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Abstract

Accurate sea state prediction plays a vital role in supporting naval operations, maritime
transportation, and marine safety. Reliable information about ocean conditions helps improve
navigation, operational planning, and decision-making in marine environments. This study
presents a machine learning-based framework for predicting sea state in the Bay of Bengal using
the ERAS reanalysis dataset. The prediction model was developed using key environmental
variables, such as wind speed, sea surface temperature, surface pressure, wave period, and wave
direction, as these factors have a direct influence on ocean wave behaviour. To identify the most
suitable prediction model, four machine learning algorithms—Random Forest, XGBoost,
LightGBM, and TabNet—were trained and compared. Their performance was assessed using
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and the coefficient of
determination (R?). Among the evaluated models, Random Forest produced the most accurate
predictions, achieving an R? score of 0.9818. These findings indicate that machine learning
provides reliable support for sea state forecasting, contributing to better planning and safer
decision-making in naval and maritime applications.

Keywords: Sea State Prediction, Machine Learning, Random Forest, ERAS5 Reanalysis Data,
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1. Introduction

Sea state prediction is essential for naval operations, maritime transportation, and marine safety.
Ocean conditions such as wind speed, wave height, sea surface temperature, and atmospheric
pressure directly influence navigation and operational planning. Accurate prediction of these
conditions helps improve decision-making and reduces risks during maritime activities. In this
study, a machine learning-based framework is proposed to predict sea state conditions in the Bay
of Bengal using the ERAS reanalysis dataset. Environmental parameters, including wind speed, sea
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surface temperature, surface pressure, wave period, and wave direction, were used as input features
to train four machine learning models: Random Forest, XGBoost, LightGBM, and TabNet. The
objective was to identify the model that provides the most accurate sea state prediction for
supporting reliable maritime and naval operations [1,18,19].

2. Literature Survey

Sea state prediction has traditionally relied on numerical wave forecasting models such as SWAN
and WAVEWATCH III, which simulate ocean wave behaviour using atmospheric and
oceanographic parameters. These models have been widely used for maritime navigation and
offshore operations because they provide reliable wave forecasts. However, they require high
computational resources and detailed physical modelling, making them less suitable for real-time
prediction. Recent studies have also combined ERAS reanalysis data with numerical models to
improve forecasting accuracy [19,20].

Recent research has shown that machine learning and deep learning techniques can effectively
improve sea state prediction by learning patterns from historical oceanographic data. Algorithms
such as Random Forest, XGBoost, ANN, LSTM, GRU, ConvLSTM, and Transformer-based
models have achieved promising results in predicting significant wave height and other ocean
conditions. However, prediction performance varies depending on the dataset and geographical
region. Therefore, this study evaluates Random Forest, XGBoost, LightGBM, and TabNet
using the ERAS reanalysis dataset to identify the most suitable model for sea state prediction in
the Bay of Bengal [1,18].

3. Methodology

The proposed methodology consists of five main stages: data collection, data preprocessing,
feature engineering, model development, and performance evaluation. ERAS reanalysis data for
the Bay of Bengal was used as the primary dataset because it provides comprehensive atmospheric
and oceanographic information [19,20]. The collected data was preprocessed to remove missing
values, correct inconsistencies, and improve data quality. Feature engineering was performed by
calculating wind speed from the zonal (ul0) and meridional (v10) wind components. The
processed dataset was used to train four machine learning models: Random Forest, XGBoost,
LightGBM, and TabNet. Their performance was evaluated using Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and the coefficient of determination (R?). Finally, the Random

ISSN: 2583-9055 https://jcse.cloud/ 45




The Journal of Computational Science and Engineering (TJCSE)
ISSN 2583-9055 (Media Online)

Vol 4, No 4, April 2026

PP 44-51

Forest model, which achieved the highest prediction accuracy, was selected as the final prediction
model.

4. Experimental Setup and Implementation

The experimental setup was designed to implement the proposed sea state prediction framework
using Python and widely used machine learning libraries. The implementation process involved
data preprocessing, feature engineering, model training, performance evaluation, and model
comparison. The following steps were carried out:
4.1 Data Collection: ERAS reanalysis data for the Bay of Bengal was collected, containing
oceanographic and atmospheric parameters such as wind components, sea surface temperature,
surface pressure, significant wave height, mean wave period, and mean wave direction.
4.2 Data Preprocessing: The collected dataset was cleaned by handling missing values, removing
duplicate records, and correcting inconsistencies. The processed dataset was then prepared for
machine learning model development.
4.3 Feature Engineering: Wind speed was calculated from the zonal (u10) and meridional (v10)
wind components. The final feature set included sea surface temperature, surface pressure,
significant wave height, mean wave period, mean wave direction, and wind speed.
4.4 Model Training and Evaluation:

o The dataset was divided into training (80%) and testing (20%) sets.

o Four machine learning models—Random Forest, XGBoost, LightGBM, and

TabNet—were trained using the prepared dataset.
o Model performance was evaluated using Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), and the coefficient of determination (R?).

4.5 Model Comparison: The performance of all four machine learning models was compared
based on the evaluation metrics. Random Forest achieved the highest prediction accuracy and was
selected as the final model for the proposed sea state prediction system.
4.6 Prediction System: The selected Random Forest model was integrated into a Flask-based
prediction system, where users can select a location and obtain sea state predictions through a
simple web interface.

5. Result Analysis

The performance of the developed sea state prediction system was evaluated using four machine
learning models: Random Forest, XGBoost, LightGBM, and TabNet. The models were trained
and tested with ERAS reanalysis data from the Bay of Bengal. Their prediction accuracy was
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measured using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and the
coefficient of determination (R?).Among the evaluated models, Random Forest delivered the best
overall performance by achieving the lowest error values and the highest R? score of 0.9817.
Although XGBoost, LightGBM, and TabNet also produced reliable predictions, their performance
was slightly lower than that of Random Forest. These results show that the proposed machine
learning framework can accurately predict sea state conditions and provide useful support for naval
operations and other maritime applications

Table 1: Performance Comparison

Model MAE RMSE | R2Score
Random Forest | 0.062351 | 0.097220 | 0.981762
XGBoost 0.116462 | 0.155389 | 0.953408
LightGBM 0.120442 | 0.159811 | 0.950718
TabNet 0.113560 | 0.152704 | 0.955004

The performance comparison indicates that the Random Forest model achieved the best results
with the lowest MAE (0.062351), lowest RMSE (0.097220), and highest R? score (0.981762).
Compared to XGBoost, LightGBM, and TabNet, Random Forest provided superior prediction
accuracy, making it the most suitable model for the proposed sea state prediction framework.

Model Comparison (MAE - Lower is Better)

Random Forest LightGBM TabNet
Models

Figure 1. MAE Comparison Graph
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Figure 2. RMSE Comparison of Machine Learning Models
Model Comparison (R? Score - Higher is Better)
1.0
0.8
o 067
= 0.4
0.2
0.0
Random Forest TabNet
Models
Figure 3. R*> Score Comparison Graph
Train vs Test R2 Comparison
1.0 1 N Train_R2
— Test R2

0.8
0.6
0.4 -
0.2 1
0.0 -

Random Forest
Models

Figure 4: Train vs Test R* Comparison
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6. Conclusion

This research developed a machine learning-based framework for predicting sea state conditions
in the Bay of Bengal using the ERAS reanalysis dataset. Four machine learning models—Random
Forest, XGBoost, LightGBM, and TabNet—were trained and evaluated to identify the most
suitable approach for sea state prediction. Among the evaluated models, Random Forest achieved
the highest prediction accuracy and the lowest error values, making it the best-performing model
in this study. The results show that machine learning techniques can effectively analyse
oceanographic and atmospheric data to produce reliable sea state predictions. The developed
framework has the potential to support naval operations, maritime transportation, and marine
safety by providing accurate information for operational planning and decision-making. Overall,
this work demonstrates that machine learning offers a practical and reliable approach for
improving sea state forecasting in the Bay of Bengal.
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