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Abstract: This paper introduces an innovative method for the health monitoring and 
predictive maintenance of wind turbines, leveraging Generative Adversarial Networks 
(GANs). The study employs a comprehensive dataset spanning five years, collected 
from a North Sea wind farm comprising 50 turbines equipped with extensive sensor 
networks. The dataset encompasses diverse operational parameters, including vibration, 
temperature, wind speed, direction, and power output. Rigorous preprocessing steps 
were implemented to ensure data integrity, addressing issues such as missing values, 
outliers, and noise reduction. The research methodology involves developing and 
training a GAN, consisting of a Generator and a Discriminator, to generate synthetic 
data that mimics normal operational conditions. Anomaly detection is achieved by 
comparing real-time data with synthetic data based on reconstruction error, employing a 
threshold-based approach to identify anomalies. For predictive maintenance, a time-to-
failure (TTF) model is constructed using the Cox Proportional Hazards model, 
integrating detected anomalies and operational parameters. The results demonstrate that 
the GAN effectively learns normal operational patterns, as evidenced by the 
convergence of Generator and Discriminator losses over training epochs. The anomaly 
detection system achieves an F1 score of 0.81, indicating high accuracy. The predictive 
maintenance model exhibits a Concordance Index of 0.82, reflecting robust predictive 
performance. This study highlights the potential of generative artificial intelligence in 
enhancing the reliability and efficiency of wind energy systems through proactive 
maintenance strategies. 

Keywords: Generative Adversarial Networks (GANs); Wind Turbine Maintenance;
Anomaly Detection; Predictive Maintenance; Cox Proportional Hazards Model; H
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1. Introduction 

The global transition towards renewable energy has positioned wind energy as a key player in 

sustainable power generation. Wind turbines, integral to wind farms, face severe environmental 

and operational stresses, which can result in malfunctions and downtime. Consequently, effective 
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health monitoring and predictive maintenance of wind turbines are crucial for ensuring their 

reliability and efficiency. This study investigates the application of Generative Artificial 

Intelligence (AI), specifically Generative Adversarial Networks (GANs), to enhance these 

processes. 

Wind turbines are complex mechanical systems subject to diverse environmental and 

operational conditions. Traditional maintenance strategies, such as scheduled and reactive 

maintenance, often fail to address unforeseen failures, leading to significant downtime and 

economic losses. The emergence of sensor technology and data analytics has facilitated more 

proactive approaches like condition-based and predictive maintenance. However, the vast and 

complex data generated by wind turbines present substantial challenges for conventional data 

analysis methods. 

Recent advancements in AI, particularly in generative models, offer promising solutions for 

managing large-scale and complex datasets. GANs have shown remarkable ability in generating 

synthetic data that closely resembles real-world data distributions. This study aims to harness 

GANs for the health monitoring and predictive maintenance of wind turbines, thereby 

overcoming the limitations of traditional methods. 

The significance of this research lies in its potential to substantially improve the reliability 

and operational efficiency of wind turbines. Accurate anomaly detection and failure prediction 

enable proactive maintenance, reducing downtime and maintenance costs. Additionally, the 

application of generative AI can provide deeper insights into turbine operational behaviors and 

degradation patterns, crucial for enhancing their design and performance. 

The necessity of this research is highlighted by the growing global dependence on wind 

energy and the increasing complexity of wind turbine systems. As wind farms expand and 

turbines become more sophisticated, advanced monitoring and maintenance techniques are 

imperative. This study addresses this need by proposing a novel approach that integrates GANs 

with predictive maintenance strategies. 

The primary objective of this research is to develop and validate a generative AI-based 

framework for the health monitoring and predictive maintenance of wind turbines. The specific 

research questions addressed are: 

 

➢ How can GANs be effectively used to generate synthetic data that accurately represents the 

normal operational conditions of wind turbines? 

➢ What methodologies can be employed to detect anomalies in real-time turbine data using the 

generated synthetic data? 

➢ How can detected anomalies be integrated into a predictive maintenance model to forecast 

the time-to-failure of wind turbines? 

 

To achieve these objectives, the study employs a comprehensive methodology involving data 

collection from a North Sea wind farm, data preprocessing, GAN model training, anomaly 

detection, and development of a predictive maintenance model using the Cox Proportional 

Hazards model. The research methodology comprises several key steps: 

• Data Collection and Preprocessing: Data from 50 wind turbines equipped with extensive 

sensor networks are collected and preprocessed to ensure integrity and reliability. 

• GAN Training: A GAN, consisting of a Generator and a Discriminator, is trained using the 

preprocessed data. The Generator produces synthetic data, while the Discriminator 

distinguishes between real and synthetic data. 

• Anomaly Detection: Anomaly detection is conducted by comparing real-time data with the 

synthetic data generated by the GAN, using reconstruction error as a metric. 
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• Predictive Maintenance: A predictive maintenance model based on the Cox Proportional 

Hazards model is developed using the detected anomalies to forecast turbine time-to-failure. 

 

This study is expected to contribute significantly to the field of wind turbine maintenance by 

providing a robust and scalable framework for health monitoring and predictive maintenance. The 

application of GANs in this context represents a novel approach that can enhance the accuracy 

and efficiency of anomaly detection and failure prediction. The findings can also inform the 

development of more resilient and efficient wind turbine designs, advancing renewable energy 

technologies. 

2. Related Works 

The field of wind turbine health monitoring and predictive maintenance has seen significant 

advancements in recent years, with various methodologies and technologies being explored to 

ensure the optimal operation of wind turbines. In this section, we will discuss the existing 

research in this domain, highlighting their limitations and the gaps that our study aims to address. 

Fan Zhang et al. (2020) proposed a health index for wind turbine generators based on 

SCADA data. They analyzed the relationships between different SCADA parameters and 

established a running state model using a time-based sliding window approach. While their 

method demonstrated good stability and sensitivity to operating conditions, it relied heavily on 

the accuracy of the SCADA data and the selection of appropriate model parameters. Abirami 

Sasinthiran et al. (2024) provided a comprehensive review of artificial intelligence applications in 

wind turbine health monitoring. The review highlighted the potential of AI techniques in this field 

but also noted the lack of a unified framework that integrates various data sources and AI models 

for comprehensive health monitoring. Weiwu Feng et al. (2023) focused on the structural health 

monitoring of full-scale wind turbine blades using stereo digital image correlation. Their study 

demonstrated the effectiveness of this non-destructive technique in monitoring blade 

deformations and detecting faults. However, their approach was limited to blade monitoring and 

did not encompass the entire wind turbine system. 

Yolanda Vidal Seguí et al. (2019) and Thomas Maetz et al. (2023) explored the use of 

accelerometer data and microwave-based techniques for structural health monitoring of offshore 

wind turbines. These studies highlighted the challenges of monitoring offshore structures and the 

potential of non-destructive methods for damage detection. However, they primarily focused on 

structural aspects and did not integrate operational data for a holistic health assessment. Jersson X. 

Leon-Medina and F. Pozo (2023) emphasized the shift towards preventive maintenance in wind 

turbine structural control and health monitoring. They discussed the role of data-driven 

methodologies in this transition but did not provide a concrete framework for integrating 

generative AI techniques. 

He Ren et al. (2021) and Wenyi Liu et al. (2021) proposed health condition monitoring 

methods based on composite variational mode entropy and correlative features domain adaptation, 

respectively. While these methods showed promise in fault detection, they lacked the capability 

for predictive maintenance and did not leverage generative AI for data augmentation and anomaly 

detection. Thanh-Cao Le et al. (2022) reviewed the application of piezoelectric impedance-based 

techniques for structural health monitoring of wind turbine structures. They discussed the 

advantages of this technology but also noted the limited research on its implementation for wind 

turbines. In the realm of predictive maintenance, several studies have explored the use of edge 

computing, IoT, and Bayesian deep learning frameworks. Wenjin Yu et al. (2023) proposed an 

edge computing-assisted IoT framework with an autoencoder for fault detection, while Liangliang 

Zhuang et al. (2023) presented a prognostic-driven predictive maintenance framework based on 
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Bayesian deep learning. These studies demonstrated the potential of integrating advanced 

computing techniques with AI models for predictive maintenance but did not specifically focus 

on wind turbines. 

The application of generative AI in various domains, including education and content 

creation, has gained significant attention. Junaid Qadir (2023) discussed the promise and pitfalls 

of generative AI for education, highlighting the potential for personalized learning experiences 

while also noting the ethical concerns and limitations of such technologies. Yihan Cao et 

al. (2023) and Chaoning Zhang et al. (2023) provided comprehensive surveys of AI-generated 

content (AIGC), discussing the history and current advancements in generative AI models such as 

GANs and transformers. These studies showcased the capabilities of generative AI in creating 

realistic and high-quality content but did not directly address its application in wind turbine health 

monitoring and predictive maintenance. 

In summary, existing research in wind turbine health monitoring and predictive maintenance 

has made significant strides in developing data-driven methodologies and non-destructive 

monitoring techniques. However, there remains a gap in integrating these approaches with 

generative AI for comprehensive health assessment and predictive maintenance. Our study aims 

to bridge this gap by leveraging generative AI to augment data, detect anomalies, and predict 

failures in wind turbines, thereby enhancing the reliability and efficiency of wind energy systems. 

3. Method 

3.1 Data Source 

The data utilized in this study were sourced from a wind farm located in the North Sea, 

comprising 50 wind turbines. Each turbine is equipped with a comprehensive sensor network that 

captures various operational parameters at 10-minute intervals. The dataset includes 

measurements from vibration sensors, temperature sensors, wind speed and direction sensors, 

power output, and other relevant operational parameters. The data were collected over a period of 

five years, providing a substantial dataset for both training and validating the generative artificial 

intelligence models. 

Table 1: Sample Dataset Structure 

Timestamp 

Turbine 

ID 

Wind 

Speed 

(m/s) 

Wind 

Direction 

(°) 

Temperature 

(°C) 

Vibration 

(mm/s) 

Power 

Output 

(kW) 

2021-01-01 

00:00 

T01 12.5 270 5 0.8 1500 

2021-01-01 

00:10 

T01 12.7 272 5.2 0.7 1520 

2021-01-01 

00:20 

T01 13.0 275 5.5 0.9 1550 

2021-01-01 

00:30 

T01 12.8 273 5.3 0.8 1510 

2021-01-01 

00:40 

T01 12.6 271 5.1 0.7 1490 
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To ensure the integrity and reliability of the data, preprocessing steps were undertaken to 

handle missing values, outliers, and noise. Missing values were imputed using linear interpolation, 

while outliers were detected and removed using the Interquartile Range (IQR) method. Noise 

reduction was achieved through the application of a low-pass filter to the vibration data. Table 1 

illustrates a sample of the dataset, showcasing the structure and types of data collected. 

3.2 Research Methodology 

The research methodology employed in this study involves the use of Generative Adversarial 

Networks (GANs) for health monitoring and predictive maintenance of wind turbines. The GAN 

consists of two neural networks, a Generator (G) and a Discriminator (D), that are trained 

simultaneously through adversarial learning. 

3.2.1 Generator and Discriminator Architecture 

The Generator (G) is designed to produce synthetic data that mimic the real operational data of 

the wind turbines. The Discriminator (D) aims to distinguish between the real data and the 

synthetic data generated by G. The architecture of both networks is based on deep convolutional 

neural networks (CNNs). The loss functions for the Generator and Discriminator are defined as 

follows: 

𝐿𝐷 = −
1

2
𝔼𝑥∼𝑝𝑑𝑎𝑡𝑎(𝑥)[𝑙𝑜𝑔𝐷(𝑥)] −

1

2
𝔼𝑧∼𝑝𝑧(𝑧) [𝑙𝑜𝑔 (1 − 𝐷(𝐺(𝑧)))] (1) 

And, 

𝐿𝐺 = −
1

2
𝔼𝑧∼𝑝𝑧(𝑧)[𝑙𝑜𝑔𝐷(𝐺(𝑧))] (2) 

 where x represents the real data, z is the input noise vector, pdata(x) is the distribution of the 

real data, and pz(z) is the distribution of the input noise. 

3.2.2 Training Process 

The training process involves alternating optimization steps for D and G. For each iteration, the 

Discriminator is updated to maximize LD, and the Generator is updated to minimize LG. The 

optimization is performed using the Adam optimizer with a learning rate of 0.0002 and a batch 

size of 64. The update rules for the Generator and Discriminator parameters are given by: 

𝜃𝐺 ← 𝜃𝐺 − 𝜂𝛻𝜃𝐺𝐿𝐺 (3) 

And, 

𝜃𝐷 ← 𝜃𝐷 − 𝜂𝛻𝜃𝐷𝐿𝐷 (4) 

where θG and θD are the parameters of the Generator and Discriminator, respectively, and η is 

the learning rate. 
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3.2.3 Anomaly Detection 

Once the GAN is trained, the Generator is used to produce synthetic data that represent normal 

operational conditions of the wind turbines. Anomaly detection is performed by comparing the 

real-time data with the synthetic data. The comparison is based on the reconstruction error, which 

is calculated as the mean squared error (MSE) between the real data and the synthetic data: 

MSE =
1

𝑛
∑(

𝑛

𝑖=1

𝑥𝑖 − 𝑥𝑖)
2 (5) 

where xi is the real data point, x̂i is the corresponding synthetic data point, and n is the 

number of data points. A threshold τ is set to determine whether an anomaly is detected. If the 

reconstruction error exceeds τ, an anomaly is flagged: 

Anomaly = {
1 if MSE > 𝜏
0 otherwise

(6) 

3.2.4 Predictive Maintenance 

For predictive maintenance, a time-to-failure (TTF) model is developed using the detected 

anomalies. The TTF model is based on a survival analysis approach, specifically the Cox 

Proportional Hazards model. The hazard function h(t) is defined as: 

ℎ(𝑡) = ℎ0(𝑡)exp(𝛽1𝑋1 + 𝛽2𝑋2 +⋯+ 𝛽𝑝𝑋𝑝) (7) 

 

where h0(t) is the baseline hazard function, X1, X2, … , Xp are the covariates (e.g., anomaly 

frequency, operational parameters), and β1, β2, … , βp are the coefficients to be estimated. The 

partial likelihood function for the Cox model is given by: 

𝐿(𝛽) = ∏
exp(𝛽𝑇𝑋𝑖)

∑ exp𝑗∈𝑅𝑖 (𝛽𝑇𝑋𝑗)𝑖:failure

(8) 

where Ri is the risk set at time ti. The coefficients β are estimated using maximum likelihood 

estimation (MLE): 

𝛽̂ = argmax
𝛽

𝐿(𝛽) (9) 

Once the model is trained, the predicted TTF for each turbine can be calculated, enabling 

proactive maintenance actions to be scheduled. 

3.3 Research Workflow 

The overall research workflow is depicted in the following mermaid flowchart: 
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This workflow outlines the sequential steps involved in the study, from data collection and 

preprocessing to the training of the GAN, anomaly detection, development of the predictive 

maintenance model, and finally, the analysis of results and conclusion. By following this 

methodology, the study aims to demonstrate the effectiveness of generative artificial intelligence 

in health monitoring and predictive maintenance of wind turbines, thereby enhancing the 

reliability and efficiency of wind energy systems. 

4. Results 
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4.1 GAN Training Performance 

The training performance of the Generative Adversarial Network (GAN) was evaluated based on 

the loss functions of both the Generator and the Discriminator. Table 1 summarizes the average 

loss values over the training epochs. 

Table 1: Average Loss Values During GAN Training 

Epoch Generator Loss Discriminator Loss 

10 1.85 0.72 

20 1.45 0.65 

30 1.20 0.60 

40 1.05 0.55 

50 0.90 0.50 

4.2 Anomaly Detection Accuracy 

The accuracy of the anomaly detection system was evaluated using a test dataset that included 

both normal and anomalous data points. The results are presented in Table 2. 

Table 2: Anomaly Detection Accuracy Metrics 

Metric Value 

True Positives 85 

False Positives 15 

True Negatives 75 

False Negatives 25 

Precision 0.85 

Recall 0.77 

F1 Score 0.81 

4.3 Predictive Maintenance Model Performance 

The performance of the predictive maintenance model, based on the Cox Proportional Hazards 

model, was evaluated using various metrics. Table 3 summarizes these results. 

Table 3: Predictive Maintenance Model Performance Metrics 

Metric Value 

Concordance Index 0.82 

Log-Likelihood -1200 

Hazard Ratio (HR) 1.35 

p-value 0.002 



 

 

 

54 

 

4.4 Anomaly Detection Threshold 

The threshold for anomaly detection, determined based on the reconstruction error, is summarized 

in Table 4. 

Table 4: Anomaly Detection Thresholds and Corresponding Rates 

Threshold (τ) Detection Rate False Alarm Rate 

0.05 0.80 0.10 

0.10 0.85 0.15 

0.15 0.90 0.20 

5. Discussion 

5.1 Significance of Results 

The findings of this study underscore the substantial potential of Generative Adversarial 

Networks (GANs) in the realms of health monitoring and predictive maintenance for wind 

turbines. The capacity of GANs to generate synthetic data that closely emulate real operational 

data is pivotal for precise anomaly detection. The observed decrement in both Generator and 

Discriminator loss values across training epochs, as delineated in the Results section, signifies the 

GAN’s successful acquisition of the underlying data distribution, thereby augmenting its 

generative prowess. 

The anomaly detection system exhibited a commendable accuracy, as evidenced by an F1 

Score of 0.81, indicative of the model’s proficiency in differentiating between normal and 

anomalous states. This capability is particularly critical in wind turbine operations, where timely 

anomaly detection can avert expensive failures and operational disruptions. The precision and 

recall values of 0.85 and 0.77, respectively, further corroborate the model’s dependability in 

identifying true positives while mitigating false positives. 

The predictive maintenance model, grounded in the Cox Proportional Hazards framework, 

achieved a concordance index of 0.82, reflecting robust predictive performance. The statistically 

significant p-value (0.002) and a hazard ratio of 1.35 accentuate the model’s efficacy in 

projecting time-to-failure, facilitating proactive maintenance planning. This not only amplifies the 

operational efficiency of wind turbines but also prolongs their service life. 

5.2 Innovations 

A pivotal innovation of this research is the application of GANs for wind turbine health 

monitoring. Conventional approaches typically hinge on rule-based systems or rudimentary 

statistical models, which may fall short in encapsulating the intricate and dynamic characteristics 

of wind turbine data. The utilization of GANs to generate synthetic data mirroring normal 

operational conditions constitutes a novel methodology that bolsters the resilience of anomaly 

detection mechanisms. 

Furthermore, the incorporation of the Cox Proportional Hazards model for predictive 

maintenance represents an innovative stride, merging the strengths of generative AI for anomaly 

detection with survival analysis for failure prediction. This integrative approach furnishes a 



 

 

 

55 

 

holistic maintenance strategy for wind turbines, concurrently addressing immediate anomalies 

and long-term reliability concerns. 

5.3 Limitations 

Despite the encouraging outcomes, certain limitations of this study warrant acknowledgment. 

Firstly, the dataset was derived from a solitary wind farm in the North Sea, which may not 

encapsulate the diversity of all wind turbine environments. Variability in geographical settings, 

climatic conditions, and turbine specifications could impinge on the model’s generalizability. 

Secondly, the preprocessing techniques employed, such as linear interpolation for missing 

values and the IQR method for outlier exclusion, may introduce biases or discard pertinent 

information. Exploring alternative preprocessing methodologies could potentially yield divergent 

results. Additionally, the threshold for anomaly detection (τ) was determined empirically, and its 

optimal setting may fluctuate based on the specific operational context of the wind turbines. 

Implementing a more refined approach for dynamic threshold adjustment could enhance the 

model’s performance. Lastly, the computational intricacies associated with training GANs and 

the Cox model, particularly with extensive datasets, present practical impediments. Optimizing 

the computational efficiency of these models is imperative for their real-time deployment in 

industrial contexts. 

In summary, while this study validates the efficacy of generative AI in wind turbine health 

monitoring and predictive maintenance, further research is imperative to surmount these 

limitations and broaden the model’s applicability across varied operational landscapes. 

6. Conclusion 

6.1 Summary 

This study explores the application of Generative Adversarial Networks (GANs) for health 

monitoring and predictive maintenance of wind turbines, utilizing an extensive dataset from a 

North Sea wind farm. The dataset, comprising five years of sensor data from 50 turbines, was 

rigorously preprocessed to ensure data integrity. The research methodology involved training a 

GAN to generate synthetic data resembling normal turbine operations, followed by anomaly 

detection through reconstruction error analysis and the development of a predictive maintenance 

model using the Cox Proportional Hazards framework. 

6.2 Key Findings 

• GAN Training Performance: The Generator and Discriminator losses consistently 

decreased over training epochs, indicating effective learning and generation of realistic 

synthetic data. 

• Anomaly Detection Accuracy: The anomaly detection system achieved a high F1 Score of 

0.81, demonstrating reliable identification of both normal and anomalous conditions. 

• Predictive Maintenance Model Performance: The Cox model exhibited a strong 

concordance index of 0.82 and a statistically significant p-value (0.002), validating its 

predictive accuracy and utility in estimating time-to-failure. 
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6.3 Contributions to the Field 

• Innovative Application of GANs: This study pioneers the use of GANs in wind turbine 

health monitoring, offering a novel approach to anomaly detection and predictive 

maintenance. 

• Enhanced Data Utilization: The methodology effectively leverages large-scale operational 

data, enhancing the robustness and reliability of predictive models. 

• Comprehensive Framework: The integrated framework from data preprocessing to 

predictive maintenance provides a holistic solution for wind turbine management. 

6.4 Practical Applications and Recommendations 

• Proactive Maintenance Scheduling: The predictive maintenance model can be employed 

to schedule maintenance activities proactively, thereby reducing downtime and operational 

costs. 

• Real-Time Monitoring Systems: Implementing the anomaly detection system in real-time 

can provide immediate alerts for potential failures, ensuring timely interventions. 

• Data-Driven Decision Making: The methodology promotes data-driven decision-making 

in wind farm operations, enhancing overall efficiency and reliability. 
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