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Abstract — The growing demand for clean and sustainable energy has increased the importance of ocean wave energy as a reliable
renewable power source. Efficient utilization of this resource depends on accurate forecasting of wave characteristics, which
directly influences energy conversion efficiency, operational planning, and power grid stability. Conventional numerical
forecasting models often struggle to represent the highly dynamic and nonlinear behavior of ocean waves, resulting in reduced
prediction accuracy under changing environmental conditions. This paper presents a comprehensive study of modern Machine
Learning (ML) techniques for wave energy forecasting, emphasizing the application of Deep Learning (DL) architectures,
ensemble learning methods, and hybrid prediction models. Various learning approaches, including Artificial Neural Networks
(ANN), Long Short-Term Memory (LSTM), Convolutional Neural Networks (CNN), Random Forest (RF), XGBoost, and
transformer-based models, are analyzed for their ability to estimate significant wave height (SWH), wave period, and wave
energy potential. The study also examines hybrid frameworks that integrate physical oceanographic models with data-driven
learning techniques to improve forecasting reliability under complex marine conditions. Comparative evaluation demonstrates
that hybrid deep learning models generally achieve better prediction accuracy, lower forecasting error, and greater robustness
than conventional machine learning approaches. Furthermore, recent developments in transformer networks, Generative
Adversarial Networks (GANSs), and real-time data assimilation are discussed as promising directions for improving future wave
energy prediction systems. The findings indicate that intelligent forecasting frameworks can significantly enhance renewable
energy management, optimize wave energy converter performance, and support efficient integration of ocean energy into
modern power systems.
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Prediction Models, Renewable Energy, Energy Forecasting.

that can be harvested from ocean waves. Since these
parameters continuously change because of atmospheric
pressure, wind speed, ocean currents, tides, and coastal
topography, developing highly accurate forecasting models
remains a challenging task [5], [6].

l. INTRODUCTION

The increasing global demand for sustainable and
environmentally friendly energy has accelerated the
development of renewable energy technologies capable of
reducing dependence on fossil fuels and minimizing
greenhouse gas emissions. Among the available renewable
resources, ocean wave energy has emerged as a promising
alternative because of its high energy density, continuous
availability, and predictable nature compared to wind and
solar energy [1], [2]. Oceans contain enormous amounts of
kinetic energy generated by wind and tidal interactions,
making wave energy an attractive resource for future
electricity generation. However, the efficient utilization of

Traditional forecasting techniques, including numerical
wave models such as WAVEWATCH Il (WW3), SWAN
(Simulating WAves Nearshore), and WAM (WAve
Model), have been widely employed to estimate ocean
wave characteristics [7]. Although these physics-based
models provide valuable information, they often require
significant computational resources and may experience
reduced prediction accuracy under highly nonlinear and

this renewable resource depends heavily on the ability to
accurately forecast ocean wave conditions before energy
extraction takes place.

Reliable wave energy forecasting is essential for improving
the operational efficiency of Wave Energy Converters
(WECs), scheduling maintenance activities, reducing
operational costs, and ensuring stable integration of
renewable power into modern electrical grids [3], [4].
Important oceanographic parameters such as Significant
Wave Height (SWH), wave period, wave direction, and
wave energy flux directly influence the amount of energy

rapidly changing ocean conditions. Furthermore, the large
volume of marine observational data generated by satellites,
buoys, radar systems, and offshore monitoring stations has
made conventional numerical approaches increasingly
difficult to manage efficiently [8], [9].

Recent advances in Machine Learning (ML) and Deep
Learning (DL) have introduced new opportunities for
improving wave energy forecasting by automatically
learning complex relationships  from  historical
oceanographic data. Unlike conventional numerical
approaches, data-driven learning algorithms can effectively
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capture nonlinear temporal and spatial dependencies
without requiring explicit mathematical representations of
ocean dynamics [10], [11]. Artificial Neural Networks
(ANNSs), Long Short-Term Memory (LSTM) networks,
Convolutional Neural Networks (CNNs), Random Forest
(RF), XGBoost, and Transformer-based architectures have
demonstrated significant improvements in predicting wave
height, wave period, and wave energy potential across
various marine environments [12], [13].

Hybrid forecasting models that combine physical
oceanographic simulations with intelligent machine
learning techniques have recently gained considerable
attention because they utilize the strengths of both
approaches. Physical models provide scientific knowledge
of ocean behavior, whereas machine learning algorithms
enhance prediction accuracy by learning hidden patterns
from historical observations. This combination improves
forecasting performance during complex sea states, extreme
weather events, and long-term prediction scenarios where
conventional methods often experience limitations [14],
[15]. Moreover, ensemble learning techniques and
advanced deep learning architectures have shown excellent
capability in reducing forecasting errors while improving
model robustness and computational efficiency [16].

This paper presents a comprehensive study of machine
learning applications in ocean wave energy forecasting,
focusing on deep learning techniques, ensemble learning
methods, regression models, and hybrid prediction
frameworks. Various intelligent models, including ANN,
CNN, LSTM, GRU, Random Forest, XGBoost,
Transformer models, and hybrid architectures, are analyzed
based on their forecasting accuracy, computational
performance, and applicability to wave energy prediction.
The comparative analysis highlights the advantages and
limitations of different learning approaches using widely
accepted evaluation metrics such as Root Mean Square
Error (RMSE), Mean Absolute Error (MAE), Mean
Absolute Percentage Error (MAPE), and the Coefficient of
Determination (R?). The findings demonstrate that
intelligent hybrid forecasting frameworks provide superior
prediction accuracy and greater reliability than
conventional forecasting techniques, making them highly
suitable for supporting efficient wave energy harvesting and
future renewable energy systems [11], [14], [17].

Overall, the integration of machine learning and deep
learning into wave energy forecasting represents a
significant advancement toward intelligent renewable
energy management. By improving prediction accuracy and
supporting real-time decision-making, these technologies
contribute to optimizing wave energy conversion systems,
enhancing grid stability, and promoting the large-scale
adoption of clean ocean-based energy resources for
sustainable power generation [2], [10], [15].
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Il. LITERATURE SURVEY

1. Y. Li, J. Chen, and H. Wang [2025]

A transformer-based forecasting framework for ocean wave
prediction using long-term marine measurements was
provided by Y. Li et al. When compared to traditional
recurrent neural networks, their model successfully
included temporal links in ocean wave sequences and
enhanced prediction accuracy for substantial wave height
and wave duration.

2. A. Costa, M. Rodriguez, and P. Silva [2025]

To estimate wave energy, M. Rodriguez et al. created a
hybrid deep learning model that combines numerical
oceanographic simulations with Long Short-Term Memory
(LSTM) networks. Their method improved prediction
stability and decreased forecasting mistakes in a range of
environmental circumstances.

3. S. Kumar, N. Sharma, and R. Verma [2024]

The application of Convolutional Neural Networks (CNNSs)
to extract spatial information from oceanographic datasets
was studied by S. Kumar et al. Their study showed that
CNN-based models greatly enhanced short-term wave
prediction performance and successfully mastered
complicated wave features.

4. X. Liu, Y. Sun, and L. Zhang [2024]

In order to estimate wave height, L. Zhang et al. suggested
an ensemble machine learning architecture that
incorporates the Random Forest and Gradient Boosting
techniques. The study demonstrated how ensemble learning
methods reduced prediction variance and increased
forecasting robustness in a variety of maritime scenarios.

5. T. Wilson and J. Anderson [2024]

An XGBoost-based regression model was created by J.
Anderson and T. Wilson to predict wave energy potential
using oceanographic and meteorological data. In
comparison to conventional statistical forecasting methods,
their approach showed reduced computer complexity and
increased prediction accuracy.

6. F. Garcia, P. Alvarez, and M. Torres [2024]

F. Garcia et al. looked on hybrid forecasting methods that
blend machine learning algorithms with physical ocean
wave models. Their results showed that combining
numerical simulations with data-driven learning reduced
uncertainty and improved long-term  forecasting
dependability.

7. J. Park, H. Kim, and S. Lee [2023]

A Deep Neural Network (DNN) framework was suggested
by H. Kim et al. to estimate significant wave height using
satellite measurements and buoy observations. The
suggested method decreased total prediction error and
increased forecasting accuracy under quickly shifting sea
conditions.
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8. A. Patel, R. Singh, and K. Shah [2023]

A. Patel et al. created a forecasting model for renewable
ocean energy applications using Artificial Neural Networks
(ANNS). Their research showed that nonlinear interactions
between ocean factors and wave energy generation were
sufficiently captured by ANN models.

9. X. Huang, L. Zhao, and C. Wang [2023]

The application of Gated Recurrent Unit (GRU) networks
for short-term ocean wave prediction was studied by C.
Wang et al. In comparison to LSTM architectures, the
experimental investigation demonstrated that GRU models
maintained competitive forecasting performance while
using less processing power.

10. R. Taylor and D. Smith [2023]

A comparison of machine learning techniques for offshore
wave forecasting was given by D. Smith and R. Taylor.
They assessed Random Forest, XGBoost, and Support
Vector Regression (SVR) models and found that ensemble
techniques consistently yielded better accurate predictions.

I11. RESEARCH METHODOLOGY

The proposed research methodology presents a
comprehensive machine learning-based framework for
predicting ocean wave energy by integrating historical
marine observations, advanced data preprocessing
techniques, and intelligent forecasting models. The
methodology is designed to estimate important wave
parameters, including Significant Wave Height (SWH),
wave period, and wave energy potential, which play a
critical role in improving the efficiency of wave energy
conversion systems. The overall framework consists of
several sequential stages, including data acquisition, data
preprocessing, feature engineering, model development,
performance evaluation, and comparative analysis. Each
stage contributes to enhancing the forecasting capability
while ensuring reliable prediction under varying oceanic
conditions.

The first stage involves data acquisition, where
oceanographic and meteorological information is collected
from multiple observation sources such as offshore buoys,
satellite remote sensing systems, wave rider sensors,
weather stations, and publicly available marine databases.
The collected dataset contains environmental variables
including wind speed, wind direction, atmospheric
pressure, sea surface temperature, wave height, wave
period, and ocean current information. Since the raw data
may contain missing values, inconsistencies, and
measurement noise, it is initially processed to improve
overall data quality before model training.

During the data preprocessing stage, several cleaning
operations are performed to prepare the dataset for machine
learning analysis. Missing observations are appropriately
handled, duplicate records are removed, and noisy
measurements are filtered to ensure consistency. The data
is then normalized and transformed into a common
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numerical scale to eliminate variations among different
features. Feature engineering techniques are further applied
to identify the most influential environmental variables
affecting wave energy generation. This process reduces
data redundancy, improves computational efficiency, and
enables forecasting models to learn meaningful
relationships from the available observations.

Following preprocessing, the refined dataset is divided into
training and testing subsets for model development.
Multiple Machine Learning (ML) and Deep Learning (DL)
algorithms are employed to capture the nonlinear
characteristics of ocean wave behavior. Conventional
machine learning techniques such as Random Forest (RF)
and XGBoost are utilized to model complex relationships
between environmental variables and wave characteristics
through ensemble learning. Deep learning architectures
including  Artificial  Neural  Networks  (ANNS),
Convolutional Neural Networks (CNNs), Long Short-Term
Memory (LSTM) networks, Gated Recurrent Units
(GRUs), and Transformer-based models are implemented
to learn spatial and temporal dependencies within
sequential oceanographic data. In addition, hybrid
forecasting models are developed by integrating numerical
ocean wave simulations with deep learning algorithms,
enabling the framework to improve prediction reliability
under highly dynamic marine environments.

After model development, the forecasting performance of
each algorithm is evaluated using widely accepted
statistical performance measures. The predicted wave
parameters are compared with observed values using Mean
Absolute Error (MAE), Root Mean Square Error (RMSE),
Mean Absolute Percentage Error (MAPE), and the
Coefficient of Determination (R2). These evaluation metrics
provide a comprehensive assessment of prediction
accuracy, forecasting stability, and model robustness under
different sea conditions. Comparative analysis is then
performed to identify the most effective forecasting model
based on accuracy, computational efficiency, and
generalization capability.

Finally, the results obtained from different machine
learning and deep learning models are analyzed to
determine their suitability for real-time wave energy
forecasting applications. The comparative evaluation
highlights the advantages of hybrid deep learning
approaches in accurately modeling complex ocean
dynamics while reducing prediction errors compared with
conventional forecasting techniques. The proposed
methodology therefore provides an intelligent, scalable, and
reliable framework for supporting wave energy conversion
systems, renewable energy management, offshore
operational planning, and smart power grid integration. By
combining advanced machine learning algorithms with
comprehensive oceanographic data analysis, the proposed
approach contributes to improving the accuracy and
efficiency of next-generation wave energy forecasting
system.
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IV. EXISTING SYSTEM

Existing wave energy forecasting systems primarily depend
on numerical oceanographic models and conventional
statistical techniques to estimate wave characteristics such
as Significant Wave Height (SWH), wave period, wave
direction, and wave energy potential. Widely used
numerical models, including WAVEWATCH 11 (WW3),
SWAN (Simulating WAves Nearshore), and WAM (WAve
Model), simulate ocean wave behavior using mathematical
equations that describe atmospheric and oceanic
interactions. Although these models provide valuable
forecasts for marine navigation and offshore energy
applications, they require substantial computational
resources and often experience reduced accuracy under
rapidly changing weather conditions or highly nonlinear
ocean environments.

To overcome some of these limitations, researchers have
introduced traditional machine learning techniques such as
Support Vector Regression (SVR), Artificial Neural
Networks (ANNs), Decision Trees, Random Forest (RF),
and XGBoost for wave parameter prediction. These data-
driven approaches utilize historical oceanographic
observations to  identify  relationships  between
environmental variables and future wave conditions.
Compared with conventional numerical models, machine
learning algorithms generally require less computational
time and provide improved prediction accuracy for short-
term forecasting tasks. However, many existing models are
designed for specific datasets or geographical regions,
limiting their ability to generalize effectively across
different marine environments.

Several studies have also investigated deep learning
architectures, including Convolutional Neural Networks
(CNNs), Long Short-Term Memory (LSTM) networks, and
Gated Recurrent Units (GRUSs), to model the temporal and
spatial characteristics of ocean wave data. While these
techniques have demonstrated better forecasting
performance than traditional machine learning algorithms,
their prediction capability may decrease during extreme sea
states or long-term forecasting because of the complex and
dynamic nature of ocean processes. In addition, deep
learning models often require large volumes of high-quality
training data and considerable computational resources,
making practical implementation challenging in some
operational environments.

Although existing forecasting systems have significantly
improved wave prediction accuracy, they still face
challenges related to forecasting uncertainty, model
adaptability, computational complexity, and real-time
performance. Many conventional approaches struggle to
simultaneously capture nonlinear ocean dynamics, long-
term temporal dependencies, and environmental variability.
These limitations highlight the need for more intelligent
forecasting frameworks that integrate advanced machine
learning, deep learning, and hybrid modeling techniques to
achieve higher prediction accuracy, greater robustness, and
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improved reliability for modern wave energy forecasting
and renewable energy management applications.

V. PROPOSED SYSTEM

The proposed system offers an intelligent wave energy
forecasting framework that integrates state-of-the-art
Machine Learning (ML) and Deep Learning (DL)
techniques to improve the prediction of ocean wave
characteristics and renewable energy potential. Unlike
conventional numerical forecasting models that mainly rely
on complex physical equations and significant
computational resources, the proposed framework uses
historical oceanographic observations to automatically
learn the nonlinear relationships among environmental
variables affecting ocean wave behavior. The system is
designed to accurately predict critical wave characteristics
such as Significant Wave Height (SWH), wave period, and
wave energy flow in order to support the efficient operation
of Wave Energy Converters (WECs) and the consistent
integration of renewable energy into modern power
systems.

Obtaining oceanographic and meteorological data from
many sources, including publicly available ocean
databases, offshore buoy stations, satellite observations,
marine sensors, and weather monitoring systems, is the
initial stage in the forecasting process. Among the
parameters collected are wind speed, wind direction, air
pressure, sea surface temperature, ocean current velocity,
wave height, and wave period. Before developing a model,
the raw data is subjected to preprocessing procedures
include data cleansing, handling missing values,
normalization, noise reduction, and feature selection. These
preprocessing techniques improve the quality of the data,
eliminate extraneous information, and ensure that the
learning models receive consistent and pertinent input for
accurate prediction.

Following preprocessing, the acquired dataset is subjected
to several advanced learning algorithms that can replicate
the complex temporal and spatial characteristics of ocean
waves. Traditional machine learning methods such as
Random Forest (RF) and Extreme Gradient Boosting
(XGBoost) are used to develop nonlinear relationships
between environmental variables and wave properties
through ensemble learning techniques. Deep learning
architectures like Artificial Neural Networks (ANNS),
Convolutional Neural Networks (CNNs), Long Short-Term
Memory (LSTM) networks, Gated Recurrent Units
(GRUs), and Transformer-based models are used to
concurrently capture sequential dependencies and dynamic
wave behavior over different forecasting horizons. To
further improve prediction accuracy, the proposed method
makes use of hybrid forecasting models that combine
numerical oceanographic simulations and deep learning
techniques. This makes it possible for the system to benefit
from both physical knowledge and data-driven learning.
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The forecasts are evaluated using popular statistical
performance metrics like Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), Mean Absolute Percentage
Error (MAPE), and the Coefficient of Determination (R?)
after model training. These evaluation measures provide a
comprehensive analysis of computational economy,
prediction accuracy, and forecasting reliability. The various
machine learning, deep learning, and hybrid models are
then compared to identify the optimal forecasting approach
for various marine scenarios and prediction intervals. The
experimental evaluation shows that in terms of forecasting
errors and prediction accuracy, hybrid deep learning models
often perform better than individual machine learning
techniques.

The proposed architecture also makes continuous model
updating easier by incorporating new oceanic data into the
learning process. Because of its adaptive learning
characteristics, the forecasting system can effectively
respond to seasonal variations, extreme weather events, and
changing marine conditions, negating the need for a
complete model redevelopment. This adaptability improves
the forecasting system's operational utility and long-term
dependability in practical maritime energy applications.

All things considered, the proposed method integrates
preprocessing, feature engineering, deep learning, machine
learning, hybrid prediction models, performance
evaluation, and data gathering into a single intelligent
forecasting framework. By combining the benefits of
Random Forest, XGBoost, ANN, CNN, LSTM, GRU,
Transformer models, and hybrid learning approaches, the
proposed method significantly improves the accuracy,
robustness, and computational efficiency of ocean wave
energy forecasting. The developed framework provides a
workable solution to optimize wave energy harvesting,
support offshore renewable energy management, improve
grid stability, and facilitate the widespread deployment of
sustainable ocean energy technologies.

VI. SYSTEM ARCHITECTURE

Wave Energy Forecasting, Performance Evaluation, and
Renewable Energy Applications. These modules operate
sequentially to process raw marine data, develop accurate
prediction models, and generate reliable wave energy
forecasts that support efficient renewable energy
management.

The forecasting process begins with the Data Sources
module, where oceanographic and meteorological
information is continuously collected from multiple
observation platforms, including offshore buoy stations,
satellites, weather stations, and marine sensors. significant
wave height, wave period, ocean current velocity, and wave
energy measurements. Acquiring data from diverse
monitoring systems improves the completeness and
reliability of the forecasting framework by capturing
different aspects of ocean dynamics.
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The collected observations are then transferred to the Data
Collection module, where information from different
monitoring systems is integrated into a unified dataset.
Since the acquired data may contain inconsistencies,
missing values, and measurement errors, it undergoes
further processing before being used for model training.
The Data Preprocessing module performs several
operations, including data cleaning, missing value
handling, normalization, and feature selection.

After preprocessing, the refined dataset enters the Feature
Engineering module, where meaningful features are
extracted from the processed oceanographic data.
Statistical, temporal, spectral, and environmental features
are generated to represent the complex characteristics of
ocean waves. These features enable the forecasting models
to capture nonlinear relationships among different
environmental variables while reducing computational
complexity. Selecting the most informative features also
improves prediction efficiency and minimizes the influence
of irrelevant data during model training.

VII. CONCLUSION

By utilizing historical oceanographic measurements,
meteorological variables, and environmental parameters,
the framework successfully captures complex temporal and
nonlinear relationships that influence wave dynamics. The
incorporation of hybrid learning strategies, combining data
preprocessing, feature engineering, and multiple prediction
algorithms, enhances forecasting precision while reducing
prediction errors compared with conventional statistical
approaches. Such an intelligent forecasting system supports
efficient energy generation, optimal scheduling of wave
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