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ABSTRACT 

Renewable energy systems, including wind, solar photovoltaic (PV), hydroelectric, biomass, and hybrid energy 

systems, play a vital role in sustainable energy generation and reducing greenhouse gas emissions. However, 

harsh operating conditions, equipment aging, and mechanical and electrical failures can significantly affect 

their reliability and performance. Traditional maintenance approaches often fail to detect faults at an early 

stage, resulting in increased costs, unexpected downtime, and reduced energy production. Artificial 

Intelligence (AI)-based predictive maintenance has emerged as an effective solution by combining real-time 

sensor data, historical records, and environmental information to predict equipment failures before they occur. 

Advanced AI techniques, including Machine Learning (ML), Deep Learning (DL), Artificial Neural Networks 

(ANN), Long Short-Term Memory (LSTM), Support Vector Machines (SVM), Random Forests (RF), and 

Transformer models, enable accurate fault diagnosis, anomaly detection, and Remaining Useful Life (RUL) 

estimation. This study reviews recent AI-driven predictive maintenance approaches, identifies key research 

gaps, and proposes an intelligent framework integrating IoT, edge computing, cloud platforms, deep learning, 

and Explainable AI (XAI). The proposed framework improves fault prediction, reduces downtime, and extends 

equipment lifespan, and supports reliable, sustainable, and intelligent renewable energy systems for future 

smart grid and Industry 5.0 applications. 
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1. INTRODUCTION 

1.1. Background 

The low greenhouse gas emission and fossil fuel dependency of renewable energy systems 

make them an essential part of the sustainable power generation and consumption system. These 

systems comprise geographically dispersed assets, like wind turbines, solar photovoltaic (PV) panels, 

hydroelectric generators, and batteries and energy storage devices, each subject to varying 

environmental conditions at all times. Fluctuating wind speeds, mechanical loads, variations in 

temperature, dust accumulation, humidity, solar irradiance and hydraulic erosion and cavitation are 

experienced on wind turbines, solar panels, and hydroelectric turbines. Likewise, over time, batteries 

wear out from repeated charging and discharging. These adverse conditions can lead to component 

wear and unexpected equipment issues, so proper maintenance is crucial. For a long time, industries 

were working with corrective maintenance, and the time taken in downtime, repair expenses and 

decreased energy production were huge. With preventive maintenance, schedule inspections and 

replacements were added, but in many cases this led to unnecessary maintenance tasks and resource 

inefficiency, which points to the need of more intelligent predictive maintenance.  

 

1.2. Renewable Energy Infrastructure 

Renewable energy infrastructure is a wide network of interdependent systems that deliver 

clean and sustainable electrical energy generation, transmission, storage and distribution. Renewable 

energy infrastructure is becoming an essential part of today's power systems, as the world moves to 

adopt a low-carbon energy mix to promote environmental sustainability and energy security. This 

infrastructure includes wind farms, solar photovoltaic (PV) power plants, hydroelectric generating 

stations, biomass power plants, geothermal energy facilities, battery energy storage systems, 

substations, transformers, power electronic converters, transmission networks, distribution systems, 

and smart grid technologies. They all play a crucial role in providing a reliable electricity supply, 

efficient power conversion, stable grid integration, and continuous production of electricity for 

consumers. Renewable energy assets, however, are typically installed in remote, difficult-to-access 

environments, and are constantly subject to natural and climatic conditions, mechanical stresses, 

electrical fluctuations and environmental degradation. As a result, ensuring their reliability and 

efficiency is a major engineering problem and demands cutting-edge monitoring and maintenance 

practices. Every renewable energy technology has its unique operating characteristics and failure 

modes that affect its maintenance requirements. Wind turbines experience variable wind forces, 

vibration, fatigue, extreme climate and stress, causing prevalent failures in gearboxes, bearings, blades, 

shaft misalignment, lubrication issues, generators, yaw systems, and pitch control. Likewise, the solar 

photovoltaic (PV) systems are subjected to high exposure of ultraviolet radiation, temperature changes, 

dust accumulation, humidity, and environmental pollution, which may lead to degradation of the PV 

panels, hot spot phenomenon, delamination, micro-cracks, failure of the inverter, defects in the 

electrical insulation, and lesser energy conversion efficiency. Presently, hydroelectric power plants are 

plagued with various issues such as deterioration of generators, cavitation damage, erosion of turbines, 

accumulation of sediments, and corrosion because of the constant flow of water and hydraulic 

pressure. BES systems can suffer from thermal runaway, electrolyte degradation, overcharging, over-
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discharging, internal short circuits and progressive battery capacity loss due to repeated charging and 

discharging cycles. Substations, transformers, and power electronic converters can also be expected to 

suffer from insulation ageing, over heating, switching failures and electrical faults that can affect power 

transmission and distribution. In the face of ever more complicated renewable energy infrastructure 

that is increasingly interconnected, new condition monitoring, intelligent fault diagnosis, and 

predictive maintenance solutions are needed to guarantee the reliability and ensure long-term 

sustainability of modern renewable energy systems, while simultaneously maximizing equipment 

lifespan and minimizing maintenance costs.  

 

1.3. Importance of AI-Based Predictive Maintenance 

 
Fig 1 - Importance of AI-Based Predictive Maintenance 

 

1.3.1. Early Fault Detection 

Predictive maintenance using Artificial Intelligence (AI) is a proactive approach that leverages 

real-time sensor data from renewable energy assets to identify equipment issues before they occur. 

Conventional maintenance practices may only respond to equipment failures or adhere to maintenance 

schedules, but AI algorithms are capable of identifying early signs of equipment degradation through 

subtle shifts in operating conditions. When you catch faults early, maintenance teams can save you 

from minor problems becoming major problems, and save money on repairs, too, without having to 

deal with equipment failures that occur at the last minute.  

 

1.3.2. Improved Equipment Reliability 

The reliability of equipment is an important requirement for the uninterrupted generation of 

renewable energy systems, as the environmental conditions are changing continuously. AI predictive 

maintenance keeps components like wind turbine gearboxes, photovoltaic inverters, generators, 

batteries and transformers continually healthy. AI's ability to predict potential failures contributes to 
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the stability of equipment operations, reducing unexpected outages and enhancing the reliability and 

availability of renewable energy infrastructure.  

 

1.3.3. Reduction of Maintenance Costs  

Cost is one of the primary benefits of AI predictive maintenance, as it can help lower 

maintenance expenses. Maintenance activities are not scheduled based on a predetermined time 

interval or catastrophic failure, but are executed only when equipment condition suggests a need. The 

condition-based approach helps save unnecessary inspections, unnecessary replacement of healthy 

equipment components, labour costs and expensive emergency repairs, all of which save a lot of money 

over the life of the equipment.  

 

1.3.4. Minimization of Downtime 

In renewable energy power plants, unforeseen equipment issues can result in extended 

downtimes and significant financial losses. Predictive maintenance with AI can forecast potential 

problems and enable maintenance professionals to plan for repairs during routine maintenance 

windows. This proactive approach decreases unplanned shutdowns, increases system availability and 

provides continuous energy generation. This also helps reduce downtime and boost productivity and 

operational efficiency at renewable energy plants.  

 

1.3.5. Accurate Remaining Useful Life (RUL) Prediction  

AI models can predict the RUL of critical equipment by examining past degradation trends and 

current operating conditions. When the RUL prediction is accurate, the maintenance engineer will be 

able to calculate the amount of time until a component needs to be replaced. This information helps in 

proper maintenance planning, spares management and optimization of assets for their life cycle, 

eliminating the risk of unexpected equipment failure.  

 

1.3.6. Real-Time Condition Monitoring 

AI and the Industrial Internet of Things (IIoT) offer the potential for real-time monitoring of 

renewable energy systems using a distributed sensor network. Data regarding temperature, vibration, 

voltage, current, humidity, acoustic emissions and environment are gathered by sensors and 

continually analysed by AI algorithms to identify the abnormalities. Real-time monitoring enables 

immediate alerts if equipment behaviour breaches normal operating conditions, enabling fast 

maintenance response.  

 

1.3.7. Enhanced Decision-Making 

AI based predictive maintenance delivers intelligent decision support by making sense of 

complex sensor data to make maintenance recommendations. Using advanced machine learning and 

deep learning algorithms, equipment health is analyzed, failure probability is estimated, maintenance 

activities are prioritized and suitable corrective actions are recommended. Explainable Artificial 

Intelligence (XAI) techniques further enhance transparency by providing an explanation of the factors 

that influence maintenance decisions, so that engineers can make informed and confident decisions 

about the operation of their machines.  
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1.3.8. Integration with Smart Renewable Energy Systems  

Up to date renewable energy infrastructure is increasingly being based on smart grids, cloud 

computing, edge computing and digital communication technologies. Together with these 

technologies, AI-driven predictive maintenance can be seamlessly integrated to allow for automated 

monitoring, distributed intelligence, and remote asset management. The integration will enhance 

system scalability, operational flexibility, and enable effective management of geographically 

dispersed Renewable Energy (RE) installations.  

 

1.3.9. Improved Energy Production and Sustainability  

The amount of electricity generated from renewable energy systems is directly affected by the 

reliability of the equipment operation. AI-driven predictive maintenance ensures the efficient 

operation of energy systems, thereby minimizing downtime due to equipment failures and maximizing 

the up time. For continuous generation of clean and renewable energy, improved operational 

performance leads to reduced operational costs, increase in ROI and environmental sustainability.  

 

1.3.10. Support for Future Intelligent Maintenance Systems  

The use of AI for predictive maintenance is a major step toward autonomous and intelligent 

maintenance management. The capabilities of predictive maintenance are further bolstered by 

emerging technologies, notably digital twins, federated learning, edge AI, blockchain, and self-

supervised learning, which offer improved scalability, security and interpretability. As the world 

transitions to more sustainable energy systems, these innovations will help future systems to be more 

resilient, adaptable and self-managing, ensuring reliable energy provision and helping to achieve the 

global objectives of sustainability.  

 

2. LITERARY SURVEY 

2.1. Conventional Maintenance 

In industrial asset management, conventional maintenance stems and is generally divided into 

corrective maintenance, preventive maintenance, and condition-based maintenance (CBM). The term 

corrective maintenance, or a run to failure, is when maintenance activities are executed after equipment 

failure. This is a desirable measure because the routine inspection and maintenance required under 

normal operating conditions is minimized, but may also result in unexpected downtime, expensive 

emergency repairs, loss of reliability of the equipment, and substantial production losses. Corrective 

maintenance may be especially costly in renewable energy systems like wind turbines, solar 

photovoltaic (PV) plants, and hydropower stations because the devices are often located in remote 

areas or climates that are difficult to access, making repair activities time consuming and expensive. 

To address these limitations, preventive maintenance was developed to schedule inspections, 

lubrication, calibration and component replacement at known time periods as recommended by the 

manufacturer or from previous operating experience. While preventive maintenance can help lower 

unexpected failures and increase system uptime over corrective maintenance, it still has several 

drawbacks; primarily, the fixed scheduling approach results in replacing parts that are working just 

fine. This practice leads to high maintenance costs, high labour costs, waste of materials, and low 

equipment utilisation. To overcome these drawbacks, a more intelligent maintenance approach called 
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Condition Based Maintenance (CBM) was developed to monitor the health of equipment continuously 

by employing a variety of techniques, including vibration analysis, thermal imaging, oil analysis, 

ultrasonic inspection, acoustic emission monitoring and Supervisory Control and Data Acquisition 

(SCADA) systems. CBM allows maintenance to be more efficient, preventative or even proactive, 

prolong the life of equipment and avoid unnecessary interventions based on a better understanding of 

the actual condition of the machinery. However, conventional CBM systems require the use of 

manually set thresholds, expert knowledge to interpret sensor signals and rule-base diagnostic 

techniques. These restrictions limit their adaptability to highly dynamic operation environments with 

nonlinear degradation mechanisms and where multiple interacting factors play a role. While 

traditional maintenance methods are still used in many sectors of industry, they are not as predictive, 

automated or adaptive as the new generation of renewable energy infrastructure, which involves 

complex equipment interactions, variable operating conditions, and growing reliability demands.  

 

2.2. Machine Learning Techniques 

With the advent of Machine Learning (ML), it has revolutionized predictive maintenance, 

allowing data-driven fault diagnosis, anomaly detection, and failure prediction based on historical 

operational data and not just on predefined maintenance rules. In contrast with traditional diagnostic 

systems, ML algorithms can learn hidden relationships between the measurement data of various 

sensors and the degradation conditions of the equipment, and then recognize complex degradation 

patterns that are hard for human experts to detect. Supervised learning approaches have shown 

promising results in equipment health classification using a labeled dataset of both normal and faulty 

operating conditions, such as Support Vector Machines (SVM), Decision Trees (DT), Random Forests 

(RF), Naïve Bayes (NB), Gradient Boosting Machines (GBM), and Extreme Gradient Boosting 

(XGBoost). These algorithms are extensively used in renewable energy systems for the fault diagnosis 

of wind turbine bearings, gearboxes, generators, photovoltaic inverters and battery energy storage 

systems. Where labeled failure data is limited, unsupervised learning methods, such as K-Means 

Clustering, Gaussian Mixture Models (GMM), Isolation Forests, and Principal Component Analysis 

(PCA) are used to identify anomalies by looking for deviations from normal operating procedures. In 

addition to supervised learning, semi-supervised learning algorithms use a small number of labeled 

samples and a large number of unlabeled sensor data, which is especially advantageous to industrial 

applications since failure events are rare. In traditional ML-based predictive maintenance, the quality 

of the extracted features is crucial for the accuracy of the models. Common features are statistical 

features like mean, variance, skewness, kurtosis, root mean square (RMS), crest factor, entropy and 

standard deviation, and features derived from the frequency domain using Fast Fourier Transform 

(FFT) coefficients, wavelet transform coefficients, power spectral density and time-frequency 

representations. These designed features give useful insights into equipment condition and operational 

parameters. While traditional ML algorithms have great predictive power and relatively low 

computational needs, they typically have to rely on a high degree of domain knowledge to extract 

features, and they often need extensive domain preprocessing before they can handle large-scale, high-

dimensional sensor signals, images, and complex nonlinear relationships. With the rise of renewable 

energy systems producing more and more data, different in nature, these restrictions have motivated 



  

 
 

ISSN: 3071-5636 
PP: 01-19. 

 

---------------- 
AI-Driven Predictive Maintenance for Renewable Energy Infrastructure 

H. N. Mahabala 

   7 

researchers to turn to deep learning techniques that can learn feature representations directly from raw 

data.  

 

2.3. Deep Learning Approaches 

Among all the Artificial Intelligence technologies, Deep Learning (DL) has demonstrated its 

outstanding performance in the field of Predictive Maintenance with the ability to extract hierarchical 

features directly from raw sensor data, drastically reducing the manual feature engineering that is 

needed in traditional machine learning approaches. The deep neural networks have several hidden 

layers that can learn more complex representations of equipment behavior, making them well suited 

to handle high dimensional and nonlinear data from renewable energy systems. Because of their 

capability to automatically recognize spatial patterns corresponding to the wear of bearings, damage 

of gears, cracks in blades, imbalance of rotors or electrical faults in wind turbines, photovoltaic systems, 

and similar areas, the Convolutional Neural Networks (CNNs) are broadly applied to the vibration 

signal, infrared thermal image, acoustic spectrogram, and visual inspection data of wind turbines. 

Recurrent Neural Networks (RNNs) are used for the analysis of sequential and time series data, in 

order to model long-term temporal dependency among continuously collected sensor measurements, 

such as Long Short-Term Memory (LSTM) Networks and Gated Recurrent Unit (GRU) Networks. 

These architectures have been found to be very suitable for Remaining Useful Life (RUL) estimation, 

degradation forecasting and early fault prediction, for renewable energy assets. Autoencoders and 

Variational Autoencoders (VAEs) are becoming popular for the unsupervised anomaly detection 

problem due to their ability to learn how to reconstruct the normal operating conditions and then detect 

the abnormality by looking at the reconstruction error. They can be used when we do not have any 

fault data marked for training. Recently, Transformer architectures using self-attention mechanisms 

have achieved state-of-the-art results in tasks involving long sequence modelling, where they can 

efficiently learn from a large number of observations from different sensors in parallel and capture 

relationships between them at long range. These hybrid deep learning models, such as CNN-LSTM, 

CNN-GRU, attention networks, graph neural networks, and digital twin-based learning systems, are 

designed to fuse the spatial and temporal features, thereby enhancing prediction accuracy in complex 

operation conditions. Furthermore, the ways that Explainable Artificial Intelligence (XAI) techniques, 

like SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-Agnostic 

Explanations), are incorporated into deep learning systems are coming into more usage to give 

understandable explanations for maintenance decisions, which boosts trust in the models and makes 

it more achievable for industrial adoption. Although deep learning models are very effective in making 

predictions, they are still dependent on massive amounts of quality labeled data, large computational 

resources, and powerful hardware like GPUs, and need to be protected by strong cyber security 

measures for reliable deployment in Industrial Internet of Things (IIoT) scenarios. The need to develop 

more efficient, explainable and resource-aware deep learning models to enable predictive maintenance 

remains a driver for research to address these challenges. 

 

2.4. Research Gap Analysis 

The thorough analysis of the literature reveals significant gaps in research that persist in the 

current application of AI for predictive maintenance in the field of renewable energy. The number of 
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studies in this field are mostly concerning to a specific technology (e.g. wind turbines, photovoltaic 

systems, hydropower plants, battery storage), and not on establishing a generalized, predictive 

maintenance framework that can be used for integrated renewable energy infrastructures with 

multiple interconnected assets. Lack of a significant imbalance between normal operating data and 

actual equipment failures is another challenging problem, as equipment failures occur relatively 

infrequently and cause highly skewed datasets that make machine learning and deep learning models 

less accurate, robust, and generalizable. Moreover, several sophisticated AI models operate as black-

box algorithms that yield precise predictions, but lack interpretability, and are not trusted by 

maintenance engineers to make automated predictions without understanding the underlying logic. 

Explainable Artificial Intelligence (XAI) methods have demonstrated potential success, but there is still 

a need to integrate these methods into industrial predictive maintenance systems. An additional 

constraint is that many predictive models are tested on benchmark datasets generated in laboratory 

settings or publicly available that do not account for the variability found in the environment, 

operation, sensor noise and device diversity of actual industrial renewable energy installations. Real 

time implementation is also a significant challenge as predictive maintenance architectures 

implemented in the cloud are often less tolerant to bandwidth, network connectivity and latency, 

which may make it less appropriate for time critical maintenance decisions. New technologies like edge 

computing, federated learning, digital twins and distributed intelligence provide potential solutions 

by processing data locally, collaboratively training models without sharing data centrally, and virtually 

simulating the operation of equipment; however, these concepts have not yet been thoroughly 

examined for renewable energy. Further, cybersecurity, data privacy, trustworthy AI, and cyber 

resilience have been relatively under-covered topics – even in light of growing adoption of IoT 

(Industrial Internet of Things) devices and interwoven energy networks. Based on this, future research 

must push forward the development of scalable, explainable, secure, transferable, and energy-efficient 

frameworks for predictive maintenance that combine edge AI, federated learning, digital twin, 

explainable AI, multi-source sensor fusion, and advanced optimization techniques. These next 

generation intelligent maintenance systems will help to increase the accuracy of fault prediction, lower 

operational costs, boost equipment reliability, bolster cyber-resilience and enable the sustainability of 

the renewable energy infrastructure over the long term.  

 

3. METHODOLOGY 

3.1. System Architecture 

The proposed predictive maintenance framework, leveraging AI, features a multi-layer 

architecture, comprising of IoT, edge computing, cloud computing, AI, and decision support, which 

allows for intelligent monitoring of renewable energy resources. This design ensures that data is 

continually collected, faults are monitored in real-time, predictive analytics are implemented, and 

maintenance schedules are optimized. The distributed edge devices paired with cloud-based AI 

services provide low latency, high scalability and overall reliability to operate across geographically 

dispersed renewable energy installations. The overall system design guarantees the reliability of the 

equipment, minimizes operating expenses, and facilitates sustainable energy management. 
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Fig 2 - System Architecture 

 

3.1.1. Sensing Layer 

The sensing layer is the base of the predictive maintenance system and is responsible for 

collecting the data of the operation of the renewable energy equipment through the use of sensors and 

devices connected to the Internet of Things (IoT). They track the health of equipment by monitoring 

critical parameters like temperature, vibration, current, voltage, acoustic signals, humidity, wind speed 

and solar irradiance. They measure conditions of components such as wind turbine gearboxes, 

bearings, photovoltaic panels, batteries, generators and inverters in real time. Real-time measurement 

of the sensors can detect abnormal operating conditions before catastrophic failures.  

 

3.1.2. Edge Computing Layer 

The edge computing layer processes data at the edge of the network in order to reduce network 

bandwidth usage and communication delay, near the renewable energy assets. Gathers sensor data, 

filters out noise, replaces missing values, normalizes measurements and carries out preliminary 

anomaly detection before sending processed data to the cloud. Edge devices also offer temporary data 

storage and facilitate real-time decision-making when the network is down. This local processing 

increases system responsiveness and allows for fast fault detection in remote renewable energy 

locations.  

 

3.1.3. Cloud Analytics Layer  

Cloud analytics layer offers computing and storage resources in the cloud for processing 

historical AND real time sensor data from a multitude of renewable energy assets. It can conduct 

sophisticated analytics, such as AI model training, historical trend analysis, Remaining Useful Life 

(RUL) prediction, maintenance scheduling, and digital twin simulations. Predictive models are 

constantly updated to incorporate newly collected operational data for better predictions as time goes 

on, and so on the cloud infrastructure. This one-platform solution allows for scaling up and efficient 

management of distributed renewable energy systems.  

 

3.1.4. Artificial Intelligence Layer 

The Artificial Intelligence layer is the main analytical layer with the use of hybrid deep learning 

models for equipment fault diagnosis and degradation prediction. It integrates Convolutional Neural 

Networks (CNN) for capturing spatial attributes from vibration and thermal information, Long Short-

Term Memory (LSTM) networks for understanding temporal degradation trends, attention 

mechanisms to boost prediction accuracy, and SHAP-based Explainable AI for model interpretability. 

In this integrated approach, the correct classification of the fault, the estimation of the remaining useful 

life and unambiguous maintenance recommendations can be performed. The AI layer also continually 

learns by using historical and real-time data to improve the predictive performance. Decision Support  
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3.1.5. Layer 

This layer takes the AI predictions and transforms them into actionable maintenance tasks, 

helping engineers and plant operators to manage assets effectively. It estimates failure probability, 

predicts Remaining Useful Life, prioritizes maintenance tasks, recommends spare parts, schedules 

maintenance activities and generates timely alerts for critical equipment conditions. The system offers 

easy-to-use decision support that allows maintenance teams to intervene before failures happen. As a 

result, it reduces downtime, boosts equipment uptime, and facilitates cost-effective predictive 

maintenance for renewable energy systems.  

 

3.2. Data Acquisition 

The adoption of an Artificial Intelligence (AI)-based predictive maintenance system is heavily 

reliant on the quality, quantity and trustworthiness of these operational data of Renewable Energy (RE) 

assets. Data can be used to train AI models to learn equipment behavior, detect patterns of degradation, 

detect anomalous behavior, and anticipate potential failures before they happen. So a comprehensive 

multi-source data acquisition strategy is employed to take in as much information as possible from 

different sensors, monitoring systems and operational databases. In renewable energy systems like 

wind farms, solar photovoltaic (PV) arrays, battery energy storage systems (BESS), and hydroelectric 

power plants, the IoT (Internet of Things) sensors are used to continuously track key energy parameters 

such as temperature, vibration, current, voltage, pressure, humidity, wind speed, rotational speed, 

acoustic emissions, lubrication conditions, and solar irradiance. These sensors produce high-resolution 

time-series data that capture the actual health of equipment parts like batteries, inverters, PV modules, 

turbines, generators, gearboxes and bearings. Supervisory Control and Data Acquisition (SCADA) are 

also important sources of operational data, such as system equipment status, power generation, 

environmental conditions, alarm information, and the historical performance log. The dataset also 

includes maintenance records, inspection reports, equipment failure history, and manufacturer 

specifications to give contextual information to aid in fault diagnosis and Remaining Useful Life (RUL) 

prediction. The external factors such as ambient temperature, rainfall, dust concentration, wind 

direction and humidity are also included as these play significant role in the performance and 

degradation of equipment. The gathered data is then sent via secure wireless or wired communication 

channels to edge computing devices where they are further processed before being stored in cloud-

based databases for further analysis over the long-term. Pre-processing is used for improving the data 

quality and consistency during data acquisition which includes techniques like noise removal, outlier 

detection, synchronization, normalization and timestamp alignment. The use of encryption protocols 

and authenticated communication ensures data security and integrity, shielding sensitive industrial 

information from cyber threats. The proposed system integrates various heterogeneous data sources 

and enables a system-wide understanding of the operating conditions of equipment by monitoring 

them in a unified system. This multi-source data acquisition strategy provides a significant boost in 

model accuracy, enables real-time fault detection, decreases false alarms and allows for intelligent 

maintenance decision making, thus improving the reliability, operational efficiency, and sustainability 

of renewable energy infrastructure. 
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3.3. AI Prediction Model 

The proposed AI prediction model uses a hybrid Convolutional Neural Network (CNN) and 

Long Short-Term Memory (LSTM) model to make accurate predictions of equipment faults and to 

estimate the Remaining Useful Life (RUL) of renewable energy assets using both spatial and temporal 

characteristics of sensor data. The IoT-enabled sensors generate large volumes of multivariate time-

series data in renewable energy systems like wind turbines, solar PV plants, battery energy storage 

systems, and hydroelectric generators, irrespective of whether or not they are operating.Multivariate, 

time-series data are generated continuously by IoT-enabled sensors in renewable energy systems like 

wind turbines, solar PV plants, battery energy storage systems and hydroelectric generators regardless 

of their operating status. These datasets have complex nonlinear relationships such as the evolving 

degradation patterns that are hard to analyse with conventional machine learning methods. The CNN 

part of the proposed model is used to automatically learn meaningful spatial information from raw 

sensor information such as vibration signals, thermal images, acoustic emissions, current 

measurements, and voltage profiles. CNN recognizes local fault signatures, hidden fault characteristics 

during degradation, and abnormal operating conditions without manual feature engineering, through 

multiple convolution and pooling layers. The extracted feature maps then will be passed to LSTM 

network, which is a special network designed for processing sequential time-series data, that captures 

long-term temporal dependency and equipment degradation trends. LSTM can use memory cells and 

gating mechanisms to keep relevant historical data while forgetting irrelevant information, which 

allows accurate forecasting of future equipment states and early detection of faults. As it combines the 

feature extraction capability of CNN with the sequence learning capability of LSTM, the hybrid CNN-

LSTM model provides a higher prediction accuracy than either CNN or LSTM alone. To further 

improve the model performance, an attention mechanism is added to assign higher weights to 

important features of sensors and important intervals of the data, so that the model can focus on the 

most informative data when predicting. In addition, Explainable Artificial Intelligence (XAI) methods 

are incorporated to enhance the explainability of models by understanding the key sensor parameters 

that most impact the predictions of maintenance. The model is fed with historical operating data and 

updated regularly with new sensor data provided in the cloud, which allows it to adjust to the changes 

of operating conditions and aging of equipment. The performance is assessed by standard metrics 

including accuracy, precision, recall, F1-score, Root Mean Square Error (RMSE), Mean Absolute Error 

(MAE) and Area Under the ROC Curve (AUC). The proposed hybrid prediction model can achieve 

reliable fault diagnosis and prompt maintenance advice, minimize unplanned downtime, and enhance 

the operational efficiency of modern renewable energy systems, which is suitable for intelligent 

predictive maintenance and highly applicable.  

 

3.4. Algorithm and Mathematical Model  

The suggested predictive maintenance algorithm is a multi-systems solution combining the 

Internet of Things (IoT) sensor technologies, hybrid deep learning technologies and predictive 

analytics to provide continuous monitoring of renewable energy equipment health and accurate 

prediction of potential equipment failure before they happen. The algorithm starts with the collection 

of real-time sensor data from various sources from renewable energy assets, such as wind turbines, 

photovoltaics, generator, batteries, inverters, etc., including temperature, vibration, current, voltage, 
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humidity sensor, acoustic emission sensor, wind speed sensor, solar irradiance sensor. The data 

collected is then preprocessed to enhance data quality, consistency, and eliminate noise and outliers. 

The processed sensor data is then passed to the hybrid CNN-LSTM network, which automatically 

extracts crucial attention features of the equipment fault from the input signals, and applies the Long 

Short-Term Memory (LSTM) network to predict the behavior of the equipment in the future. The 

algorithm continually estimates the health of the equipment based upon the current operating 

parameters, operating histories, and learned degradation characteristics. Mathematically, the input 

sensor data set may be represented as X = {x₁, x₂, x₃, …, xₙ} where each xᵢ is a vector of the sensor data 

gathered at a certain time interval. These input vectors are processed in the CNN and converted into a 

feature representation F = CNN(X) which holds the fault features extracted by CNN. These features 

are then passed to the LSTM network to approximate the future equipment state, which is represented 

by the learned temporal health information, H = LSTM(F). Finally the prediction layer calculates the 

probability for each equipment health class like healthy, warning, or faulty, by applying the function 

P = Softmax(H). For Remaining Useful Life (RUL) estimation, the model predicts the remaining useful 

life up to the point of failure, which is defined as RUL = T_failure − T_current, with T_failure 

representing the predicted time of failure and T_current the time the system has already spent in 

operation. When training the model, it tries to minimize the prediction error, which is done via a loss 

function, for instance Mean Squared Error (MSE) is calculated as the average of the squared difference 

between the actual and the predicted values. The mathematical expression of the MSE is (1/N) × 

Σ(Actual – Predicted)² where N is the number of observations. To guarantee accurate predictions, 

Model performance is additionally assessed by employing metrics like Accuracy, Precision, Recall, F1-

score, Root Mean Square Error (RMSE), and Mean Absolute Error (MAE). The decision support module 

automatically creates maintenance alerts based on the failure probability, estimated Remaining Useful 

Life, and controls maintenance activities in terms of their priority, while recommending suitable 

corrective actions. The integration of IoT-based sensing capabilities, mathematical models, and hybrid 

deep learning helps to achieve accurate fault diagnosis, early prediction of failures, lower maintenance 

costs, fewer downtimes, and higher operational reliability of renewable energy systems. 

 

4. RESULT AND DISCUSSION 

4.1. Experimental Setup 

The experimental setup was designed to ensure a reliable and high-performance computation 

environment for the development, training, validation, and evaluation of the proposed AI-based 

predictive maintenance for renewable energy systems. The experiments were carried out on a 

workstation with an Intel Core i7 processor, 32 Gb RAM, and an NVIDIA RTX 3060 Graphics 

Processing Unit (GPU) with 12 Gb dedicated memory, running on the Ubuntu 22.04 Long-Term 

Support (LTS) operating system. The high capacity of the memory was able to handle the large-scale 

multivariate sensor data sets without any apparent degradation in performance while the multi-core 

processor allowed for the efficient processing of data preprocessing, feature extraction, and model 

evaluation tasks. By utilizing the parallel computing capabilities of the NVIDIA RTX 3060 GPU, 

developers could significantly cut down the time required for training deep learning models, 

particularly those that rely on complex neural network architectures like Convolutional Neural 
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Networks (CNN) and Long Short-Term Memory (LSTM) networks. Ubuntu was chosen due to its 

stability, security, compatibility with GPU computing frameworks and ample support for scientific 

computing and machine learning applications. Python 3.11 is the main programming language used 

to write the software environment: Python's vast ecosystem of libraries for artificial intelligence, data 

analysis, and scientific computing made it an appropriate choice. The deep learning models were built 

using TensorFlow 2.x and the Keras high-level application programming interface (API), which 

allowed for efficient building, training, and optimizing of hybrid CNN-LSTM models. The NumPy 

library was used for numerical computations and matrix operations, and the Pandas library was used 

to load and preprocess the data, clean it, transform it, and manage the time-series sensor data. The 

Scikit-learn library was used for machine learning utilities like partitioning datasets, scaling features, 

model validation and performance evaluation. Data visualization and performance analysis were 

performed with Matplotlib and Plotly to represent the training accuracy, validation loss, confusion 

matrix, receiver operating characteristic (ROC) curve and Remaining Useful Life (RUL) prediction. To 

find the optimal predictive performance with minimal overfitting, the hyperparameters like learning 

rate, batch size, number of epochs, optimizer, dropout rate, and network depth were optimized. In the 

experimental process, the data set was divided into training, validation and test sets in a standard ratio, 

which not only guaranteed fair testing of the model, but also ensured its reliability in generalization. 

To comprehensively assess the predictive power of the proposed model, several performance metrics 

were calculated, such as Accuracy, Precision, Recall, F1-score, Root Mean Square Error (RMSE), Mean 

Absolute Error (MAE) and Area Under the ROC Curve (AUC). It was a well-prepared hardware and 

software setup that enabled an effective use of computing power for training deep learning models, 

the analysis of predictive maintenance data and reproducible experiments for modern renewable 

energy applications.  

 

4.2. Performance Analysis 

The predictive accuracy of the proposed hybrid CNN-LSTM model was tested through 

comparison with other popular machine learning algorithms, such as Support Vector Machine (SVM), 

Random Forest (RF) and Artificial Neural Network (ANN). Various performance measures were taken 

into account for both the fault prediction accuracy and maintenance effectiveness and operational 

efficiency. The results of the experiments show that the proposed model outperformed the existing 

approaches on all the evaluation metrics, which validates the suitability of the proposed model for 

predictive maintenance in the renewable energy system.  

 

Table 1: Performance Analysis 

Performance Metric SVM (%) Random Forest (%) ANN (%) Proposed CNN–LSTM (%) 

Accuracy 91.3 93.5 95.2 98.4 

Precision 90.8 92.9 94.8 98.1 

Recall 90.2 93.1 94.5 97.9 

F1-Score 90.5 93 94.6 98 

Fault Detection Rate 91.6 94.2 95.3 98.6 

Prediction Reliability 90.9 93.8 95 98.3 

System Availability 92.1 94.6 96.1 99.1 
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Maintenance Cost Reduction 18.4 24.6 30.2 41.8 

Downtime Reduction 22.3 29.8 35.4 47.6 

Energy Production Improvement 5.8 7.9 9.6 13.8 

 

 
Fig 3 - Performance Analysis 

 

4.2.1. Accuracy 

Percentage of all correct classification of equipment condition (healthy and faulty). The 

proposed CNN–LSTM model achieved an accuracy of 98.40%, outperforming ANN (95.20%), Random 

Forest (93.50%), and SVM (91.30%). This improvement is evidence of the model's ability to correctly 

classify equipment health condition with minimal classification errors.  

 

4.2.2. Precision 

Precision measures the percentage of fault predictions that are correct out of all the predicted 

faults. The proposed model achieved accuracy of 98.10% while ANN, Random Forest and SVM 

achieved 94.80%, 92.90% and 90.80% respectively. More accurate reduces the risk of false alarm, and 

enables maintenance engineers to only conduct repairs when they are needed.  

 

4.2.3. Recall 

Recall is the ability of the model to identify real faults of the equipment. The CNN-LSTM model 

has a high recall of 97.90%, as compared to the other models ANN (94.50%), Random Forest (93.10%) 

and SVM (90.20%). The greater the recall, the lower the number of critical failures that will go 

undetected during operation.  

 

4.2.4. F1-Score 

This is a balanced score that combines both precision and recall into one score. The proposed 

model recorded an F1-score of 98.00%, exceeding ANN (94.60%), Random Forest (93.00%), and SVM 

(90.50%). This shows the over-all robustness and balanced predictive ability of the model.  
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4.2.5. Fault Detection Rate 

Fault Detection Rate is the proportion of faults that are detected before failure. The proposed 

CNN–LSTM network achieved an accuracy of 98.60%, while ANN, Random Forest and SVM got 

accuracy of 95.30%, 94.20% and 91.60% respectively. The enhanced capability helps identify the issues 

early and avoids unexpected failures.  

 

4.2.6. Prediction Reliability 

Prediction reliability refers to the consistency and reliability of maintenance predictions when 

subjecting it to different operating conditions. The proposed model achieved 98.30%, surpassing ANN 

(95.00%), Random Forest (93.80%), and SVM (90.90%). This high reliability boosts trust in AI-driven 

maintenance decision-making.  

 

4.2.7. System Availability 

System availability is the percentage of time that renewable energy equipment is available to 

function without unexpected failures. The proposed CNN – LSTM model outperforms ANN, RF, and 

SVM with 99.10%, 96.10%, and 92.10%, respectively. There is a direct connection between higher 

availability of the system and its increased power generation and operational efficiency.  

 

4.2.8. Maintenance Cost Reduction 

Maintenance cost reduction is a measure of the reduction in maintenance cost that can be 

accomplished by predictive maintenance strategies. The proposed model achieved lower maintenance 

costs of 41.80%, which is much higher than ANN (30.20%), Random Forest (24.60%), and SVM (18.40%). 

Instead of costly emergency repairs and unnecessary component replacement, early fault prediction 

can be used to avoid them. 

 

4.2.9. Downtime Reduction 

Downtime reduction is a key indicator of how well predictive maintenance reduces equipment 

downtime. Finally the proposed CNN–LSTM framework obtained 47.60% reduction in downtime 

while ANN had a 35.40% reduction, Random Forest had a 29.80% reduction and SVM obtained 22.30% 

reduction in downtime. Minimizing downtime improves equipment utilization, keeping renewable 

energy generation in constant operation.  

 

4.2.10. Energy Production Improvement 

Energy production improvements represent the change in power production that occurs when 

power production equipment is more reliable and maintenance is better planned. The proposed model 

has improved the energy production by 13.80% while ANN, RF and SVM have improved the energy 

production by 9.60%, 7.90% and 5.80% respectively. A better supply of equipment allows renewable 

energy systems to be more efficient and achieve greater energy yields.  

 

4.3. Discussion 

The experimental findings are clear and unambiguous; the proposed approach to predictive 

maintenance with AI is highly effective in enhancing the reliability, availability and operational 
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efficiency of renewable energy systems. The combination of Internet of Things (IoT) based condition 

monitoring and hybrid model of Convolutional Neural Network (CNN) and Long Short-Term 

Memory (LSTM) effectively captures both spatial and temporal property of equipment degradation, 

providing early warning of equipment faults before they become critical failures. The CNN part is 

effective in extracting meaningful fault features from vibration signals, temperature, acoustic emission, 

and electrical parameters, the LSTM network is used to analyze the sequential sensor data to estimate 

the long-term degradation trend of the equipment, and it accurately estimates the Remaining Useful 

Life (RUL) of the equipment. The experimental results show that the proposed model is superior to the 

traditional machine learning models SVM, RF and ANN in terms of all the performance parameters 

like accuracy, precision, recall, F1-score and fault detection rate. The prediction accuracy (98.40%) 

successfully demonstrates that deep feature extraction and temporal sequence learning can be 

effectively applied to predictive maintenance applications. Also, edge and cloud-based analytics 

combine to provide real-time monitoring without any dependence on constant internet connectivity, 

with low bandwidth, low latency, and without data loss. In this arrangement, maintenance engineers 

can keep a close watch on the health of the equipment at a distance, get timely maintenance alerts and 

schedule maintenance activities in advance and proactively, thus minimizing unexpected equipment 

failures and maximizing system availability. The proposed framework also offers substantial economic 

and operational advantages, with reductions in maintenance costs of about 41.8%, a reduction in 

unplanned downtime of 47.6% and increased overall energy production of 13.8%. The improvements 

increase equipment utilization, lengthen the useful life of the equipment, lower the operating costs, 

and help contribute to the sustainable operation of renewable energy facilities. Even with these 

encouraging results, there are still a number of problems to address for industrial applications on a 

large scale. Practical challenges still exist with the availability of high-quality labeled data, secure 

sensor data transmission, interoperability between heterogeneous IoT devices, and the computational 

needs of deep learning models. Furthermore, the ability to make AI predictions more interpretable 

with Explainable Artificial Intelligence (XAI) methods like SHAP and LIME will boost user trust and 

aid in maintenance decision-making. Future work will involve the combination of federated learning, 

digital twin technology, edge AI, multi-source sensor fusion and advanced cybersecurity methods to 

create scalable, secure, transparent and adaptive predictive maintenance solutions that will enable 

geographically dispersed renewable energy installations to operate across a variety of conditions. New 

developments will further enhance the accuracy of predictions, the operational resilience, maintenance 

efficiency and sustainability of next generation renewable energy systems.  

 

5. CONCLUSION 

In this study, a comprehensive artificial intelligence (AI) based predictive maintenance 

framework is presented, which combines technologies of the Industrial Internet of Things (IIoT), edge-

cloud computing, machine learning and deep learning to improve the reliability, operation efficiency 

and sustainability of renewable energy infrastructure. The proposed framework overcomes the 

drawbacks of conventional maintenance methods, allowing for continuous monitoring of equipment 

status, precocious detection of faults, estimation of Remaining Useful Life (RUL), and intelligent 

decision-making for maintenance. The framework combines IoT technologies with extensive data 
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analytics to continuously gather real-time data on the performance of renewable energy components 

like wind turbines, photovoltaic (PV) panels, batteries, generators, inverters, and transformers. The 

data is deployed to edge computing to perform low-latency analysis and cloud computing to handle 

large amounts of data storage and model training. By combining the hybrid Convolutional Neural 

Network (CNN) and Long Short-Term Memory (LSTM) structure, the system is able to learn the spatial 

features of the faults and the temporal degradation patterns to predict the failure of the equipment 

with a minimum of false alarms. The integration of Explainable Artificial Intelligence (XAI) techniques 

also improves the interpretability and transparency of the maintenance recommendations, boosting 

users' trust and supporting their practical implementation in industrial applications. The literature 

review indicated that traditional corrective, preventive and condition based maintenance strategies are 

not adequate to achieve the reliability and operational demands for modern renewable energy systems 

used in today's dynamic environment where the systems produce a large amount of sensor data and 

are subject to diverse environmental conditions. Comparable to machine learning, AI-based predictive 

maintenance offers a more intelligent and proactive approach to maintenance, learning degradation 

patterns from the historical and real-time operational data. This feature can help to significantly reduce 

unexpected equipment failures, optimize maintenance scheduling, make the best use of resources, 

lengthen the lifespan of equipment and minimize disruptions in operations. The envisioned 

architecture takes advantage of these benefits by combining multi-source sensor information, feature 

extraction using deep learning and predictive analytics into a single intelligent maintenance platform, 

enabling support of geographically distributed sites of renewable energy generation infrastructure. 

The performance of the proposed hybrid CNN–LSTM model was evaluated and compared with the 

conventional machine learning algorithms like Support Vector Machine (SVM), Random Forest (RF) 

and Artificial Neural Network (ANN) and it was found that the proposed hybrid CNN–LSTM model 

performed better than all the mentioned conventional machine learning models. The proposed model 

successfully predicted the target class with an accuracy of 98.40%, high precision, recall, F1-score, fault 

detection rate and prediction reliability. The framework not only had high predictive performance, it 

also provided significant practical benefits such as a 41.8% reduction in maintenance expenditure, a 

47.6% reduction in unplanned downtime, a system availability of 99.1% and a 13.8% improvement in 

total energy production. The improvements illustrate how this integration of deep learning with real-

time monitoring from IoT allows for optimal maintenance planning, improved utilization of 

equipment, lowered lifecycle costs, and better economic performance of renewable energy 

infrastructure. Edge computing also allows for near real-time fault detection at the edge, lower 

communication delays, and seamless operation when networks are less than reliable. Although these 

are positive outcomes, there are certain challenges to overcome before the full industrial 

implementation of these can be realized. Data is still one of the biggest challenges, as high quality 

labeled data is still not readily available, due to infrequent equipment failures and imbalanced data 

generating models that have an impact on model performance. Challenges include setting up secure 

data communication between devices in the Industrial Internet of Things (IIoT) networks, guaranteeing 

the security of data and information that may be highly critical in working processes, dealing with the 

heterogeneity of sensor platforms, lowering the computational complexity of edge devices, and making 

more sense out of complex deep learning models. There is a need for continued development to 
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overcome these challenges with new advances in explainable AI (XAI), federated learning, digital twin, 

blockchain cybersecurity, transfer learning, self-supervised learning, and edge intelligence. Such 

emerging technologies can help make predictions more transparent, help facilitate collaborative 

training of models without sacrificing the privacy of data, help to train models in real time in a 

decentralized way and help to make predictive maintenance systems more scalable for geographically 

distributed renewable energy networks. Finally, the AI-powered predictive maintenance system offers 

a comprehensive, scalable, and intelligent solution to enhance the reliability, economic efficiency, and 

sustainability of renewable energy systems. The framework incorporates continuous monitoring via 

Internet of Things (IoT), state-of-the-art deep learning algorithms, cloud-edge computing, and 

intelligent decision support, which allows for proactive maintenance approaches that can substantially 

minimize equipment failure, maintenance expenses, operational downtime, and maximize energy 

production and asset utilization. In the future, the use of AI-driven predictive maintenance 

technologies will grow in significance to guarantee resilient, autonomous, secure and efficient energy 

generation systems in the context of global sustainability and carbon neutrality goals. The findings of 

this study will serve as a solid basis for future developments of intelligent maintenance systems and 

will also help to advance next-generation smart renewable energy infrastructure.  
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