically, for wind farms, SCADA systems are crucial for the efficient 

operation and management of turbine clusters. They provide functionalities such as 

data gathering, analysis, storage, and control, along with advanced features for 

predictive m aintenance, such as power and wind speed forecasts, condition 

assessments, and fault diagnostics. This evolution has significantly improved wind 

farm operational efficiency. 

In China, the progress in wind power SCADA systems began relatively late 

and is still developing. International manufacturers like Vestas, General Electric, and 

Siemens have created proprietary systems suited to their models, prompting the rise of 

third-party systems like those from Garrad Hassan in the UK. Chinese companies, 

including Goldwind Technology and Sinovel Wind Power, are also making strides in 

SCADA research and development, indicating a growing domestic market and 

technological advancement in this area. 

2.3.1 Description of Internal Data in SCADA Systems 

The wind turbine is a whole integrated system composed of m ultiple 

components, and there is interaction and coupling between the various components on 

the unit at the same time, and when an abnormality occurs in a certain component of 

the wind turbine, it is very easy to cause the failure of the whole wind turbine system. 
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SCADA system is a large-scale wind turbine pre-installed data acquisition and 

monitoring and control system, the system collects the time series data of each sensor 

pre-installed in the time dimension, the dimension of the data is higher, the sampling 

interval is generally a few seconds to a few minutes, and the content of the record is 

the basic situation of the operation of the wind turbine itself and some change 

information of the surrounding environment. Among them, the information of each 

part of the generator speed, active power, motor temperature and other parts such as 

gearbox and fan blades are recorded in the state of the fan itself; The external 

information is recorded with basic information such as the ambient temperature, wind 

speed, blades and the overall pressure of the fan. 

i. Wind Condition Parameters 

 This category includes variables such as wind speed and wind direction, which 

are typically measured using anemometers and wind vanes. These parameters are 

essential as they represent one of the primary driving factors for wind turbine 

operations. They have a significant correlation with other operational parameters like 

power output and pitch angle. 

ii. Energy Conversion Related Parameters 

 These are variables integral to the process of energy conversion in wind 

turbines. They include active power, generator speed, pitch angle, and pitch speed. 

The accumulation of ice on the blades has been demonstrated to adversely affect the 

power performance of the turbines. 

iii. Temperature Parameters 

 This group encompasses temperatures from critical components such as the 

pitch motor and battery cabinet, as well as the internal cabin temperature and external 

environmental temperature. Blade icing can disturb the aerodynamic force and mass 

balance, leading to fluctuations in the temperatures of key components like the pitch 

motor and battery cabinet. 

iv. Vibration Parameters 
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These include measurements of cabin acceleration in the X and Y directions. It 

has been documented that ice accumulation on the blades can increase the levels of 

vibration within the cabin, indicating the onset of icing issues. 

The SCADA data contains multi-parameter characteristics related to the icing 

state of the blades. However, monitoring the operating status of the blades with 

SCADA data is an extremely challenging task, as SCADA data often does not contain 

measurements related to the condition of the wind turbine blades, such as blade 

vibration and mechanical loads. Second, the existing SCADA variables do not directly 

reflect the health of the wind turbine blades. Moreover, most of the existing methods 

rely on artificial feature extraction and shallow machine learning methods, and these 

methods have shallow network structure and limited modeling ability, and cannot 

achieve satisfactory performance. On the other hand, because wind turbines are driven 

randomly by the wind and are subject to various disturbances and noises, SCADA 

data often have non-stationary characteristics. Due to the multivariate, multi-scale, 

dynamic time-varying and non-stationary characteristics of SCADA data, the existing 

methods cannot deal with these problems well. In SCADA, most methods only 

consider the global characteristics of each variable of the sensor, ignoring the local 

characteristics of the different variables. In view of the strong temporal correlation of 

SCADA data, machine learning is introduced in order to fully explore the correlation 

information in the temporal dimension between different data. 

 

2.4 Intelligent Algorithms for Wind Turbine Icing Prediction 

Wind turbine blade icing poses significant operational challenges, particularly 

in cold-climate regions where the accumulation of ice on blades can lead to 

performance degradation, increased mechanical stress, and even system failure. To 

address these risks proactively, the development of accurate and efficient prediction 

models has become a key research area. With the advent of large-scale SCADA 

(Supervisory Control and Data Acquisition) systems, a wealth of operational data has 

become available, offering new opportunities for data-driven fault diagnosis. 

Intelligent algorithms—especially machine learning and deep learning techniques—

have demonstrated considerable potential in modeling the complex, nonlinear, and 

temporal patterns embedded in such data. This section introduces the foundations of 
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machine learning and reviews the state-of-the-art approaches used for wind turbine 

icing prediction. It further analyzes how these algorithms are adapted and optimized 

for time-series data to enhance prediction performance in real-world applications. 

2.4.1 Machine Learning algorithm 

Machine learning algorithms are computational methods that enable systems 

to automatically learn patterns and make decisions or predictions based on data, 

without being explicitly programmed for specific tasks. The concept of machine 

learning originates from the broader field of artificial intelligence (AI), with its 

foundations laid in the mid-20th century. Arthur Samuel, an American pioneer in AI, 

first coined the term "machine learning" in 1959, defining it as the "field of study that 

gives computers the ability to learn without being explicitly programmed." 

The development of machine learning has evolved through several stages: 

from early rule-based systems to modern data-driven approaches powered by 

statistical theory and computational advancements. With the exponential growth of 

data and computing power, various algorithms—such as decision trees, support vector 

machines, neural networks, and ensemble methods—have been developed to handle 

tasks in classification, regression, clustering, and anomaly detection. In recent years, 

deep learning, a subfield of machine learning involving multi-layered neural 

networks, has significantly advanced the capabilities of algorithmic learning, 

particularly in image recognition, natural language processing, and time -series 

prediction. 

Today, machine learning algorithms are widely applied across diverse domains 

such as healthcare, finance, energy, and engineering, driving innovation through data-

informed decision-making. 

2.4.2 Machine Learning Approaches for Wind Turbine Icing Prediction 

With the increasing deployment of wind energy systems in cold climate 

regions, blade icing has become a critical issue affecting both safety and operational 

efficiency. Consequently, predictive modeling of wind turbine icing using SCADA 

(Supervisory Control and Data Acquisition) data has emerged as a prominent research 

focus. A range of machine learning techniques—both traditional and deep learning-

based—have been explored for this purpose. This section provides a critical review of 
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relevant studies, highlighting model architectures, capabilities, and prediction 

performance. 

Early work, such as that reported in [36], employed a shallow or conventional 

neural network for icing prediction, yielding an accuracy of approximately 83% on 

the evaluated dataset. Although shallow networks are computationally efficient, they 

lack the capacity to effectively model the nonlinear dependencies inherent in SCADA 

data and fail to capture the temporal dynamics characteristic of time-series inputs. 

To address this limitation, Elman Neural Networks (ENN) were introduced in 

[37, 38], achieving prediction accuracies of 95% and 98%, respectively. ENNs 

incorporate recurrent connections within the hidden layer, allowing information from 

previous time steps to influence the current output. This design makes ENNs well -

su ited  for sequence m odeling. Train ing  is typ ically  conducted  using  the 

backpropagation (BP) algorithm to minimize prediction errors. 

Deep Belief Networks (DBNs), probabilistic generative models that are pre-

trained in an unsupervised manner and fine-tuned using supervised learning, were 

investigated in [39]. A reported prediction accuracy of around 94% was achieved in 

[40]. However, DBNs lack mechanisms for modeling temporal dependencies and 

often require prolonged training times due to their complex training procedures, 

especially on large datasets. 

In [41], a one-dimensional Convolutional Neural Network (1D-CNN) was 

applied to icing prediction tasks. Designed for sequential or time -series data, the 

model achieved a notable prediction accuracy of 97% without requiring explicit 

feature selection or extraction. Nevertheless, while 1D-CNNs capture local temporal 

patterns, they do not explicitly model inter-feature relationships. 

Traditional machine learning approaches have also been investigated. For 

instance,  [42] proposed a Decision Tree (DT) model coupled with manual feature 

selection, which resulted in an impressive prediction accuracy of 99%. Similarly, [43]. 

Although such models are robust and interpretable, they do not consider the 

sequential nature of SCADA data. 

In [44], A global model was formed by aggregating local updates, resulting in 

an accuracy of approximately 70%. While FL addresses data privacy concerns, it also 

fails to incorporate temporal structures within time-series data. 
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In[45], clustering was initially used to divide the data samples into multiple 

classes to reduce the computational complexity, and then the machine learning 

approach of Light Gradient Boosting M achine (LightGBM) was applied for 

refinement of the outcome. In general, the accuracy of combined or ensemble models 

is relatively high as they take into consideration both the temporal and spatial aspects 

of data.  

Xu et al. [46] introduced a prediction method based on a support vector 

machine (SVM) optimized via particle swarm optimization (PSO), which improved 

prediction accuracy through refined data preprocessing and feature engineering. 

Meng et al. [47] utilized recursive feature elimination combined with random 

forest (RFE-RF) and SVM to monitor icing. The integration of model fusion 

(stacking) allowed for accurate fault diagnosis and robust performance. 

Tao et al. [48] incorporated physical icing characteristics into a Stacked -

XGBoost model. This hybrid approach considered both short- and long-term icing 

effects, leading to improved diagnostic precision. 

Extreme Gradient Boosting (XGBoost), a highly optimized ensemble learning 

algorithm, was used in [49, 50]. By iteratively training weak learners with a 

regularization-enhanced objective function, XGBoost achieved a high accuracy of 

99% on limited datasets. However, like other tree-based methods, it lacks temporal 

modeling capability. 

To model the complex interactions among SCADA features as well as 

temporal dependencies, a Graph Temporal Attention Network (GTAN) was proposed 

in [51]. This approach constructs a graph where nodes represent SCADA features and 

edges encode their relationships. A Graph Convolutional Network (GCN) was 

employed to evolve feature representations, while temporal dependencies were 

captured through an attention mechanism. An average prediction accuracy of 75% 

was reported across three datasets, reflecting a 5% improvement over baseline models 

such as CNN and LSTM. 

Classical machine-learning (ML) algorithms remain attractive for their 

computational  efficiency and transparent decision rules [52, 53]. XGBoost combined 

with exponentially weighted moving averages (EWMA) provides early -warning 

capability by tracking devia- tions from learned normality [54]. Semi-supervised tri-



 

 

 
 30 

training with XGBoost alleviates  label scarcity and class imbalance via pseudo -

labelling and Focal Loss [55] , and RFECV-guided TSVM pipelines for small- sample 

scenarios [56] further illustrate the breadth of ML strategies available. 

More recently, hybrid and ensemble models have gained attention. These 

architectures typically integrate one subnetwork designed to capture temporal 

dynamics (e.g., RNNs, GRUs) with another network that focuses on learning inter -

feature relationships (e.g., CNNs, GATs). Various integration strategies—such as 

serial, parallel, or attention-based fusion—have been explored to simultaneously 

leverage spatial and temporal information in SCADA time-series data. 

2.4.3 Deep learning algorithm 

Deep learning algorithms are a subset of machine learning methods based on 

artificial neural networks with multiple layers (hence "deep"). These algorithms are 

designed to automatically extract hierarchical features from data, enabling the 

modeling of complex, non-linear relationships. Deep learning is inspired by the 

structure and function of the human brain, particularly the interconnection of neurons, 

and it aims to mimic human-like learning in tasks such as perception, pattern 

recognition, and decision-making. 

The conceptual foundation of deep learning traces back to the 1940s and 

1950s with the development of the first artificial neuron model—the McCulloch-Pitts 

neuron—and the perceptron. However, due to limitations in computational resources 

and algorithmic efficiency, early neural networks were restricted in capability. It 

wasn't until the 2000s, with the advent of powerful GPUs, the availability of large -

scale datasets, and the development of more advanced training techniques (such as 

backpropagation and dropout), that deep learning began to flourish. 

Notable deep learning algorithms include: 

Convolutional Neural Networks (CNNs): Primarily used for image and spatial 

data processing. 

Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM): 

Designed for sequential and time-series data. 

Gated Recurrent Units (GRUs): A simplified alternative to LSTM with similar 

performance. 
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Autoencoders: Used for unsupervised learning, data compression, and feature 

learning. 

Generative Adversarial Networks (GANs): A framework for generating new 

data samples similar to a given dataset. 

Transformers: State-of-the-art architecture for natural language processing and 

sequential modeling tasks. 

Deep learning has demonstrated remarkable success across various domains 

such as computer vision, speech recognition, medical diagnostics, and renewable 

energy forecasting. Its ability to model high-dimensional data and adapt to diverse 

application scenarios makes it a cornerstone technology in modern artificial 

intelligence research. 

2.4.4 Deep Learning in Wind Turbine Blade Icing Predition 

Owing to its robust capability to model complex and nonlinear systems, deep 

learning has been increasingly applied in the prediction and diagnosis of wind turbine 

blade icing. Recent studies highlight a clear trend towards integrating multiple models 

to improve both the accuracy and robustness of icing forecasts. 

Several significant contributions in this area include: 

Kreutz et al.[36] proposed a convolutional neural network (CNN) model with 

dual-input channels and one-dimensional convolution filters. This approach 

effectively identified blade icing events using historical SCA D A data and 

meteorological forecasts. 

Yang et al. [57] combined SCADA data with random forest and k-nearest 

neighbors (KNN) algorithms to enhance feature selection. The resulting hybrid model 

significantly outperformed traditional backpropagation (BP) neural networks in icing 

diagnosis. 

Several recent studies have advanced the integration of deep learning models 

for icing prediction: 

Dazhong et al. [58] proposed a deep fully connected neural network, which 

achieved superior prediction accuracy when compared with conventional KNN, SVM, 

and unoptimized BP neural networks. 
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Xiong et al. [59] developed a short-term icing prediction model that combines 

Bidirectional LSTM (Bi-LSTM) and SVM, with PCA-based dimensionality reduction 

and multi-group data training, achieving high predictive accuracy. 

Tao et al. [60] employed a hybrid CNN-Attention-GRU model with a focal 

loss function, which significantly improved both the accuracy and the F1 -score of 

icing prediction. 

In addition, several advanced architectures have further enhanced the handling 

of imbalanced and high-dimensional SCADA data: 

Spatiotemporal attention mechanisms [61] and the GTAN model [51] have 

been utilized to extract and weight temporal and spatial features, enhancing the 

robustness of icing predictions. 

Tian et al. [62] introduced a Multi-level Convolutional Recurrent Neural 

Network (MCRNN) specifically tailored for blade icing detection. 

Wang et al.[63] proposed a Wavelet-LSTM model that integrates wavelet-

based multi-scale feature extraction with temporal modeling, effectively capturing 

both local and global time-series patterns to enhance fault detection performance. 

In  [64], a LSTM network was utilized to predict future feature values 

followed by a Support Vector Machine (SVM) to determine the occurrence of icing 

based on the predicted values. In the studies reported in [65], a CNN and a Gated 

Recurrent Unit (GRU) network were stacked together. In 66], an attention mechanism 

was added to this combined network.   In the latest paper in [45], Temporal 

Convolutional Network (TCN) was utilized to capture temporal patterns and 

dependencies within SCADA data by using one-dimensional convolutional layers. 

TCN employs dilated convolutions to increase the receptive field without increasing 

the number of parameters, thus capturing long-term dependencies more effectively. A 

prediction accuracy of 80% was obtained for the dataset examined. 

These advancements reflect the growing importance of deep learning in the 

field of wind turbine blade icing prediction, offering more adaptive, reliable, and 

accurate solutions in real-world operational environments. 

Deep-learning (DL) methods now dominate the state of the art because they 

can un- cover nonlinear relations hidden in high-dimensional SCADA streams, 

red u c in g  re lian ce   o n  m an u al fea tu res  an d  au x iliary  sen so rs  [6 7 ] [6 8 ] 
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[69].Representative examples include a  rotor-icing framework that marries 

dimensionality-reduced sensor data with power-curve  embeddings to achieve 96.4 % 

classification accuracy while lowering power-loss estimation  error by 18.7 % [70] ; 

an unsupervised β-VGATAE model that attains 90.9–93.4 % accu- racy by combining 

a β-VAE with graph-attention networks [71] ; a time-attention CNN  that surpasses 

existing methods on SCADA data [72] ; and a ReliefF-enhanced 1D-CNN-SBiGRU 

architecture whose weighted accuracy exceeds  traditional SVM, CNN, and BiLSTM 

baselines by 14.44–43.08 % [73] .  Nevertheless, DL models still grapple with class 

imbalance, limited generalization, and real-time constraints, motivating work on 

interpretability, data augmentation, and lightweight inference. 

 

2.5 Summary 

The internal structure of motor blades and the types of common defects 

provide the basis for understanding blade failures. Next, a detailed comparison of the 

current leading blade condition monitoring technologies, including acoustic emission 

monitoring, vibration analysis, drone inspection, non -destructive testing, and 

SCADA-based methods, was made, and the advantages and disadvantages of each in 

terms of data processing complexity and installation and maintenance costs were 

evaluated. The chapter further elaborates on the method of extracting fault features, 

and examines the principles and benefits of using various data processing techniques 

such as time-frequency analysis. Then, the SCADA detection technology for blade 

fault detection was analyzed in depth, using artificial neural networks, machine 

learning, and deep learning, and comparing their capabilities in processing large and 

complex blade operation data. Finally, deep learning was selected as the preferred 

technology, which laid a solid theoretical foundation for the construction of blade 

fault diagnosis model and data preprocessing. This series of discussions not only 

deepened the understanding of wind turbine blade fault diagnosis, but also provided 

strong technical support for the implementation of wind turbine fault detection and 

prevention strategies. 
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Chapter 3 Research Methodology 

 

As described in Chapter 2, the SCADA data contains multi -parameter 

characteristics related to the icing state of the blades. However, monitoring the 

operating status of the blades with SCADA data is an extremely challenging task, as 

SCADA data often does not contain measurements related to the condition of the 

wind turbine blades, such as blade vibration and mechanical loads. Second, the 

existing SCADA variables do not directly reflect the health of the wind turbine blades. 

Moreover, most of the existing methods rely on artificial feature extraction and 

shallow machine learning methods, and these methods have shallow network structure 

and limited modeling ability, and cannot achieve satisfactory performance. On the 

other hand, because wind turbines are driven randomly by the wind and are subject to 

various d isturbances and  noises, SC A D A data often have non -stationary 

characteristics. Due to the multivariate, multi-scale, dynamic time-varying and non-

stationary characteristics of SCADA data, the existing methods cannot deal with these 

problems well. In SCADA, most methods only consider the global characteristics of 

each variable of the sensor, ignoring the local characteristics of the different variables. 

In view of the strong temporal correlation of SCADA data, deep learning is 

introduced in order to fully explore the correlation information in the temporal 

dimension between different data. 

 

3.1 Data Preprocessing 

This study employs SCADA data provided by a wind power enterprise in 

Hunan Province, encompassing the operational behavior of ten wind turbines over the 

course of 2020 to 2021 across various seasonal conditions. These data, recorded at a 

frequency of 1 Hz via a real-time monitoring platform (Figure 13), form the 

foundational input for model training. The acquisition configuration of each turbine is 

detailed in Table 2. 
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Table  2 Actual Corporate Data Overview 

Location A (Collection Frequency:1s) 

Turbine ID Data Samples Collection Time 

wind turbine 28 44639 2021.8.7-2021.9.6 

wind turbine 29 44639 2021.8.7-2021.9.6 

wind turbine 39(1) 44373 2021.8.1-2021.8.31 

wind turbine 39(2) 44639 2021.12.15-2022.1.14 

wind turbine 45 44373 2021.8.1-2021.8.31 

Location B (Collection Frequency:1s) 

Turbine ID Data Samples Collection Time 

wind turbine 4 42822 2021.3.6-2021.4.8 

wind turbine 10 8201 2021.1.21-2021.1.27 

wind turbine 14 44581 2021.10.14-2021.11.13 

wind turbine 22 42674 2021.5.13-2021.6.12 

wind turbine 28 44639 2021.8.7-2021.9.6 

wind turbine 29 44639 2021.8.7-2021.9.6 

 

Given the high dimensionality of raw SCADA data—containing hundreds of 

variables—most features were irrelevant to blade icing. Through consultations with 

wind turbine manufacturers and domain experts, 26 highly relevant continuous 

variables were identified. These features were categorized into four main groups: 

wind field indicators, yaw system dynamics, blade pitch control parameters, and 

environmental conditions (Table 3). 

To ensure high-quality inputs for model learning, a multi-stage preprocessing 

pipeline was implemented. Short-term missing values were imputed using linear 

interpolation, while long-duration sensor failures led to data segment exclusion. 

Standardization and normalization procedures were then applied to the selected 

features to eliminate scale disparities caused by heterogeneous measurement units 

(e.g., wind speed in m/s, power in kW, temperature in °C). This step was crucial for 

accelerating convergence and avoiding feature dominance during model training. 
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Table  3 Partial Monitoring Parameter Information of Wind Turbine Units 

 

The data utilized in this study was obtained from the SCADA system; 

however, it contained anomalies, redundant entries, and missing values. In order to 

mitigate the impact of these issues on model training and evaluation, the following 

integrated data preprocessing process was implemented: 

(1) Data reading and preliminary screening 

Iterate through all files in the data directory and perform preliminary screening 

based on specific keywords in the file names. Only eligible CSV files are retained for 

further analysis. 

(2) Data Labeling and Missing Value Filling 

Experienced wind turbine engineers labeled the raw data as either "normal" or 

"iced". To ensure data continuity and integrity, missing values were filled in using the 

fillna() method. This prevents gaps in the time series from affecting subsequent 

analysis and model training. 

(3) Data Standardization and Segmentation 

Serial Number Variable Name Serial Number Variable Name 

1 Wind_speed 14 Pitch1_moto_tmp 

2 Generator_speed 15 Pitch2_moto_tmp 

3 Power(kw) 16 Pitch3_moto_tmp 

4 Wind_direction(°) 17 Acc_xx 

5 Wind_direction_mean 18 Acc_yy 

6 yaw_position 19 environment_tmp 

7 yaw_speed 20 int_tmp 

8 Pitch1_speed 21 Pitch1_ng5_tmp 

9 Pitch2_speed 22 Pitch2_ng5_tmp 

10 Pitch3_speed 23 Pitch3_ng5_tmp 

11 Pitch1_angle 24 Pitch1_ng5_DC 

12 Pitch2_angle 25 Pitch2_ng5_DC 

13 Pitch3_angle 26 Pitch3_ng5_DC 
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Since SCADA data are time series data collected from sensors at fixed 

intervals, they need to be standardized and segmented to meet the input requirements 

of the CNN-BiGRU wind turbine blade icing prediction model: 

 - Standardization: Min-Max standardization method is used to scale the 

feature values to the range of [0, 1] to reduce the impact of unit and magnitude 

differences between different features on the model. The standardization formula is as 

follows Eq. (3.1). 

X'=
X-Xmin

Xmax-Xmin
                                                       (3.1) 

Where X′ represents the pre-processed feature data, X refers to the original 

data, and Xmax and Xmin indicate the maximum and minimum feature values, 

respectively. 

 - Segmentation: Segment the normalized time series data into fixed length 

segments (500 data points per segment) to fit the input format of the model. 

(4) Icing data processing 

 The same preprocessing steps, including segmentation and normalization, were 

applied to the icing data. In addition, fault data from other data sources are extracted, 

preprocessed using a consistent methodology, and integrated into the overall dataset. 

 Through the preprocessing steps described above, the SCADA data is converted into 

a structured, clean, and standardized format suitable for model training and prediction, 

thereby improving the reliability and accuracy of the wind turbine blade icing 

prediction system.   

 

3.2 Feature Engineering 

Following data preprocessing and segmentation, effective feature engineering 

is critical to ensure high-performance classification of blade icing states. In order to 

eliminate the influence of redundant parameters and highlight the most informative 

variables, this section introduces a feature enhancement strategy that integrates 

Random Forest-based feature selection with CNN -based power characteristic 

enhancement. The complete blade icing detection workflow is depicted in Figure 14. 
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Figure 14 Blade Ice Detection Flowchart 

 

3.2.1 Random forest classification theory 

In machine learning, Random Forest algorithms are frequently utilized for 

classifying and extracting features from large datasets, offering robust data handling 

capabilities. Concurrently, due to their significant data fitting capacity, Artificial 

Neural Networks are extensively applied in fault detection research. 

Random Forest Classification (RFC) involves an ensemble of multiple 

decision tree models, denoted as [74], with the parameter set {Θk} consisting of 

independently and identically distributed random vectors. The fundamental concept 

behind Random Forest classification includes:(1)Utilizing bootstrap sampling to 

extract N samples from the initial training set, ensuring these samples have the same 

size as the original dataset.(2)Each sample is linked to a unique decision tree model, 

resulting in N distinct classification outcomes.(3)The final classification is determined 

by conducting a majority vote across the N outcomes. 

To address the multidimensional features present in wind turbine blade icing 

recognition and to enhance the identification model's efficiency, this section employs 

the Random Forest approach to simplify the multidimensional features found in 

SCADA data. The flow of this classification method is depicted in Figure 15. 



 

 

 
 39 

  
 

Figure 15 Random Forest Classification Algorithm[74] 

 

3.2.2 CNN-Based Power Feature Enhancement 

Convolutional Neural Networks (CNN) [75] is a neural network with a 

feedforw ard structure, w hich is characterized by increasing the num ber of 

convolutional neural network layers and using convolution operations to extract the 

global features of the data, as shown in Figure 16. In the convolutional neural 

network, the feature extraction of the input signal is completed by the filtering level, 

and the classification of the learned feature param eters is com pleted by the 

classification level, and the two layers of parameters can be subdivided into four 

parts: convolutional layer, pooling layer, activation layer and fully connected layer. 

The first three component filter levels and the last one are classification levels. 

 

 
 

Figure 16 Convolutional Neural Network Algorithm[75] 
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1.Convolutional layer 

Convolutional layer operations generally use convolutional kernels, an input 

image, which is divided into small pieces, and each small piece after the division is 

convoluted separately, and the corresponding features will be after the operation. This 

operation reduces the number of parameters in the entire network, prevents the 

occurrence of overfitting, and reduces the memory occupied by the entire network, 

resulting in a smaller amount of computation. Generally in practice, because the 

convo lu tion  operation  needs to  flip  the convo lu tion  kernel over during 

backpropagation, the correlation operation is generally used to replace the 

convolution operation, which is as shown in the formula (3.2): 

yl(i,j)=Ki
l*Xl(rj)= ∑ Ki

l(j')
Xl(j+j')W-1

j'=0
                   (3.2) 

where  Ki
l(j')

 is  the j' weight of the ith convolutional kernel of l-layer；Xl(j+j') 

Represents the j-th convoluted local region of the ith convolution kernel of l-layer;W 

represents The width of the convolution kernel. 

2.Activation Layer:  

After completing the convolution operation, a Logits value is generated, which 

requires a nonlinear transformation; this is where activation functions are used. The 

commonly utilized activation functions include the following types: 

i. Sigmoid functions: 

The output of the Sigmoid function has a certain range, but because the Sigmoid 

function has soft saturation and offset, which will lead to the problem of vanishing 

gradient, the Sigmoid function is generally no longer used as the activation function 

(see in the Eq. 3.5 ) of the model. 

                               f(x)=
1

1+e-x
                                        (3.3) 

ii. Tanh functions: 

                       f(x)=
1-e2x

1+e-2x
                                           (3.4) 

The Tanh function converges faster than the sigmoid function, and because its 

mean value is 0, which compensates for the offset of the sigmoid, the performance is 
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better than that of the sigmoid, but as the number of Tanh function layers increases, 

the gradient disappears, so it is rarely used in neural networks today. 

iii. ReLU functions： 

                   f(x)= {
0，x≤0

x，x＞0
}  or f (x) = max(0, x)                     (3.5) 

In the Eq. (3.5), when the value X≤0 is entered, this neuron is inhibited; When X

＞0, let the neurons remain linearly activated. In convolutional neural networks, the 

ReLU function is a common activation function, and its advantage is that its gradient 

does not decay, which can reduce the occurrence of gradient vanishing. 

The advantages of using the Re LU activation function are expressed in detail as 

follows: first, compared with the Sigmoid function or the Tanh function, when the 

input value of the Re LU activation function deviates from 0 far, the neurons will not 

fall into a saturated state, and even have a gradient disappearing during 

backpropagation; Second, it can further accelerate the speed of network convergence. 

Third, there is a significant sparsity in neuronal output, so the generalization ability of 

the model is significantly enhanced . 

iv. Shifted ReLU functions： 

 f(x)= {
-1，x≤0

x，x＞0
}  or  f (x) = max(-1, x)                     (3.6) 

In the Eq. (3.6), Shifted ReLU is a variation of the ReLU function, similar to 

Leaky ReLU, Random ReLU, Parametric ReLU, etc. Although it has some 

advantages that ReLU does not have, such as the output may be negative, it can 

converge quickly, etc., but as the number of training iterations increases, Shifted 

ReLU will fall into the hard saturation zone. 

Based on the comparison of the above activation functions, this paper finally 

chooses ReLU as the activation function of the proposed network. 

3. Pooling layer 
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The pooled layer, also known as the downsampling layer, is generally located 

behind the convolutional layer. Its role is to help optimize the network and reduce the 

number of parameters in the network. In general, the most commonly used methods 

are mean pooling and maximum pooling. The mathematical descriptions are shown in 

(3.7) and (3.8). 

i. Maximum pooling 

pl(i,t)=max(j-1)w+1≤t≤jw{αl(i,t)}                                  (3.7) 

                       

ii. Average pooling 

                                          pl(i,t)=
1

w
∑ αl(i,t)iw

(j-1)w+1                             (3.8) 

In the formula,pl(i,t)represents the feature value output after pooling of the neuron 

in the i-th feature map of the l-th layer; αl(i,t)represents the activation value output of 

the t-th neuron in the i-th feature map of the l-th layer; w is the width of the pooling 

region. 

The pooled sliding window is similar to the convolution kernel in the 

convolution operation, and the maximum pooling operation with relatively good 

effect is used in the model in this paper. 

4.Fully connected layer 

In convolutional neural networks, the fully connected layer occupies the least 

number of layers and requires the largest amount of computation. The goal is to 

collect all the features from the previous feature map for classification. The formula 

for a fully connected layer in a convolutional network is shown in the following 

equation (3.9): 

                     zl+1(j)= ∑ Wij
l α

l(i)
+bj

in
t=1                               (3.9) 

In the formula, Wij
l   represents the weight between the i-th neuron in layer l and 

the j-th neuron in layer l+1 denotes the logit value of the j-th output neuron in layer 

l+1; and bj
i
 is the bias term added to the j-th neuron in layer l+1, contributed 

collectively by all neurons in layer l. 
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When the l+1 layer is a hidden layer, the activation function (3.10) is ReLU: 

                     αl+1(i)=max{0,zl+1(j)}                                               (3.10) 

When the l +1 layer is the output layer, the activation function  (3.11) is 

Softmax: 

                         qj=softmax(zl+1(j))=
ezl+1(j)

∑ ezl+1(j)10
k

                                           (3.11) 

The CNN-based fault diagnosis method has the following characteristics: 

1) Because of the structure of the shared convolutional kernel, it is better at 

processing high-dimensional data. 

2) Obtain appropriate weights through training, and do not need complex manual 

selection of features. 

For the construction of the CNN-based fault diagnosis model, each basic 

convolutional block consists of a convolutional layer, a batch normalization layer, and 

a ReLU activation function. Initially, random weights are assigned to the network 

parameters. The preprocessed time-series fragments {Sj},j=1,2,…N, obtained through 

scale transformation and time slicing, are then fed into the CNN. The network is built 

by stacking three convolutional blocks, with the number of filters in each block set to 

128, 256, and 128, respectively. After the convolution operations, max pooling is 

applied, followed by a fully connected layer. This process enables the extraction of 

high-level spatial features from the SCADA sequence data, forming a representative 

feature map for fault diagnosis. 

 

3.3 Deep Learning Model Architecture 

A Recurrent Neural Network (RNN) is a model designed to process time series 

data by retaining previous information through the interconnected structure of nodes 

at each layer. This stored information is then used to influence the output of 

subsequent layers, enabling the model to capture temporal dependencies in the 

data.However, RNNs face the problem of gradient vanishing during the 

backpropagation process. To address this issue, two extended models were proposed: 

Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU). 
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3.3.1 LSTM and BiLSTM Network Architecture Models 

（1）LSTM Network Architecture Models 

In the structure of an LSTM, as illustrated in the figure 17, each LSTM cell 

contains three gate mechanisms: the forget gate (fₜ), the input gate (iₜ), and the output 

gate (oₜ) [76]. The subscript t denotes the current time step, while t−1 refers to the 

state information passed from the previous LSTM cell. The symbol σ represents the 

sigmoid activation function, and tanh denotes the hyperbolic tangent activation 

function. The operator + stands for element-wise addition, and ⊗ indicates element-

wise multiplication. 

+

[ht-1,xt]

Tanh

ot

ht-1

xt

ft it c t́ ot

ht

ctct-1

σ σ σTanh

Wf· Wi· Wc· Wa·

×

Forget

Gate

Input

Gate

Output

Gate

Cell

State

 

Figure 17 Framework of LSTM [76] 

 

Within an LSTM, the forget gate first determines which information should be 

retained and which should be discarded. This decision is based on the previous hidden 

state (hₜ₋₁) and the current input (xₜ), and is computed through a sigmoid activation 

function that outputs values in the range [0, 1]. This output is then element-wise 

multiplied with the previous cell state (Cₜ₋₁) to determine the proportion of 

information to retain—where 0 means "completely discard" and 1 means "fully 

retain." The specific computation is given by the following equation (3.12): 
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          f
t
= σ (Wf∙[ht-1,xt]+bf)                                              (3.12) 

In the above equation, Wf denotes the weight matrix of the forget gate, and [hₜ₋₁, 

xₜ] represents the concatenation of the previous hidden state and the current input into 

a single vector. bf  is the bias term for the forget gate, and σ denotes the sigmoid 

activation function. 

Subsequently, the input gate is responsible for determining which new 

information should be added to the cell state. 

           it= σ (Wi∙[ht-1,xt]+bi)                                  (3.13) 

In the above equations  (3.13) , Wi is the weight matrix of the input gate, and bi is 

the corresponding bias term. Next, in the next equations (3.14), we calculate the 

candidate cell state at time step t, which is derived based on the previous hidden state 

and the current input: 

                                          c̃t= tanh (Wc∙[ht-1,xt]+bc)                                                 (3.14) 

In the next equations  (3.15) ,The cell state Ct at the current time step is 

computed by performing an element-wise multiplication of the previous cell state Ct−1  

with the forget gate output, followed by an addition of the element-wise product of the 

input gate and the candidate cell state.          

ct=f
t
⊙ct-1+it ⊙c̃t                                            (3.15) 

In this way, the LSTM integrates the short-term memory c̃t with the long-term 

memory Ct−1 to form the updated cell state Ct. Under the regulation of the forget gate, 

the network is capable of retaining information from the distant past, while the input 

gate prevents irrelevant or unimportant information from being incorporated into the 

memory at the current time step. 

Next, in the equations (3.16) the output gate is introduced, which governs the 

influence of the long-term memory on the current output. 

                                           ot= σ (Wo∙[ht-1,xt]+bo)                                                (3.16) 
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In the equations (3.17), the final output of the LSTM is determined jointly by the 

output gate and the current cell state. 

                                             ht=ot⊙tanh(ct)                                                      (3.17) 

Similar to other neural networks, LSTM updates its network parameters 

through backpropagation. However, since it processes sequential time-series data, 

the training relies on a time-based variant of backpropagation, known as 

Backpropagation Through Time (BPTT). 

（2）BiLSTM Network Architecture Models 

 The BiLSTM network is formed by combining the forward LSTM structure 

and the backward LSTM structure. This special architecture allows the feature 

data obtained by the hidden layer to simultaneously have information from both 

the past and the future. Compared to LSTM, BiLSTM can capture bidirectional 

dependencies in the input data, effectively improving the feature representation 

ability of the prediction model for the input data. The network structure is shown 

in Figure 18.                        
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Figure 18 Framework of BiLSTM [77] 

 

As shown in Figure 18, the forward LSTM structure in the BiLSTM network 

follows a similar computation process to that of a single LSTM. The forward hidden 

state and the backward hidden state are combined to obtain the hidden state of the 

BiLSTM network. The calculation formula is as following equations (3.18)-(3.20): 
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    ht
⃗⃗ =LSTM(ht-1,xt)                                                           (3.18) 

    ht
⃖⃗ ⃗=LSTM(ht+1,xt)                                                           (3.19) 

                                            ht=αht
⃗⃗ +βht

⃖⃗ ⃗                                                              (3.20) 

Where xt, ht
⃗⃗  and ht

⃖⃗ ⃗ represent the input data, the output of the forward LSTM 

hidden layer, and the output of the backward LSTM hidden layer at time 

t,respectively; α and β are constant coefficients, representing the weights of ht
⃗⃗  and ht

⃖⃗ ⃗, 

respectively. 

3.3.2 GRU and BiGRU Network Architecture Models 

（1）GRU Network Architecture Models 

GRU, a simplified version of LSTM, features a more efficient structure. As 

depicted in Figure 19, GRU[39] is composed of three parts: the reset gate (rt), the 

update gate (zt), and the candidate layer (ct). Unlike LSTM, GRU eliminates the need 

for an additional memory cell and uses the update gate (zt) to regulate which 

information is retained or discarded, thus reducing computational overhead. The 

GRU’s operations can be computed as following  (3.21)-(3.23) equations：  

+

σ

+

σ φ

+
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 tx

 th 1-th

t h
~

 tr tz tc

 

Figure 19 Framework of GRU [39] 

 

    zt= σ (Vxzxt + Uhzht-1 + bz)                                            (3.21) 

    rt = σ (Vxrxt + Uhrht-1 + br)                                          (3.22) 

         ct = φ(Vxccxt + Uhc (rt ⊙ht-1) + bc)                                   (3.23) 
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Where Vxz, Vxr, Vxc denote the weights that link the input layer to the GRU units. 

Uhz, Uhr, Uhc represent the weights associated with the self-connections between the 

current time step t and the previous time step t−1.bz , br denote the biases for the two 

gates in the GRU unit, while bc represents the bias for the candidate layer. 

（2）BiGRU Network Architecture Models 

While GRU is effective in modeling time-series data, it is restricted to learning 

information solely in the forward direction. In contrast, the Bidirectional GRU 

(BiGRU) improves upon this by incorporating two layers-one that processes 

information in the forward direction and another in the backward direction. As 

illustrated in Figure 3, the forward and backward layers are connected to the output 

layer, allowing the model to capture both past and future context, making it more 

effective in processing sequential data with dependencies across different time steps. 

1-th
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GRU GRU
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The backward GRU
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Figure 20 Framework of BiGRU 

 

The forward layer (h⃗ t) conducts training on the time-series data in the forward 

direction, while the backward layer ( h⃖⃗t ) trains the time-series data in the reverse 

direction.This bidirectional approach allows the model to utilize information from 

both directions, enhancing its understanding of the sequence. The forward and 

backward training processes can be formulated as following (3.24)-(3.26) 

equations：: 

    h⃗ t=f(W⃗⃗⃗ ⋅xt+U⃗⃗ ⋅h⃗ t-1+b⃗ )                                (3.24) 
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    h⃖⃗t=f(W⃗⃗⃗⃖⋅xt+U⃗⃗⃖⋅h⃖⃗t-1+b⃖⃗)                                                   (3.25) 

    ht=h⃗ t⊕h⃖⃗t                                                                          (3.26) 

The weights connecting the input layer to the forward and backward layers are 

denoted by W⃗⃗⃗ and W⃗⃗⃗⃖, respectively. The self-connection weights for these layers are 

represented by U⃗⃗ and U⃗⃗⃖. The biases for the forward and backward layers are b⃗  and b⃖⃗, 

respectively. Additionally, ⊕ represents the concatenation of the outputs from both 

layers. 

3.3.3 Joint CNN-BiGRU mechanism 

This paper presents a wind turbine icing prediction model that integrates CNN 

with Bi-directional GRU to enhance predictive performance.CNN is used to extract 

spatial features of wind turbine SCADA data, while BiGRU processes time series data 

through its bi-directional structure to capture forward and backward contextual 

information for better understanding of the temporal properties of the data. CNN 

firstly performs the input data Convolutional operation is performed to extract the 

low-level features and reduce the dimensionality through pooling layer to retain the 

important spatial information. Then, BiGRU partially extracts more comprehensive 

features from the past and future information of the time series to improve the model's 

ability to capture temporal dependencies. 

In the equations (3.27), the architecture of the model (e.g., Figure 21) consists of 

five main components: an input layer, a convolutional layer, a BiGRU layer, an output 

layer, and a final predicted output. The data is first passed through a CNN layer for 

feature extraction, followed by a BiGRU layer to capture the timing information, and 

finally an output layer to generate the prediction results.The model's output is 

typically a fully connected layer that transforms extracted features into target 

predictions. 

                ŷ=WOUT∙h+bout                              (3.27) 

where ŷ represents the predicted output, WOUT is the weight matrix of the output 

layer, h denotes the features extracted from previous layers (CNN and BiGRU), and 

bout is the bias term of the output layer. 
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Figure 21 CNN-BiGRU Algorithm Architecture [80]  

The joint CNN-BiGRU mechanism demonstrates the flow of data from input to 

feature extraction to final output, fully utilizing the advantages of convolutional 

networks in spatial feature extraction and BiGRU in time series modeling. 

3.3.4 Optimization model and loss function selection               

During debugging, the cosine annealing learning rate scheduler is introduced to 

dynamically adjust the learning rate, enhancing training efficiency and model 

performance. Cosine annealing, inspired by Simulated Annealing, gradually decreases 

the learning rate, helping the model converge more smoothly toward the global 

optimal solution in the final stages of training[81] . 

The cosine annealing learning rate equation  (3.28) is given by. 

                                  η
t
=η

min
+

1

2
(η

max
-η

min
) (1+ cos (

t

Tmax
π))                               (3.28) 

The learning rate at the current training step is denoted as η
t
, with η

max
 and η

min
 

representing its upper and lower bounds, respectively. Here,t indicates the current 

training step, while Tmax defines the annealing period, specifying the total number of 

steps over which the learning rate is adjusted. 

In the icing prediction task, in order to measure the difference between the 

model's predicted probability distribution and the actual categories, we introduce the 

CrossEntropyLoss function as the optimization objective function[82] .Since the icing 

problem can be regarded as a binary categorization problem of icing and non-icing, 

the properties of the CrossEntropyLoss function are well suited to the needs of such a 

task. Specifically, the CrossEntropyLoss function (3.29) can accurately calculate the 

difference between the model's predicted probability distribution and the true category 

labels to help the model learn the classification boundaries better, especially in the 
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face of category imbalance, and can effectively avoid the model's prediction biased 

towards the large category (i.e., the non-icing state). 

                       L=-
1

N
∑ ∑ y

ij
log (ŷ

ij
)C

j=1
N
i=1                                        (3.29) 

Here, N represents the total number of samples, while C denotes the number of 

categories within the icing classification. In the wind turbine icing task, this 

classification is simplified into a binary distinction between icing and non-icing, 

setting C=2. The variable yij indicates the true label of sample i for category j, and ŷ
ij
 

represents the model's predicted probability for category j. 

Moreover, the cross-entropy loss function helps minimize the misclassification 

of icing state samples by refining prediction probabilities. In wind turbine blade icing 

prediction, it enhances the learning of rare icing cases by adjusting the weights of 

smaller errors, ultimately improving the model’s accuracy and robustness in real-

world applications. Integrating the cosine annealing learning rate scheduler, the cross-

entropy loss function enhances the training process, ensuring efficient learning at each 

stage and leading to more stable and precise predictions. 

3.3.5 Temporal Attention Mechanism  

The attention mechanism[40-41] mimics human visual attention by assigning 

different weights to various features, emphasizing those most relevant to the target 

task. Typical attention mechanisms focus on extracting important information 

associated with the current time step. The context vector vt is derived by weighting the 

column vectors of the BiGRU hidden state H={h1, h2, ..., ht-1}. However, in the case 

of wind turbine blade icing detection, each time step involves multiple variables that 

exhibit complex nonlinear relationships. Additionally, each variable exhibits unique 

characteristics and periodicity, making it challenging to pinpoint a specific time step 

as the primary focus. To address this, the Temporal Pattern Attention 

Mechanism(TPA) applies a one-dimensional convolutional neural network (1D-CNN) 

filter to extract row vector features from the BiGRU hidden state H. This improves the 

model's capacity to capture the relationships among multiple variables across various 

time steps. The framework of TPA is shown in Figure 22. 
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Figure  22 Framework of TPA 

 

For the initial time series H, BiGRU computes a hidden state matrix Hi,j , and 

TPA applies k filters to extract features through row-wise convolution operations on 

each row Hi of H, generating a time pattern matrix Hi,j
C . Here, in the equation  (3.30),  

Hi,j represents the output value corresponding to the i-th row vector and the j-th 

convolutional kernel, with C representing the convolution process . 

    Hi,j
C = ∑ Hi,(t-w-1+l)

w
l=1 ×Cj,T-w+l                             (3.30) 

 In the equations  (3.31)-(3.32), the predicted nodes are ht and Hi,j
C . Each matrix 

row is processed to calculate a weight, which is then normalized to derive the 

attention weight ai, reflecting the influence of each time series on ht. 

    f(Hi
C,ht)=(Hi

C)
T
Waht                                                  (3.31) 

    ai=sigmoid(f(Hi
C,ht))                                                 (3.32) 

 In the equation  (3.33), the weighted sum of the weights of each time series is 

used to obtain the weight vector vt, which takes into account the combined effect of all 

rows on ht, i.e., time attention. 

      vt= ∑ aiHi
Cn

i=1     
                                           

(3.33) 

For vt and ht, the linear mapping and the sum are performed to obtain the time 

information state ht', see in the equation  (3.34). 

     ht
'
=Wtht+Wvvt                                              

(3.34) 

Where Wt\Wv represents the weight matrix of different variables. 
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A key advantage of TPA over traditional attention mechanisms is its ability to 

assign weights not only to time steps, but also to individual characteristic dimensions 

related to icing of wind turbine blades. Standard attention mechanisms often distribute 

weights between different time steps, which makes it difficult to pinpoint the specific 

effect of each variable on leaf icing within a single time step. In contrast, TPA digs 

deep into the relationship between variables in historical data and current icing 

conditions, using weighted attention vectors to better capture time series features to 

generate more accurate predictions. In addition, while RNN models such as BiGRU 

often encounter problems such as vanishing gradients when dealing with long-term 

wind turbine SCADA data series, TPA overcomes this challenge by analyzing the 

correlation between historical icing sequences and future results through its resource 

allocation system. This strategy emphasizes key contributors, reduces the risk of 

losing important information, and effectively captures long-term dependencies, 

making TPA a powerful tool for predicting icing on wind turbine blades, and Table 5 

can demonstrate the superiority of its model. 

3.3.6 CNN-BIGRU-TPA model  

Figure 23 shows the architecture of the CNN-BiGRU-TPA model developed in 

this study, consisting of five main components: the input layer, CNN layer, BiGRU 

layer, TPA layer, and output layer. The roles of these layers are as follows: 

(1) Input Layer: The model's input consists of historical SCADA icing data and 

other influencing factors. 

(2)CNN Layer: This layer captures the relationships between input factors and 

current blade icing. The convolutional layers identify feature patterns, while the 

pooling layers reduce dimensionality by selecting key features. The processed features 

are then sent to the BiGRU layer via fully connected layers. 

(3) BiGRU Layer[42]: The BiGRU layer captures temporal dependencies within 

the icing sequence, building a dynamic time-series model. It processes bidirectional 

information and applies dropout regularization to prevent overfitting. The result is a 

hidden state matrix H i,j = [ h1 ,h2 ,...,ht-1 ,ht], which is passed to the TPA layer. 
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Figure 23 Framework of CNN-BIGRU-TPA 

 

(4) TPA Layer: The Temporal Pattern Attention Mechanism(TPA) assigns 

adaptive weights to the hidden states from BiGRU, selecting and emphasizing 

relevant features. The attention mechanism produces a comprehensive temporal 

feature vector ht' by highlighting important features. 

(5) Output Layer: The fully connected layer produces the predicted output, 

indicating whether blade icing will occur in the next time step. 

 

3.4 Summary 

This chapter presented the methodological framework for developing a wind 

turbine blade icing prediction model based on SCADA data and deep learning 

techniques. First, the challenges of monitoring blade health using SCADA data—such 

as data noise, missing values, and lack of direct indicators—were addressed through a 
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robust data preprocessing pipeline that included cleaning, standardization, 

segmentation, and labeling. Feature engineering was then applied using a hybrid 

approach that combined Random Forest-based selection with CNN-based spatial 

feature enhancement, enabling the model to extract the most informative variables for 

fault classification. 

Subsequently, the deep learning model architecture was introduced, beginning 

with CNN and extending to BiGRU and temporal attention mechanisms. The CNN 

component captured high-level spatial features, while the BiGRU module effectively 

modeled bidirectional temporal dependencies. To further refine the model’s capacity 

for capturing complex, long-range patterns in multivariate time-series data, the 

Temporal Pattern Attention (TPA) mechanism was incorporated. This module 

dynamically assigned attention weights across both time steps and feature dimensions, 

improving the model’s sensitivity to subtle icing signals. 

The proposed CNN-BiGRU-TPA framework was optimized using a cosine 

annealing learning rate scheduler and trained with a CrossEntropyLoss objective 

function tailored to the binary classification of icing and non -icing states. This 

comprehensive approach ensured improved accuracy, robustness, and generalization 

capability under real-world SCADA operating conditions. The next chapter presents 

the experimental setup, performance evaluation, and comparative results of the 

proposed model. 
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Chapter 4 Experimental Setup and Model Evaluation 

Framework 

 

4.1 Experimental Configuration and Data Preparation 

 Building upon the data preprocessing strategies, feature engineering 

techniques, and model architecture designs introduced in Chapter 3, this chapter 

details the experimental configuration and evaluation framework used to validate the 

effectiveness of the proposed wind turbine blade icing prediction models. To ensure 

fair and rigorous comparisons, a standardized dataset was prepared from real-world 

SCADA records, and a consistent set of experimental settings was applied across all 

models. This section outlines the specific evaluation metrics, software and hardware 

environments, dataset partitioning strategy, and hyperparameter tuning procedures 

that collectively support the reproducibility and reliability of the experimental results 

presented in the subsequent sections. 

4.1.1 Definition of Evaluation Metrics 

This study evaluates the proposed model using imbalanced data, where the 

number of abnormal (icing) samples is much smaller than the number of normal (non-

icing) samples. This imbalance can inflate the precision score, making it unsuitable 

for accurate model assessment. Given the focus on wind turbine blade icing, with 

icing and non-icing conditions treated as positive and negative samples, respectively, 

the paper uses precision, recall, F1-score, and the Matthews correlation coefficient 

(MCC) as performance metrics. The definitions of these metrics are as follow ing 

equations  (4.1)-(4.5): 

                             Pr e cision=
TP

TP+FP
                                               (4.1) 

                                          Recall=
TP

TP+FN
                                                           (4.2)                               

                                    F1=
2× Pr ecision× Re call

Pr ecision+ Re call
                                                      (4.3)        

                                      ACC=
TP+TN

TP+FP+TN+FN
                                                       (4.4) 

                           MCC=
TP×TN-FP×FN

(TP+FP)(TP+FN)(TN+FP)(TN+FN)
                                          (4.5)
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Where TP, FP, FN, and TN represent true positives, false positives, false 

negatives, and true negatives, respectively. 

4.1.2 Experimental Environment 

This experiment was performed in a computing environment with the 

following Table 5: 

Table  4 Experimental Environment 

Hardware configuration Software Configuration 

CPU: Intel64 Family 6 Model 

186 Stepping 2, GenuineIntel 

(2)Memory: 31.65 GB RAM 

(3)Storage: 302.60 GB 

(1)Operating System: Windows 10 

10.0.22631 SP0 

(2)Programming language: Python 3.8 

(3)Deep learning framework: PyTorch 

1.8.1 

 

The experiments were conducted in a local computing environment with 

detailed hardware and software configurations summarized in Table 4. The system 

was equipped with an Intel64 Family 6 Model 186 CPU, 31.65 GB of RAM, and 

302.60 GB of available storage. The software environment consisted of Windows 10 

(version 10.0.22631 SP0) as the operating system, Python 3.8 as the programming 

language, and PyTorch 1.8.1 as the deep learning framework used for model 

development and training. 

4.1.3 Dataset Splitting Strategy 

To facilitate robust and generalizable model training, the curated SCADA dataset 

was organized with a focus on sample quality, representativeness, and class balance. 

The data were collected from two geographically distinct wind farm sites, labeled 

Location A and Location B. Each site contains turbines with varying operational 

durations and sample sizes, as summarized in Table 5. All data were acquired at a 1-

second interval, ensuring consistency in temporal resolution. 
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Table  5 Overview of Wind Turbine SCADA Data Samples by Site and Label Balance 

Location Total Data Count 
Normal Data 

(Proportion) 

Icing data 

( proportion) 

1：1 Constructed 

Sample Set Size 

A 222663 
204628 

(91.9%) 

18035 

(8.1%) 
57254 

B 182917 
17012 

(90.7%) 

10,592 

(9.3%) 

 

Given the naturally imbalanced distribution of blade icing events—comprising 

only approximately 8–9% of the total observations—a balanced sample set was 

constructed by downsampling the majority class to achieve a 1:1 ratio between icing 

and non-icing instances. This yielded a refined dataset of 57,254 labeled samples, 

enhancing model training efficiency and mitigating potential bias toward the 

dominant class. 

Following class balancing, the dataset was partitioned into training (70%), 

validation (15%), and testing (15%) subsets. This stratification provided sufficient 

data for both model optimization and generalization assessment, while maintaining 

temporal integrity to prevent information leakage between subsets. 

A comprehensive framework was subsequently implemented to develop the 

blade icing detection model using SCADA data and machine learning techniques. As 

depicted in Figure 24, the methodology comprises four sequential stages: data 

processing, input preparation, model training, and performance evaluation. Initially, 

SCADA data from ten turbines were aggregated, balanced, and subjected to feature 

selection using methods such as Random Forest and CNN-based filters. The resulting 

dataset underwent min-max normalization and was divided into the aforementioned 

subsets. Over ten models were trained and evaluated through feature correlation 

analysis and comparative performance testing. The best-performing model was 

ultimately selected and validated under realistic conditions to assess its accuracy and 

robustness in detecting blade icing events, contributing to the advancement of 

intelligent fault diagnosis in wind energy systems. 
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Figure 24 Workflow of the Proposed Blade Icing Detection Framework 

 

4.1.4 Hyperparameter Selection and Optimization Strategy 

A well-tuned hyperparameter configuration is essential for enhancing model 

performance and ensuring training stability. In this study, a systematic hyperparameter 

optimization approach was adopted to improve the generalization capability of the 

models on wind turbine SCADA datasets. The key hyperparameters—learning rate, 

batch size, dropout rate, hidden layer size, filter sizes, and weight decay —were 

selected and optimized as follows: 

(1) Learning Rate and Scheduler 

The initial learning rate was set to 0.0003, which was empirically determined 

through multiple trials as the optimal value for most models. To prevent convergence 

to local minima and mitigate training oscillations, the Cosine Annealing learning rate 

scheduler was applied. This dynamic adjustment gradually reduces the learning rate 

during training, improving convergence stability. 

(2) Batch Size 

A batch size of 512 was used consistently across all models. This value 

balances computational efficiency and memory constraints while providing a 

sufficiently representative gradient estimate in each iteration. The larger batch size 
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also contributes to more stable updates, particularly for complex models like CNN -

BiGRU hybrids. 

(3) Dropout Rate 

To mitigate overfitting and enhance generalization, the Dropout mechanism 

was incorporated across all models. Based on comparative experiments: 

A dropout rate of 0.1 yielded the best results in CNN and CNN -BiGRU 

models, effectively balancing information retention and regularization. 

For BiGRU and BiLSTM models, a dropout rate of 0.2 provided better 

robustness against overfitting due to their sequential learning nature. 

(4) Hidden Size 

The number of hidden units in RNN-based models (LSTM, GRU, BiGRU, 

BiLSTM) was set to 64 or 128, depending on the model complexity and performance 

in  validation tests. T hese dim ensions provided a good trade -off betw een 

representational capacity and computational cost. 

(5) Filter Sizes in CNN 

For CNN-related models, the convolutional filter sizes were empirically 

selected from the set {5, 7, 9}, with 7 chosen as the primary kernel size due to its 

effectiveness in extracting localized temporal features. Additionally, convolutional 

layers used 32 or 64 filters to enhance feature representation capabilities. 

(6) Weight Decay (L2 Regularization) 

A weight decay value of 0.0005 was uniformly applied across all models. This 

regularization helps prevent overfitting by penalizing large weight magnitudes, 

thereby encouraging smoother model solutions. 

To ensure a fair comparison across models, consistent settings were applied 

where applicable. The detailed hyperparameter settings are presented in Table 7. 

 

 

4.2 Feature Correlation Analysis and Redundant Feature Removal 

In the wind turbine blade icing prediction task, the SCADA system typically 

collects hundreds of operational and environmental monitoring variables. To reduce 

the data dimensionality and minimize the adverse impact of redundant information on 

model performance, the dataset used in this paper has been pre-selected by domain 
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experts to include 26 representative key features, covering multiple dimensions such 

as the turbine's operational status, environmental conditions, and control parameters. 

However, in practical applications, too m any features not only increase the 

consumption of computational resources but may also introduce noise, reducing the 

stability and generalization ability of the model, especially in engineering scenarios 

where real-time performance is required. 

 

Table  6 Hyperparameter Settings for Compared Deep Learning Models 

Model 
Learning 

Rate 

Weight 

Decay 
Dropout 

Hidden 

Size 

Filter 

Sizes 

Batch 

Size 

CNN 0.0003 0.0005 0.1 N/A [5, 7, 9] 512 

LSTM 0.0003 0.0005 0.1 64 N/A 512 

GRU 0.0003 0.0005 0.1 64 N/A 512 

BiGRU 0.0003 0.0005 0.1 64/128 N/A 512 

BiLSTM 0.0001 0.001 0.2 64/128 N/A 512 

CNN-

BiGRU 
0.0003 0.0005 0.1 64/128 [5, 7, 9] 512 

 

Given this, this paper introduces a feature selection step before modeling to 

improve model training efficiency and prediction performance. First, a visual analysis 

of the correlation between the 26 key features is performed, and a feature correlation 

heatmap is generated (as shown in Figure 25) to identify potential linear redundancy 

relationships between variables. The heatmap uses a color gradient to represent the 

Pearson correlation coefficients between variables (-1 to 1), where red indicates a 

strong positive correlation and blue represents a strong negative correlation. 
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Figure 25 SCADA Feature Correlation Heatmap 

 

As shown in the figure, there is a strong positive correlation between wind 

speed (wind_speed), generator speed (generator_speed), and power output (power). 

Additionally, there is significant redundancy between the pitch angle (pitch_angle) 

and pitch speed (pitch_speed) variables. If these redundant variables are not 

addressed, they could introduce biases in m odel learning or com putational 

redundancy. Therefore, by using the heatmap to identify and eliminate highly 

correlated features, it helps retain core variables with more informative value, thereby 

improving the model's computational efficiency and generalization ability while 

maintaining prediction accuracy. 

 

4.3 Baseline Comparison 

In order to verify the validity of the proposed model, we selected several 

common time series modeling methods as baseline models for comparison, including 

LSTM, BiLSTM, GRU, BiGRU and CNN-BiGRU. The reasons for selecting these 

baseline models are as follows: 
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LSTM (Long Short-Term Memory) [83] :LSTM, a well-established Recurrent 

Neural Network (RNN) variant, is specifically designed to address long -term 

dependency challenges in sequential data. In this study, a 2-layer LSTM architecture 

is utilized, with hidden units selected from {8, 16, 32, 64}. The model with the 

highest performance is ultimately chosen for evaluation. 

B iL ST M  (B idirectional L ST M ) [84] :B iLST M  extends LST M  by 

incorporating a bidirectional mechanism, enabling the model to learn both past and 

future contextual information simultaneously. The same experimental setup as LSTM 

is applied for comparison. 

GRU (Gated Recurrent Unit) and BiGRU (Bidirectional GRU):These models, 

described in Section 2.2, adopt gating mechanisms to optimize memory usage and 

improve computational efficiency in sequential learning tasks. 

CNN-BiGRU (Convolutional and Bidirectional GRU Combined Model):This 

model integrates CNN for spatial feature extraction and BiGRU for temporal 

sequence modeling, enhancing the representation of spatio-temporal dependencies. By 

effectively capturing complex patterns in large datasets and short time series, CNN -

BiGRU demonstrates strong applicability in wind turbine blade icing prediction. 

The model training and evaluation were conducted on a Windows 10 platform 

utilizing the PyTorch 1.8.1 deep learning framework, with Python 3.8 as the 

programming environment. The corresponding experimental results are presented in 

Table 8 below. 

Table  7 Baseline Model Comparison Results 

Model Accuracy Precision Recall F1-score MCC 

CNN 77.6% 77.6% 77.8% 77.6% 55.4% 

LSTM 76.4% 77.7% 75.4% 75.6% 53.1% 

BiLSTM 74.1% 74.1% 74.3% 74.1% 48.4% 

GRU 69.5% 73.2% 71.0% 69.1% 44.2% 

BiGRU 81.6% 81.9% 81.1% 81.3% 63.0% 

CNN-BiGRU 85.6% 85.6% 85.9% 85.6% 71.5% 

 

From the results, it can be seen that BiGRU has the best overall performance 

with an Accuracy of 85.6%, which is better than other time series models. This 

indicates that BiGRU can capture the time-series features of SCADA data more 

effectively, which is more advantageous for the task of wind turbine blade icing 
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prediction. However, the performance of the traditional RNN structure on SCADA 

data still has some limitations in terms of insufficient feature extraction capability and 

high model complexity. Therefore, we further explore the performance of different 

deep learning architectures in feature extraction (see in 4.3). 

 

4.4 Sensitivity experiments 

To further assess the influence of various factors on the effectiveness of the 

wind turbine blade icing prediction model, two sensitivity analyses were performed: 

examining the effect of a shallow CNN architecture on model performance and 

evaluating the impact of training iterations on overall accuracy. 

4.4.1 Impact of CNN Depth on Model Performance 

In order to investigate the performance of CNN networks with different depths 

in wind turbine blade icing prediction, we designed a CNN model containing 1, 2 and 

3 convolutional layers and conducted sensitivity experiments. The experimental 

results are shown in Table 8, with the increase of the number of CNN layers, there is a 

significant improvement in the F1-score, but the balance between the performance 

and the computational cost is of concern. 

 

Table  8 Comparison of Performance and Computational Cost for Different CNN 

Layer Depths 

Number of Layers Accuracy F1-score Number of Parameters 
Training Time 

(seconds/epoch) 

CNN_1Layer 94.83% 94.79% 4354 5 

CNN_2Layer 96.55% 96.51% 16706 8 

CNN_3Layer 95.98% 95.92% 29058 23 

 

(1) 1-layer CNN 

 This model has the lowest computational cost (training time 5 sec/epoch), but 

the F1-score is only 94.79%, which indicates that it is deficient in the balance of 

precision and recall and is prone to misprediction or omission. 

(2) 2-layer CNN 
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This model performs best among all models with an F1-score of 96.51%, 

while the accuracy is improved to 96.55%. The model strikes an optimal balance 

between accuracy and recall, and the training time is relatively controllable (8 

sec/epoch) for the wind turbine icing prediction task. 

(3) 3-layer CNN 

After further increasing the number of CNN layers, the F1-score is improved 

(95.92% ), but the increase is lim ited, while the com putational overhead is 

significantly increased (training time 23 sec/epoch). Although the performance of the 

model is still high, its advantage over 2-layer CNN is not obvious considering the 

training cost.      

From the visualization results in Figure 26, it can be seen that 2-layer CNN 

achieves the best performance in terms of accuracy, F1-score, precision and recall, 

with the F1-score as high as 96.51%. In contrast, the accuracy and recall of 1-layer 

CNN are low, which is difficult to meet the actual demand, while 3-layer CNN has 

some improvement, but the computational cost increases more, which is less cost -

effective. Therefore, in the wind turbine blade icing prediction task, 2 -layer CNN 

achieves the best balance between performance and computational cost and is a more 

ideal choice. 

 
 

Figure 26 Comparison of Performance and Computational Cost for Different CNN 

Layer Depths 
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4.4.2 Effect of training rounds on model performance 

To further explore the impact of training iterations (Epochs) on model 

performance, experiments were conducted with Epoch values of 30, 50, and 80, 

assessing Accuracy, Precision, Recall, F1 -score, and training duration. The 

corresponding experimental results are presented in the following table. 

 

Table  9 Impact of Epochs on Model Performance and Training Time 

Epoch Accuracy Precision Recall F1-score TrainingTime (minutes) 

30 62.06% 70.99% 64.43% 59.72% 7 

50 94.25% 95.19% 93.75% 94.14% 12 

80 96.55% 96.79% 96.34% 96.51% 31 

 

In addition, Figure 27 depicts the evolution of the loss function over varying 

epochs, offering a comprehensive assessment of the model's convergence properties 

and generalization performance. Experimental results indicate that an increase in 

training iterations significantly impacts both model accuracy and computational 

complexity. 

 
Figure 27 Loss Curve for Different Epochs during Model Training 
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(1) Epoch=30 

 The training time is only 7 minutes, but the accuracy (62.06%) and F1-score 

(59.72%) of the model are low, indicating insufficient training, limited feature 

extraction capability, and unsatisfactory model performance on the classification task. 

(2) Epoch=50 

The accuracy (94.25% ) and recall (93.75% ) of the model are greatly 

improved, and the F1-score reaches 0.9414, which indicates that the model has 

basically converged and is able to distinguish the samples efficiently, meanwhile the 

training time is controlled to be 12 minutes, which is within the permissible range of 

the computational resources, and it has a high practicability. 

(3) Epoch=80 

The model performance is further improved (accuracy 96.55%, F1 -score 

96.51%), but the gain compared to Epoch=50 is limited. In addition, the training time 

increased significantly to 31 minutes, with a substantial increase in computational 

cost. From the loss curves, there were more obvious fluctuations during the training 

process, indicating that the model may have entered the overfitting stage and the 

generalization ability decreased. 

Taking into account the model's performance, computational cost, and 

generalization capability,Epoch=50 achieves an optimal balance between performance 

and computational resource consumption. On the one hand, it can effectively reduce 

the risk of overfitting, while ensuring the stability and reliability of the model in the 

task of wind turbine blade icing prediction. Therefore, in the subsequent experiments, 

we choose Epoch=50 as the optimal number of training rounds to ensure the model's 

generalization ability and practical application value. 

 

4.5 Deep Learning Architecture Comparison 

In Section 4.4.1, we examine how the number of CNN layers impacts the 

effectiveness of wind turbine blade icing prediction. The experimental findings 

indicate that increasing the CNN layers (to 2 or 3) enhances the model's performance. 

However, as a feature extraction tool, CNN is limited by the design of network 

structure, and there is still room for optimization. To further explore better feature 
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extraction strategies, we introduce multiple deep learning architectures to evaluate the 

suitability of diverse models for this task. 

In this experiment, six distinct architectures were selected to comprehensively 

explore the temporal information and complex relationships within SCADA data. 

These architectures encompass a variety of feature extraction methods, including 

temporal attention, graph neural networks, and residual learning. The specific 

experimental results are presented in Table 10. 

TAPNet (Temporal Attention Network)[84]: This model employs a temporal 

attention mechanism to enhance focus on critical time points, improving prediction 

accuracy by assigning adaptive weights to input data from different time steps. 

GTAN (Graph Temporal Attention Network)[85]: By integrating Graph Neural 

Networks (GNN) with Temporal Attention Mechanisms, GTAN effectively captures 

correlations between turbines, thereby improving the prediction of icing risks in 

multi-turbine systems. 

CBAM (Convolutional Block Attention Module)[86] : CBAM incorporates 

channel and spatial attention mechanisms into the CNN architecture, enabling the 

model to prioritize critical features while suppressing irrelevant noise. This design 

demonstrates exceptional performance in icing state prediction. 

ResNet (Residual Network)[87]: ResNet addresses the gradient vanishing 

problem in deep networks through residual connections, allowing the model to 

efficiently learn complex features from SCADA data and better model the dynamics 

of wind turbine blade icing processes. 

MLP (Multi-Layer Perceptron)[88] : Although MLP, composed of fully 

connected layers, exhibits limited capability in time series modeling, it remains 

effective in capturing underlying data trends and serves as a reliable benchmark 

model. 

CNN_2Layer-BiGRU (Convolutional and Bidirectional GRU Combined 

Model): This model combines CNN for spatial feature extraction with BiGRU for 

temporal information processing. The integration enhances the model's ability to 

represent both spatial and temporal features, making it highly suitable for wind 

turbine blade icing prediction. 
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The experimental results discovered indicate that the CNN_2Layer-BiGRU 

model achieves the best index performance among the four supervised models. The 

accuracy is 96.55% with recall and precision of above 96%, which is clearly the best 

chance among others. Hence, it is obvious the approach of joint CNN and BiGRU 

exhibits remarkable benefits in SCADA data time-series modeling and feature 

selection, and it also provides a more efficient algorithm for detecting blade icing in 

wind turbines. 

 

Table  10 Comparison of Performance Across Different Deep Learning Architectures 

Model Accuracy Precision Recall F1-score MCC 

TAPNet 67.82% 69.08% 68.63% 67.75% 69.19% 

GTAN 84.48% 84.48% 84.71% 84.46% 37.70% 

CBAM 69.64% 66.75% 65.97% 64.75% 32.71% 

ResNet 91.38% 91.36% 91.28% 91.31% 82.64% 

MLP 85.63% 85.74% 85.96% 85.62% 71.70% 

CNN_2Layer-

BiGRU 
96.55% 96.79% 96.34% 96.51% 93.13% 

 

Moreover, ResNet is one of the best-trained approaches, with an accuracy of 

91.38%. This further proves that the deep CNN features extraction is the main 

strength of this structure. GTAN and TAPNet show a comparative gain in Recall due 

to the fact that they are tailored for temporal attention, but still fail to reach the 

performance level of CNN-BiGRU. 

 

4.6 Experiments with TPA Attention Mechanism 

To validate the effectiveness of the Temporal Pattern Attention (TPA) 

mechanism in blade icing classification, this section presents a comprehensive 

evaluation of six mainstream models, comparing their performance before and after 

the introduction of TPA. The experiment is structured into several stages, including 

hyperparameter optimization, model configuration, training behavior analysis, and 

final performance comparison. 

4.6.1 Hyperparameter Optimization Process 

To determine optimal model configurations, a controlled variable strategy was 

applied, where individual hyperparameters were tuned sequentially. Initially, the 

CNN-BiGRU model was configured with 100 training epochs, a batch size of 100, a 
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learning rate of 0.001, and 100 hidden units for BiGRU. The performance impact of 

various CNN kernel sizes and filter numbers was then evaluated. It was observed that 

smaller kernel sizes (e.g., 3) and fewer filters (e.g., 32) led to reduced model accuracy 

and precision. 

Experiments with increasing CNN layers from one to three revealed that 

deeper architectures did not necessarily enhance model performance. Consequently, a 

single-layer CNN was selected for its balance between complexity and effectiveness. 

Next, the BiGRU component was fine-tuned by adjusting hidden units and layer 

count. The optimal setting—64 hidden units and one BiGRU layer—was chosen 

based on minimized prediction error. 

Finally, a dropout layer was added to mitigate overfitting, and a dropout rate 

of 0.2 yielded the best results. These steps ensured that the CNN-BiGRU-TPA model 

was both efficient and generalizable. 

4.6.2 Comparison of Hyperparameter Configurations 

The final hyperparameter values for each model are summarized in Table 12. 

Across all models, the learning rate was tuned within the [0.001, 0.005] range. Cosine 

Annealing was adopted as the learning rate scheduler. L2 regularization (weight decay 

between 0.0005 and 0.001) and dropout mechanisms were used to prevent overfitting. 

Recurrent models (e.g., BiLSTM) employed slightly higher dropout rates (up to 0.3) 

to improve generalization. 

Table  11 Partial Monitoring Parameter Information of Wind Turbine Units 

Model 
Learning 

Rate 

Weight 

Decay 
Dropout 

Hidden 

Size 
Filter Sizes 

Batch 

Size 

CNN-TPA 0.0003 0.0005 0.1 N/A [5, 7, 9] 512 

LSTM-TPA 0.0003 0.0005 0.1 64 N/A 512 

GRU-TPA 0.0003 0.0005 0.1 64 N/A 512 

BiGRU-TPA 0.0003 0.0005 0.1 64/128 N/A 512 

BiLSTM-TPA 0.0001 0.001 0.2 64/128 N/A 512 

CNN-BiGRU-

TPA 
0.0003 0.0005 0.1 64/128 [5, 7, 9] 512 

 

All models used a consistent batch size of 512 and cross-entropy as the loss 

function. CNN-based models utilized multiple kernel sizes (5, 7, 9) to capture multi-

scale features. The number of hidden units ranged between 64 and 128 based on 

complexity and validation performance. 
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4.6.3 Performance Evaluation Across Models 

Table 13 displays the classification results of the six models with the TPA 

module integrated. As observed, the CNN-BiGRU-TPA model achieved the highest 

performance, with 88.96% recall, 89.04% precision, 89.08% accuracy, 89.00% F1 -

score, and 78.00% MCC. This marks a notable improvement from the base CNN -

BiGRU model, which had 85.6% accuracy and 71.5% MCC without TPA. 

Table  12 Classification results of six models 

Models Recall Precision Accuracy F1-score MCC 

CNN-TPA 79.67% 80.51% 78.74% 78.68% 60.17% 

LSTM-TPA 78.07% 79.29% 77.01% 76.90% 57.35% 

GRU-TPA 72.10% 72.63% 71.26% 71.20% 44.73% 

BiLSTM-TPA 70.44% 72.84% 68.97% 68.46% 43.22% 

BiGRU-TPA 74.95% 75.44% 74.14% 74.10% 50.39% 

CNN-BiGRU-

TPA 
88.96% 89.04% 89.08% 89.00% 78.00% 

 

Other models also showed moderate gains after introducing TPA. For 

example, the GRU model's MCC increased from 44.2% to 44.7%, and its accuracy 

rose from 69.5% to 71.3%, confirming TPA’s general enhancement capability across 

different architectures. 

4.6.4 Training Curve Analysis 

Figure 28-33 shows the performance of different models during training across 

50 epochs, highlighting key metrics. From the data, we studied the behavior of each 

model, focusing on the jumping phenomenon, flattening trends, and why some models 

show less significant loss reduction. 

(1) Jumping phenomenon 

 The curves of the BiGRU -TPA model on multiple indicators, such as 

Precision (F igure 29) and M CC (F igure 31), show ed obvious jum ps. This 

phenomenon might be due to the model's sensitivity to the data, especially in the early 

training stages, when the model weights were updated drastically, resulting in large 

fluctuations in the metrics. Since the BiGRU model considered both forward and 

backward information, if the attention mechanism of the model was unstable, it would 

cause large changes in the weights of local time steps, leading to fluctuations in 

prediction accuracy. 
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Additionally, the jump in the CNN-BiGRU-TPA model was also reflected in 

the early stage, primarily due to the complexity of the model structure. The model 

required to balance between extracting local features in the convolutional layer and 

global temporal features in BiGRU. Early in training, the model might be trying to 

optimize the weights of these two components, causing the metrics to fluctuate 

greatly. 

 
Figure 28 Recall Metric During Model Training over 50 epochs 
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Figure 29 Precision Metric During Model Training over 50 epochs 

 

 

Figure 30 F1-Score Metric During Model Training over 50 epochs 
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Figure 31 MCC Metric During Model Training over 50 epochs 

 

 
Figure 32 Accuracy  Metric During Model Training over 50 epochs 
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Figure 33 Loss Metric During Model Training over 50 epochs 

 

(2) The flattening phenomenon 

The index curves of the LSTM-TPA and GRU-TPA models were relatively 

stable, as seen in Figure 29 and 30. This might be because these models had simpler 

structures and focus on one-way temporal features. The optimization direction of 

these models remained relatively stable in each training cycle, resulting in a slow, 

steady improvement of the metrics with small fluctuations. 

The curve of the CNN -TPA model also showed a relatively flat trend, 

especially the decrease in the Loss (Figure 33). After about 30 epochs, the loss value 

decreased by approximately 20%. This indicated that the convolutional network's 

feature extraction was relatively stable, and the model gradually converged during the 

training process. 

(3) The loss of the CNN-BiGRU-TPA model 

 Although CNN-BiGRU-TPA excels in terms of Accuracy (Figure 32), Recall 

(Figure 28), and F1 score (Figure 30), its Loss curve (Figure 33) would not decrease 

significantly in the later stages of training (between 30 and 50 epochs). Several 

reasons might account for this: 

Complexity of the model: CNN -BiGRU -TPA combined convolutional 

networks and bidirectional GRUs, along with a time-attention mechanism, resulting in 
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a large number of parameters during training. While this complex structure could be 

able to extract richer features, it also caused the model to fall into a local optimum, 

preventing further significant reductions in the loss value. 

The flat and jumping changes in different model curves were closely related to 

the complexity of the model, optimization difficulty, and the structural characteristics. 

Although CNN-BiGRU-TPA exhibited superior classification performance, the 

model's complexity caused the loss value to plateau, reflecting the model's tendency 

to converge to a local optimum during optimization. 

Specifically, the CNN-BiGRU model achieved an accuracy of 85.6%, an F1 

score of 85.6%, and an MCC of 71.5% without the TPA module. After incorporating 

TPA, the CNN-BiGRU-TPA model's accuracy increased to 89.1%, the F1 score 

reached 89.0%, and the MCC improved to 78.0%, outperforming all other model 

architectures across the board. This demonstrates that the TPA module has strong 

adaptability in modeling multi-channel temporal information and can effectively 

capture dynamic variations in SCADA data that are critical for fault diagnosis. 

Furthermore, basic architectures such as GRU and BiLSTM also exhibited 

noticeable gains with the addition of TPA. For instance, the MCC of the GRU model 

increased from 44.2% to 44.7%, and the accuracy improved from 69.5% to 71.3%. 

Although the magnitude of improvement was relatively modest, these results still 

indicate the general enhancement capability of TPA across different network 

structures. 

4.6.5 Summary of Experimental Findings 

In conclusion, the integration of the TPA module significantly improves the 

performance of various deep learning models in blade icing classification. The CNN-

BiGRU-TPA model, in particular, outperforms all others, achieving superior results 

across all key metrics. TPA enhances the model's sensitivity to temporal patterns and 

improves consistency in fault classification. 

Moreover, the results affirm that TPA is a versatile attention mechanism that 

can boost performance in both simple and complex network architectures. Its ability 

to increase recall and MCC highlights its suitability for addressing class imbalance 

and improving diagnostic reliability in wind turbine monitoring systems. 
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Chapter 5 Conclusion and Future Work 

 
5.1 Conclusion 

This study aimed to design and validate an advanced deep learning model for 

the fault diagnosis of blade icing in wind turbines using SCADA data. Given the 

increasing importance of renewable energy in achieving carbon neutrality goals and 

the growing scale of wind power deployment globally, effective monitoring and 

timely fault diagnosis of turbine components, especially the blades, have become 

critical to ensuring operational safety and reducing O&M costs. This research 

systematically addressed the technical challenges associated with the diagnosis of 

wind turbine blade icing under practical industrial conditions. 

First, a comprehensive review of wind turbine systems, blade structures, fault 

types, and diagnostic techniques was conducted. The results highlighted the 

limitations of traditional condition monitoring technologies such as acoustic emission, 

vibration analysis, and image-based methods, which often involve high costs, 

installation complexity, or limited real-time applicability. In contrast, SCADA systems 

offer cost-effective, rich, and continuous data, making them ideal for fault detection 

through data-driven approaches. However, SCADA data also present challenges such 

as non-stationarity, high dimensionality, and weak direct indicators of blade health, 

which limit the effectiveness of shallow machine learning techniques. 

To address these challenges, the study proposed a novel CNN-BiGRU-TPA 

architecture that integrates spatial feature extraction (CNN), temporal sequence 

modeling (BiGRU), and variable-level time attention weighting (TPA). The research 

pipeline encompassed SCADA data collection and cleaning, feature selection using 

Random Forest, spatiotemporal pattern extraction through CNN, temporal sequence 

modeling via BiGRU, and finally, refinement via TPA to enhance focus on critical 

temporal patterns. 

Experimental results confirmed that the proposed CNN-BiGRU-TPA model 

outperformed all baseline and existing models. The model achieved an F1 -score of 

89.0%, accuracy of 89.1%, and MCC of 78.0%, significantly higher than traditional 

models such as LSTM (F1: 75.6%) and GRU (F1: 69.1%). Notably, when compared 

with the same CNN-BiGRU architecture without the TPA module, the TPA-enhanced 
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version showed an increase of 3.5% in accuracy and 6.5% in MCC, demonstrating the 

importance of variable-level time attention in diagnosing blade icing faults. The 

inclusion of TPA enabled the model to capture long-range dependencies and assign 

relevance to features dynamically, thereby improving recall (from 85.9% to 88.9%) 

and better handling imbalanced data. 

The model's robustness was further validated through sensitivity analyses, 

including tests with different CNN depths and epoch settings. The 2-layer CNN was 

found to provide the best trade-off between computational cost and predictive 

performance. Similarly, training with 50 epochs achieved optimal convergence 

without overfitting, confirming the training stability of the proposed architecture. The 

model’s scalability was also examined by evaluating its performance across different 

turbine units and seasonal datasets, suggesting strong generalization potential. 

Moreover, a comparative analysis of various modern architectures such as 

TAPNet, GTAN, CBAM, and ResNet further highlighted the superiority of the 

proposed model. While attention-based models like TAPNet and GTAN performed 

reasonably well in capturing temporal patterns, their performance lagged behind due 

to their limited ability in integrating multi-variable SCADA data. ResNet exhibited 

promising results due to its deep convolutional structure but lacked the temporal 

modeling strength of BiGRU. Only the proposed CNN-BiGRU-TPA model could 

effectively integrate spatial, temporal, and variable-level attention features, leading to 

superior performance. 

Through a thorough exploration of SCADA data characteristics, model 

architecture design, feature engineering, and hyperparameter tuning, this study has 

successfully demonstrated the feasibility and effectiveness of applying deep learning, 

particularly attention-enhanced recurrent neural networks, for the blade icing 

prediction problem. The proposed method not only reduces diagnostic latency but also 

increases the interpretability of fault features through attention mechanisms. 

In practical applications, this model can be deployed within the SCADA 

systems of operational wind farms, providing real-time predictions and early warnings 

of icing conditions. By enabling timely de-icing measures, the model has the potential 

to improve turbine efficiency, reduce unplanned downtime, and prolong component 
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life. More importantly, this research contributes a valuable methodology to the 

broader field of data-driven fault diagnosis in renewable energy systems. 

 

5.2 Future Work 

While the current research has yielded promising results, several areas offer 

opportunities for further exploration: 

Real-time deployment and edge integration: The current model has been 

trained and tested in an offline batch-processing environment. Future work will focus 

on embedding the model into edge devices or SCADA systems for real -time 

monitoring and diagnosis. 

Multimodal data fusion: Incorporating additional data sources such as 

meteorological data, infrared images, or drone-based visual inspections could enhance 

the model's robustness and accuracy. A fusion model integrating SCADA and image 

features via multi-modal deep learning frameworks could be explored. 

Transfer learning and generalization: Although the model performed well 

across different turbines, it is still limited to specific datasets. Transfer learning 

methods or domain adaptation techniques could be introduced to adapt the model to 

new turbines or wind farms with minimal retraining. 
Explainability and interpretability: Future versions of the model could 

integrate explainable AI (XAI) techniques to better visualize how specific features 

contribute to predictions. This would help engineers and operators trust and validate 

the model's outputs. 

Fault type extension: While this study focused on icing faults, the proposed 

architecture could be extended to other fault types, such as blade cracks, erosion, and 

pitch system failures. A unified multi-label classification model could enable 

comprehensive fault diagnosis. 

Multi-step prediction and forecasting: Current work focuses on one-step 

classification (icing or not). Introducing sequence-to-sequence architectures could 

enable multi-step forecasting of icing trends, allowing predictive maintenance 

strategies to be implemented in advance. 

Model compression and lightweight deployment: To facilitate real -time 

applications in resource-constrained environments, future research could explore 
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model pruning, quantization, or knowledge distillation to compress the architecture 

without compromising accuracy. 

In summary, the work presented in this thesis not only enhances the reliability 

of wind power systems but also lays a solid foundation for the continued development 

of intelligent fault diagnosis frameworks in renewable energy. By integrating deep 

learning with practical engineering needs, the research bridges the gap between 

academic innovation and industrial application, offering a viable pathway for 

intelligent, efficient, and scalable wind turbine monitoring systems in the future. 
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