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A Comprehensive Review of Artificial Intelligence—-Based
Predictive Maintenance Approaches in Marine Vessel
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Abstract

With the rapid growth of the shipping industry and its key role in the global supply chain, the
importance of improving maintenance methods to enhance safety, reduce costs, and increase the
operational efficiency of vessels is more evident than ever. The present study provides a
comprehensive review of data-driven predictive maintenance (PdM) strategies in the maritime
industry and surveys the latest techniques applied to various ship systems, including propulsion,
electrical, auxiliary, and hull structures. Unlike traditional approaches such as reactive and preventive
maintenance, predictive maintenance (PdM), empowered by machine learning (ML) and deep
learning (DL) algorithms, is capable of forecasting failures and optimizing maintenance scheduling.
This paper examines a range of models, from linear regression to recurrent and convolutional neural
networks (such as Long Short-Term Memory (LSTM) and Convolutional Neural Networks (CNNs)),
and analyzes their operational challenges, including the need for labeled data, computational
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complexity, and scalability issues. Furthermore, emerging approaches such as Federated Learning
(FL) and Transfer Learning (TL) are highlighted as promising solutions for ensuring privacy, data
security, and reducing reliance on centralized resources. Finally, by addressing existing gaps in
standardization, insufficient data, and model decision transparency, the paper outlines future research
directions toward developing reliable and adaptable predictive maintenance (PdM) systems for the

maritime industry.
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5 Supervised Learning

¢ Reinforcement Learning (RL)
7 Classification

8 Regression

° Unsupervised Learning

10 Clustering

! Dimensionality reduction
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22 Recurrent Neural Networks - RNNs
23 Long Short-Term Memory - LSTM
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18 Support Vector Machine - SVM

19 Support Vector Regression - SVR
20 Artificial Neural Networks - ANNs
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43 Multiclass regression model
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