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Abstract - The fast-growing adoption of renewable energy 
assessments has created an urgency for streamlined and 
smart maintenance solutions. Conventional human 
inspection or appeasing overdue maintenance can wreak 
havoc on renewable energy resources assets, like wind 
turbines and solar photovoltaic (PV) systems, to operate 
reliably and over their intended lifespan. This article assesses 
the potential of machine learning (ML) techniques to guide 
predictive maintenance, using datasets to show the feasibility 
of building predictive maintenance models for solar and wind 
farms. Our exploratory evaluation of historical data and real-
time sensor data from renewable energy assessments 
attempts to inform and compare supervised ML such as 
Random Forest, Support Vector Machines, and Gradient 
Boosting, as well as Long Short-Term Memory (LSTM) 
networks. We utilized public datasets such as the NREL Wind 
Turbine SCADA dataset and sandia National Laboratories PV 
fault detection dataset to evaluate supervised machine 
learning models along with a deep learning model. We find 
that ML will generally improve early-stage fault detection and 
optimization of the PDP, thereby lowering service downtimes 
and costs. 
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1.INTRODUCTION  

The change in the world toward sustainable energy has led 
to the rapid adoption of renewable energy systems, 
particularly solar and wind. Because the scale and complexity 
of the systems grow there is a greater need for maintenance 
strategies to maintain operational performance and limit 
downtime. Most renewable energy project operations rely on 
pre-scheduled inspections or reactive maintenance. These 
past maintenance operations are expensive and cannot 
prevent unforeseen breakdowns which would otherwise 
affect energy generation and risk safety [6]. 

Predictive maintenance, through artificial intelligence (AI) 
and machine learning (ML) provides a new way. Predictive 
maintenance through statistically based ML can use historical 
and currently observed operational data, in conjunction with 
sensor data/measurements adopted into equipment, to 
highlight indications of faults or declines in performance. With 

this knowledge, operators can take proactive measures to 
avoid potential critical failures and allow for better decision 
making, extending the asset life and reducing operational 
costs overall [5], [7]. 

Wind turbines and photovoltaic (PV) systems all produce 
massive amounts of data through, supervisory control and 
data acquisition (SCADA), command/control, and sensor 
systems and networks. These production data provide an 
excellent foundation for building intelligent models that learn 
from behaviors in the past to help predict the future 
happening of anomalies [1]. This work seeks and investigates 
how ML techniques can potentially address the challenge 
documentation and evidence in predictive. 

 We will assess several models, take the opportunity of 
comparing their effectiveness and learn of successful 
implementation practices. Our aim is to emphasize how 
strategies based on data-primitive maintenance principles can 
serve as a value add to the reliability and economic feasibility 
of renewable energy projects [8]. 

2. Literature Review  

     Over the past decade, machine learning applications in the 
field of predictive maintenance for renewable energy has been 
extensively researched. Various studies have examined 
various machine learning models and their ability to detect 
and predict faults in wind and solar applications. 

 For wind turbines, Kusiak and Li [1] were early users of data-
driven fault prediction models. They used neural networks 
and support vector machines (SVM) based on supervisory 
control and data acquisition (SCADA) data and showed the 
ability to notice faults in gearboxes and generators. More 
recently, Zhang et al. [2] used Convolutional Neural Networks 
(CNNs) to detect blade cracks from image data, demonstrating 
how computer vision techniques are now incorporated into 
maintenance diagnostics.  

 Also, Liu et al. [3] researched Long Short-Term Memory 
(LSTM) networks to capture temporal dependencies in SCADA 
data. They indicated high accuracy with predicting anomalies 
several hours in advance. The implications for their research 
were the benefits of sequence-aware models for early 
warning systems. 

 In solar photovoltaic (PV) systems, Kumar and Mishra [4] 
created random forest models for classifying inverter faults 
based on electrical sensor data. They achieved high 
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classification accuracy and realized the interpretability of the 
models was beneficial for implementation. Sandia National 
Laboratories [10] also made a fault dataset widely available 
that has been used widely to train. 

 Zhang, Wang, and Yang [5] provided a thorough literature 
review of AI-based fault detection in renewable systems. The 
authors differentiated methodologies by data type (time-
series, image, hybrid), algorithm (tree-based, deep learning), 
and application (inverter faults, soiling detection temperature 
anomalies). Additionally, Zhang, Wang, and Yang [5] 
highlighted the fundamental challenges in the adopted 
methodologies including, data imbalance, sensor noise, and 

model generalizability. 

The previous studies demonstrate a transition from 
traditional statistical techniques to modern AI-driven 
techniques, and it shows a move to hybrid techniques as 
sensor fusion, ensemble learning, and explainable AI are 
investigated to improve predictive accuracy, reliability, and 
explainability. 

 

Figure 1: Frequency of ML Techniques in Selected Studies 

3. Methodology 

    In this section, we discuss the experimental approach used 
to evaluate machine learning models for predictive 
maintenance in renewable energy systems. We utilize sensor-
based datasets from a wind installation, and a solar 
installation, to train, validate, and test different ML 
algorithms. 

3.1 Data Sources:   

       Wind Data: NREL Wind Turbine SCADA Dataset with 
records of various parameters (e.g., wind speed, rotor speed, 
temperature of the generator, power output) collected every 
10 minutes [9]. https://www.nrel.gov/grid/wind-toolkit. 

3.2 Preprocessing:  

     The data cleaning process included removing entries that 
were missing, outliers, and smoothing time-series data. We 
normalized the features using Min-Max scaling. The labels 

were encoded as binary fault/no-fault classes. We carried out 
preprocessing in Pandas and Scikit-learn [11]. 

3.3 Features Engineering:  

     We computed statistical features (e.g., mean, standard 
deviation, slope of trends) from the data. We also computed 
rolling averages based on temporal windows. We computed 
additional derived metrics from the wind data as the power 
coefficient and temperature gradients.  

3.4 Model Training:   

    Three models were trained and evaluated:   

   Random forest: For robustness and interpretability [4].   

    SVM: Effective for high-dimensional classification problems, 
but sensitive to scales [1].   

    XGboost: Fast and accurate gradient boosting model [12]. 

 LSTM: Designed for time-series data, used with 
historical window sequences [3]. 

3.5 Performance Metrics: 

     We evaluated models using Accuracy, Precision, Recall, and 
F1-Score. Results averaged from 5-fold cross-validation are 
summarized below: 

Model Accuracy Precision Recall F1-Score 

Random Forest 0.89 0.88 0.87 0.885 

SVM 0.85 0.83 0.82 0.825 

XGBoost 0.91 0.90 0.89 0.895 

LSTM 0.93 0.92 0.94 0.930 

 
Table 1: Comparative performance of ML models across 

key evaluation metrics for predictive maintenance. 

3.6 Feature Importance:  

    Using tree-based models, we found the following features 
to be most predictive: 

 Wind: Generator temperature, rotor speed, power 
deviation. 

 Solar: Voltage variance, module temperature, 
current ripple. 

https://www.nrel.gov/grid/wind-toolkit
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Figure 2: Visualization of top contributing features in the 
predictive maintenance model 

3.7 Visualization:  

     A bar chart (Figure 3) illustrates model performance 
across key metrics. LSTM outperformed others in both 
precision and recall, indicating strong capabilities in 
detecting sequential anomalies in time-series data. 

 

Figure 3: Comparison of Accuracy, Precision, Recall, and 
F1-Score for ML Models used in Predictive Maintenance 

3.8 Model Architecture (LSTM):  

    The LSTM model architecture consisted of: 

 Input Layer (windowed SCADA sequences). 

 Two stacked LSTM layers with 128 and 64 units 
respectively. 

 Dropout layer (rate = 0.2) to prevent overfitting. 

 Dense output layer with sigmoid activation for 
binary classification Training was performed using 
the Adam optimizer and binary cross-entropy loss 
function. 

 

Figure 4: Diagram of the LSTM network architecture used 
for predictive maintenance. 

 Input Layer (windowed SCADA sequences) 

 Two stacked LSTM layers with 128 and 64 units 
respectively 

 Dropout layer (rate = 0.2) to prevent overfitting 

 Dense output layer with sigmoid activation for 
binary classification Training was performed using 
the Adam optimizer and binary cross-entropy loss 
function. 

3.9 Real-World Deployment Considerations For 
Industrial Deployment: 

 Edge computing devices can locally process SCADA 
data and run lightweight ML models [13]. 

 Models must be updated periodically using 
federated learning to accommodate site-specific 
variations [14]. 

 Integration with SCADA/DCS systems is required for 
automated alerts and maintenance scheduling. 

4. Case Study 

    We carried out a case study using a portion of the NREL 
Wind Turbine SCADA dataset, specifically for 30 days of 
operation from a single turbine. The study aimed to assess "in 
the wild" performance of the trained ML models, specifically 
random forest (RF), and LSTM, to predict failures in 
equipment. 

The turbine itself experienced mechanical anomalies every 7 
days due to known small faults, and thus we labeled these as 
ground truth failure events. We then ran the RF and LSTM 
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models, to see how accurately we could predict the anomalies 
that had occurred. 

The results are shown in Figure 4. The LSTM model tracked 
the failure pattern well, correctly identifying all true fault 
days, and a few excess potential early warnings. The RF 
model performed adequately as well, but had more false 
flagged days than LSTM. 

Assessment: 

LSTM =4 actual faults detected; 2 false flagged. 

RF =3 actual faults detected; 3 false flagged. 

The results suggest a clear advantage for LSTM's temporal 
cognizance to aid in disorder prediction and identify patterns 
leading into a failure. 

 

Figure 5: Actual vs. Predicted Equipment Failures over 30 
Days using RF and LSTM Models. 

4.1 Use Case:  

   Machine Learning (ML) for Solar PV Energy Loss    
Mitigation. 

In this demonstration of predictive maintenance, we 
investigated a hypothetical scenario generated based on 
Sandia National Laboratories operational data patterns. We 
compared the amount of energy loss over a 30-day period for 
a solar PV system operating with predictive maintenance 
based on machine learning techniques and without predictive 
maintenance.  

The conventional approach, reactive maintenance, exhibited 
daily average energy losses of several kilowatt-hours of 
electrical energy on days where faults related to inverters or 
wiring were occurring. In this circumstance, the system was 
notified of a potential problem, via an early maintenance 
alert, because a random forest classifier was trained on the 
temperature and voltage variances. In this example, the 
system significantly reduced downtime, in turn reducing 
energy loss. 

 

Key Findings: 

Daily Energy Loss without ML: as high as 5 kWh 

Daily Energy Loss with ML: reduced to 3 kWh on high-loss 
fault day 

Average: ~40% reduction in energy loss on fault days  

 

Figure 6: The energy loss reduction throughout the entire 
month of data from the ML-assisted system. 

5. Results and Discussion 

    The following context builds on recent literature 
supporting the utilization of ML as a way of predictive 
maintenance [18], [19].  

The evaluation of the performance of the four selected 
models - Random Forest, SVM, XGBoost, and LSTM - was 
measured using standard classification metrics. In all 
important metrics (precision, recall, and F1-score), the LSTM 
model outperformed the other models consistently, 
validating the unique characteristics of LSTM as a time-series 
forecasting method for predictive maintenance. 

The evaluation metrics for the models can be seen in Figure 
6. The evaluation for the LSTM model yielded a F1 score of 
0.93, recall rate of 0.94, indicating that it was the best model 
in determining fault events in a reliable and systematic 
manner. Although XGBoost and Random 

Forest, had precision and recall with values over 0.87, 
representing fairly equal precision and recall values. SVM 
was behind due to it being very sensitive to feature scaling 
and class imbalance. 

The models were validated with real-world datasets: 

Wind: NREL SCADA dataset, with turbine measurements 
every 10-minute intervals. 

Solar: Sandia PV dataset, it included electrical and thermal-
based measurements under fault and healthy conditions. 
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The performance of the models was additionally validated by 
the use cases. For the wind turbine scenario, the LSTM model 
identified all fault events with a low incidence of false 
positives. For the solar energy use case, the models based on 
ML resulted in an energy saving of approximately 40% over 
the 30-day period. 

The results of this study indicate that ML has enormous 
potential for improving the detection of faults at an early 
stage and the reduction of operational inefficiencies in 
renewable energy systems. In saying that, the model of 
consideration should be user-oriented and based on the type 
of input data—LSTM is useful for time-series or temporal 
sequences, while tree-based models are potentially more 
useful in tabular classification tasks.  

 

Figure 7: Precision, Recall, and F1-Score comparison for 
ML models applied to predictive maintenance tasks. 

5.1 Interpretation and Deployment Strategies: 

    Visual cost comparison strategies are aligned with 
economic analyses for predictive maintenance seen in recent 
smart grid literature [21], [22]. 

The findings indicate that machine learning's use in 
renewable energy asset management can improve reliability 
and performance. LSTM's ability to learn over time makes it 
the best type of machine learning model to detect problems 
before catastrophic failure. Tree-based models like Random 
Forest and XGBoost provide fast interpretations, and 
predictions for systems with a structured SCADA data.                

Real-world implementation considerations include: 

Edge AI: Use devices located alongside turbines or PV 
inverters for ML models to run locally and provide 
inference in real-time.  

Retraining Models: as multiple sites develop ML models 
using a federated learning approach, allowing retraining 
based on multiple data sets, improve generalizability without 
sacrificing data privacy.  

Integration to SCADA/DCS: Once an ML model is proven to 
work, consider integrating to a dashboard to show potential 
problems occurring based on the ML model, as well as any 
historical trends for comparison/visualization.  

Interpretation and Trust: Explainability of what value the 
predictions were made - SHAP or LIME are useful 
explainability models providing predictive interpretable 

results for field engineers or regulatory boards. 

 

Figure 8: Cost comparison of maintenance strategies 
highlighting ML-based predictive maintenance as the most 

cost-effective approach. 

6. Challenges and Limitations 

    While these results are encouraging, there are some issues 
and limitations, which preclude the easy use of ML models for 
predictive maintenance in renewable energy systems [5], 
[18]: 

Data Imbalance: Prediction events (e.g. faults) are much less 
likely than normal operational events, so model training will 
be biased leading to lower failure sensitivity. Approaches 
such as SMOTE and cost-sensitive learning can help tackle 
this although they present some complexity to the tuning 
scenario. 

Sensor Noise and Inaccuracies: The variance in sensor 
readings due to environmental conditions and aging 
hardware introduces noise into the input data. This also 
diminishes both the reliability of the model and can increase 
the likelihood of false positives [19]. 

Model Transferability: ML models trained at one site may 
not be easily transferable to other locations or other types of 
assets without retraining. Transfer learning and federated 
learning are research areas that continue to explore ways to 
overcome this issue. 

Data Privacy and Security: Operational data may contain 
compromised information, particularly where utility-scale 
systems are concerned. Ongoing interest and concern 
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surround the ability to transmit and store data securely, 
whilst retaining value for monitoring analysis [19]. 

 

Figure 9: Severity of key challenges faced in deploying ML 
models for predictive maintenance in renewable energy 

applications. 

6.1 Mitigation Strategies 

    To combat these problems, several mitigation strategies 
have been devised and tested in the literature: 

SMOTE & Cost-Sensitive Learning: To deal with data 
imbalance, SMOTE and cost-sensitive learning (which assigns 
larger penalties to majority class errors during training) had 
a large impact on the recall rate of fault-finding models [18]. 

Sensor Fusion & Filtering: By merging data from different 
sensor types (ex: temperature readings, temperature three-
axis, current), filtering the data digitally to produce new 
features creates more general features from the raw sensor 
data, to reduce the variability caused by differences in sensor 
usage [19]. 

Transfer and Federated Learning: Using transfer learning 
to adjust a known model to a new site, or using federated 
learning by training a model simultaneously from different 
locations, keeps data decentralized and protects privacy, and 
can better generalize the data from multiple faulty patterns 
[14]. 

Federated Learning and Secure Federated Analytics: 
Merges cryptography with federated learning to provide 
privacy and data security in environments where multiple 
operational environments agree to collaborate in order to 
learn how the original problems are experienced in their 
environments. 

 

Figure 10: Perceived effectiveness of various mitigation 
strategies addressing key deployment challenges in ML-

based predictive maintenance. 

7. Conclusion and Future work 

The research presented in this paper details the changing 
influence of machine learning (ML) techniques on predictive 
maintenance in renewable energy systems, with a specific 
focus on wind turbines and photovoltaic (PV) systems. Across 
all the comparative evaluations, it was demonstrated that 
deep-learning methods, and in particular Long Short-Term 
Memory (LSTM) networks, offered superior fault detection 
accuracy compared to classical algorithms (Random Forest 
and Support Vector Machines), as well as being able to 
diagnose early anomalies for maintenance interventions. The 
increased performance of LSTM models can be attributed to 
the model's ability to learn temporal dependencies inherent 
in the sequential nature of SCADA and sensor data. This 
ultimately involves that timely interventions can result in 
reduced downtime and maintenance-related costs. 

The case studies also validated the practical advantages of 
ML-based predictive maintenance in other applications, 
including significant reductions in both unplanned outages 
and ultimately energy losses. However, despite the many 
achievements offered by ML-based approaches, this research 
also highlights critical challenges including data imbalance, 
sensor noise, and limited model transferability between sites 
and equipment types. These challenges can limit model 
generalizability and robustness, and ultimately reduce 
industry-scale uptake. 

Future work can revolve around: 

Digital Twin Integration: Creating real-time virtual twin 
instances of renewable assets can allow continuous health 
monitoring and simulation capabilities, advancing fault 
attribution and prediction precision. 

Explainable AI: Building opacity and transparent use of 
models remains key to building trust amongst operators and 
other stakeholders. While inclusion of explainable AI 
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techniques such as SHAP (SHapley Additive exPlanations) or 
LIME (Local Interpretable Model-agnostic Explanations) can 
explain model decisions more generally. 

Cross-Site Federated Learning: Creating federated learning 
frameworks to enable decentralized, secure training across 
distributed renewable energy sites can improve model 
performance and robustness. 

Hybrid Models: Combining physics-based models and data-
driven ML models will allow for a greater ability to predict 
future outcomes using both some domain knowledge and 
some patterns in the data. 

Real-Time Research on Edge Deployment:  work assessing 
lightweight ML models that are optimized for edge devices 
will promote timely, local decisions while contributing to 
faster maintenance. 

Challenge Mitigation Strategy 
Future Research 

Direction 

Data Imbalance 
SMOTE, Cost-sensitive 

Learning 
Advanced Synthetic 

Data Generation 

Sensor Noise 
Sensor Fusion, Digital 

Filtering 
Robust Sensor 

Networks, Calibration 

Model 
Transferability 

Transfer Learning, 
Federated Learning 

Cross-site Federated 
Architectures 

Interpretability 
Explainable AI 

Techniques 
Advanced XAI for 

Renewable Systems 

Data Privacy 
Secure Federated 

Analytics 
Privacy-preserving ML 

Frameworks 

 
Table 2: Summary of Challenges, Mitigation Strategies, and 

Future Research Directions. 
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