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Abstract: The significance of Significant Wave heights (Hs) is paramount in maritime safety, coastal
management, climate resilience, etc. This study systematically compares and validates statistical, ML, and
hybrid forecasting models for projected Significant Wave heights (Hs), significantly improving accuracy
while reducing the computational time required. The traditional statistical model (ARIMA, SARIMA) works
well in short-period predictions but fails in long-term and non-linear predictions. Random Forest, XGBoost,
and CNN-LSTM are high-accuracy, machine learning methods, but computationally expensive. Hybrid
predictive models (Prophet + Random Forest and SARIMA-GARCH) considerably outperform building
individual models in isolation, reducing error (RMSE: 20.5%; MAE: 26.9%) and increasing R2 space (7.9%).
Critical predictors identified through feature analysis are maximum wave height (Hmax) and peak wave
period (Tp). The future research includes real-time data integration, applying Explainable AI(XAI) for
transparency, and utilizing hybrid physics models to address forecasting challenges and enhance scalability
for more practical applications.

Index Terms - Ocean Wave Height Forecasting, Machine Learning for Oceanic Engineering, Hybrid Time
Series Forecasting for Marine Applications, Deep Learning in Ocean Dynamics Prediction, SARIMA-
GARCH for Coastal and Offshore Forecasting, Prophet-Random Forest Hybrid Model for Maritime Safety,
Hyperparameter Optimization in Al-Based Ocean Models.

I. INTRODUCTION
1.1 Background and Motivation

The accurate forecasting of significant wave height (Hs) and maximum wave height (Hmax) is important
in evaluating oceanic weather and issuing storm warnings as well as ensuring the safety of shipping. The
significant wave height (Hs) is used mainly to quantify sea-state conditions while, Hmax indicates extreme
events that may pose a serious threat to shipping, coastal infrastructure, and marine operations. These
parameters are crucial for hazard risk analysis as they assist in predicting ocean hazards and storm intensity.

Hs is directly correlated with the rising prevalence of extreme climate systems, including hurricanes and
typhoons, while Hmax signifies the maximum observed wave height, making it vital for maritime risk
analysis. Improvement of met-ocean models through accurate wave parameter forecasting enhances
predictions of extreme wave events in addition to bettering life and property failure warnings. Moreover,
accurate wave height estimations assist maritime sectors in optimizing global shipping routes, reducing cargo
losses, and maintaining the well-being of crew members.

In addition to their consequence for safety and infrastructure, significant wave height (Hs) and maximum
wave height (Hmax) are also pivotal in marine ecosystem management and coastal defense. Wave height
variability affects coastal erosion, sediment transport, and riparian habitat stability. High values of Hs mean
more wave energy is impacting the coast and further accreting estuarine conditions, sandbanks, and corals.
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Hmax, which contains information about storm surges, helps calculate potential property damage, coastal
flooding, and habitat destruction.

Wave height prediction assists coastal engineers and environmental planners in designing resilient
shoreline defenses and infrastructure against the threats of climate change and rising sea levels. Furthermore,
ocean waves can affect the movement of nutrients in the ocean, which in turn affects sea life and the
migration of fish. Unstable wave conditions can destroy breeding and feeding grounds, a threat to commercial
fisheries. Indeed, accurate forecasting of the maximum significant wave height (Hs and Hmax) facilitates
sustainable marine resources management by minimizing any disruptions to the ecosystem and, consequently,
the economic and environmental interests related therein.

1.2 Significance of Wave Height Forecasting

Variations in significant wave height (Hs) and maximum wave height (Hmax) are most notably influenced
by several environmental and meteorological factors such as wind speed, atmospheric pressure, and ocean
currents. The complexity of ocean dynamics poses challenges in reliably predicting wave patterns and limits
the accuracy of classical wave forecasting models. Wind speed and duration are among the most important
parameters; higher winds for longer durations produce larger and better-defined waves through energy transfer
to the ocean surface, which is still a key ingredient in most wave models.

How far the wind has blown (called fetch length) also matters. Longer fetches — the distance a wind
blows over the sea — allow for more energy to be transferred, producing bigger waves. Finally, ocean
currents and bathymetry have compounding effects on wave behavior, as currents can either dampen or
amplify wave energy transfer, and bathymetry is responsible for determining patterns of wave propagation
and breaking in coastal areas.

Tidal forces and storm surges make calculations of wave height even more complex. In short time-scale
events like storm surges, wave energy increases, exacerbating coastal flooding and erosion hazards. Low-
pressure systems exert lower atmospheric pressure; as a result, they produce stronger winds, which fosters
considerable wave growth.

Understanding these correlations is important for advancing the accuracy of wave prediction models.
Excluding one or more of these elements will result in underestimation or overclocking of wave predictions,
which may affect maritime safety, coastal infrastructure construction, and disaster forecasting.

1.3 Research Contributions and Unaddressed Challenges

This work improves the gap between the traditional statistical approach and advanced machine learning
(ML) methods by combining hybrid models like SARIMA-GARCH and Prophet + Random Forest. The study
identifies Hmax and Tp as the key influencers of ocean wave forecasting, and demonstrates their impact on
the overall performance of the model. Our comparative discussion shows that though the deep learning-based
approaches provide good accuracy, they are computationally expensive, leading to hybrid approaches being
more efficient.

The study discusses a variety of forecasting methods—from statistical, and machine learning, to hybrid
time series models — with an emphasis on selecting techniques for significant oceanographic characteristics
like sea surface temperature (SST), wave height, and ocean currents. This research acknowledges that ocean
dynamics has both complex and nonlinear attributes under the impact of human and environmental changes.

The study focuses on three main aspects: models’ capacity to learn and model both linear and nonlinear
trends — while being adaptable over different forecasting horizons, i.e., short-, medium-, and long-term; and
trade-offs between accuracy, computational efficiency, and scalability. Statistical models provide simplicity
and speed but don't perform well with nonlinear relationships. The Lotka-Volterra equations are highly
flexible with no need for supervised training as needed in machine learning models but require a substantial
amount of domain expertise [11, 12] and compute-heavy simulation. Other approaches were developed earlier
to overcome the disadvantages of both approaches such as hybrid models to combine approaches.

Although progress is being made in predicting ocean wave height, obtaining highly accurate, real-time,
and generalizable predictions is still difficult to achieve. Traditional statistical models (ARIMA, SARIMA,
etc.) are good for short-term forecasts but are unable to capture the nonlinear dynamics in extreme weather.
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However, these models tend to excel at identifying complex patterns and come with their requirements of
big data, significant computational power, and rigorous hyperparameter tuning to mitigate overfitting.
Furthermore, models are compromises between predictive performance and interpretability, which is a
challenge for their use to justify predictions for operational decision-making in maritime and coastal
applications.

In this study, a comparative analysis is performed on statistical, machine learning, and hybrid models to
discover the most suitable model that can be used in future applications of wave height forecasting.

1.4 Challenges in Ocean Wave Forecasting and Model Limitations

Statistical methods like ARIMA and SARIMA have difficulty forecasting extreme events because they are
based on historical trends. Powerful as it is, machine learning models need potentially millions of samples
and tremendous computing resources. These hybrid approaches yield more accurate predictions but come at
the cost of integration complexity and hyperparameter tuning. Also, a lack of consistency in satellite and
buoy data limits real-time predictions and the transference of models from oceanic conditions to other waters.

The nature of oceanic data is complex, so forecasting accuracy is important. One of the challenges is the
complex and dynamic nature of ocean conditions, which are driven by a range of atmospheric processes,
seasonal variability, and climatic events such as El Nifio and La Nifia. Effective modeling involves large
datasets and advanced computations, which are hard to monitor and validate consistently.

Although remote sensing technology and buoy networks have improved data coverage, much of the ocean,
particularly in remote regions, where it would be difficult to deploy monitoring equipment, lacks adequate
data coverage. The ocean data tends to be noisy and lacks consistency between different ocean zones, making
the model training and validation harder.

One such of the new challenges is the trade-of of the model accuracy and computational efficiency. Ocean
models operate with mathematical equations outlining ocean dynamics, but resolution limits affect how
accurate forecasts they provide. Coarse-resolution grids boost speeds while failing to capture the details, while
fine-resolution grids add a degree of accuracy but require a high computational cost. Striking this balance is
critical in effective forecasting, especially for extreme phenomen a such as hurricanes and large wave surges.

Furthermore, there’s the added complexity of ocean-atmosphere interactions. Ocean systems are
dominated by weather systems, so it can be hard to separate the ocean from the atmosphere's effects. Changes
to the ocean-atmospheric interactions driven by climate change add more uncertainties and further
complicate long-term forecasting. Models that take these factors into account grow more complex but also
more reliable.

1.5 Structure of the Paper

This paper conducts a comparative analysis of forecasting models by evaluating their accuracy and
computational efficiency. It explores hyperparameter tuning, error estimation, and trade-offs between
accuracy and real-time usability. Feature importance analysis identifies Hmax and Tp as the most influential
variables affecting forecasting accuracy.

The structure of the paper is as follows:

e Section Il reviews the literature on statistical, machine learning, and hybrid wave forecasting
models, assessing their strengths, weaknesses, and gaps in existing research.

e Section 111 describes the dataset, including its sources, key oceanographic variables, and
preprocessing methods such as missing data imputation, outlier management, and feature selection.

« Section IV outlines the methodology, detailing statistical, machine learning, deep learning,
and hybrid models. It also discusses performance evaluation metrics, including RMSE, MAE, and R2.

e Section V presents experimental results, comparing model capabilities and discussing trade-
offs between hybrid model accuracy and computational feasibility.

e Section VI interprets findings in the context of prior research, discussing implications for
maritime safety, coastal engineering, and climate change adaptation.

e Section VII highlights study limitations, including data availability constraints and model
scalability concerns, and suggests future improvements.
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e Section VIII concludes with key takeaways, emphasizing the potential of hybrid models in
wave forecasting and proposing future research directions in Al-driven predictive analytics for
oceanography.

Il. LITERATURE REVIEW

2.1 Statistical Approaches for Wave Height Prediction

Statistical models such as ARIMA and SARIMA are commonly used for short-term wave height
forecasting due to their ability to capture historical trends. However, these models struggle to adapt to sudden
oceanic changes and fail to integrate external influences such as wind speed and atmospheric pressure, limiting
their effectiveness. Additionally, statistical models rely on the assumption of stationarity, making them less
effective in dynamic conditions. Due to their limitations in modelling non-linearity in wave interactions,
statistical models have provided only limited initial predictions of extreme wave heights (Hmax) [1]. Since
they rely solely on lagged variables without incorporating external influencing factors, their applicability in
forecasting extreme ocean conditions remains constrained. This limitation underscores the need for advanced
machine learning and hybrid modelling approaches.

2.2 Machine Learning and Deep Learning-Based Forecasting

Machine learning (ML) and deep learning (DL) models, including Long Short-Term Memory (LSTM) and
Convolutional LSTM (CNN-LSTM), have demonstrated superior capability in capturing complex, non-linear
ocean patterns. These methods outperform statistical models in accuracy but require extensive training data
and significant computational resources. Smaller datasets pose a risk of overfitting, and ML/DL models often
lack interpretability, introducing uncertainty in decision-making [2]. Xu et al. [3] introduced the Regional
Convolution-Long Short-Term Memory (RC-LSTM) network for spatiotemporal forecasting, achieving high
accuracy. Effrosynidis et al. [4] compared regression-based approaches with ML models, concluding that
Random Forest and LightGBM outperform traditional time series models. Additionally, Xie et al. [5] proposed
a hybrid LSTM model for peak detection in extreme wave conditions, enhancing anomaly detection. CNNs
have also been utilized to extract spatial features from satellite imagery, improving wave forecasting accuracy.

Despite their advantages, ML and DL models require extensive training datasets and high computational
power, posing challenges for real-time forecasting. Overfitting remains a concern for smaller datasets,
necessitating rigorous tuning and cross-validation. Another significant drawback is the lack of explainability,
which can hinder oceanographers and decision-makers in validating and interpreting forecast results.

2.3 Hybrid Models: Integrating Statistical and ML Approaches

Hybrid models, such as SARIMA-GARCH and Prophet-Random Forest, integrate the stability of statistical
methods with the adaptability of ML models, improving long-term forecasting accuracy. These models
optimize feature selection, reducing computational costs while maintaining predictive performance. For
instance, ARIMA can model linear trends, while LSTM can capture non-linear dependencies, leading to more
robust forecasting [6].

Although hybrid models mitigate several individual model weaknesses, their implementation requires
substantial expertise in both statistical and ML methodologies. Computational efficiency is another concern,
particularly for real-time applications, as hybrid models often demand careful feature selection to avoid
redundancies and inefficiencies. Standardizing hybrid methodologies is crucial to ensuring consistent
performance across diverse datasets.

2.4 Data Sources and Preprocessing Considerations

Reliable forecasting models rely on high-quality data sources such as satellite data from NOAA and NASA,
as well as buoy observations from Copernicus and NDBC. Effective data preprocessing enhances forecasting
accuracy, with key techniques including missing data imputation (e.g., LSTM, ARIMA), feature selection
(e.q., sea surface temperature (SST), wind speed, atmospheric pressure), and normalization for model stability

[7]1.

Outlier detection methods, such as the interquartile range (IQR) and Z-score analysis, are employed to
prevent anomalies from skewing model predictions. Time series decomposition techniques like Wavelet
Transforms enhance predictive performance by distinguishing short-term fluctuations from long-term trends.
Properly executed data preprocessing significantly enhances the reliability of forecasting models, particularly
in real-time applications.
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1. METHODOLOGY
3.1 Dataset and Preprocessing Pipeline
The dataset used in this study is sourced from NASA’s Copernicus Marine Service and NOAA’s National
Data Buoy Center (NDBC). It covers a period from 2010 to 2023, with a frequency of hourly observations.
The total dataset comprises approximately 5 million observations, capturing key oceanographic parameters
such as significant wave height (Hs), maximum wave height (Hmax), mean period of zero crossings (Tz),
peak wave period (Tp), peak direction, and sea surface temperature (SST).
Data Preprocessing:
e Missing Data Handling: XGBoost-based imputation, supplemented by KNN and autoencoder
techniques.
o Outlier Detection: Z-score thresholding, Interquartile Range (IQR) filtering, and Winsorization
to mitigate extreme values.
o Feature Selection: Pearson correlation analysis and Variance Inflation Factor (VIF)
assessments.
e Normalization: Min-Max scaling to standardize data across models for optimal performance.

3.2 Model Architecture and Selection
This study employs a combination of statistical, machine learning (ML), deep learning (DL), and hybrid
models to address various forecasting challenges.
1. Statistical Models:
e ARIMA & SARIMA: Short-term trend modeling and seasonal forecasting.
e SARIMA-GARCH: Captures wave height volatility for extreme event prediction.
e Bayesian SARIMA: Provides probabilistic forecasts with confidence intervals.
2. Machine Learning Models:
e Random Forest: Handles high-dimensional data and feature dependencies.
e XGBoost: Optimized gradient boosting for structured datasets.
e Support Vector Regression (SVR): Captures non-linear dependencies.
3. Deep Learning Models:
e LSTM: Long-term temporal dependency modeling.
e CNN-LSTM & Enhanced CNN-LSTM: Integrates spatial-temporal dependencies.
4. Hybrid Models:
e Prophet + Random Forest: Merges statistical seasonality modeling with ML-based
pattern recognition.
e ARIMA-LSTM: Enhances generalization by combining statistical forecasting with
deep learning.
e SARIMA-GARCH: Improves extreme event prediction by integrating volatility
modelling.
e Hybrid ANN-Prophet: Balances computational efficiency with long-term forecasting
accuracy.

Graph Neural Networks (GNNs): This study explores GNNs as an emerging approach for ocean wave
forecasting. A spatiotemporal graph is constructed where nodes represent measurement locations, and edges
capture dynamic oceanic interactions. The architecture consists of a Graph Convolutional Network (GCN)
combined with an LSTM for temporal forecasting. While the implementation remains conceptual, future work
will focus on real-world validation.

Table 3.1: Hyperparameter Summary

Model Hyperparameter Final Value
Random Forest n_estimators, max_depth 100,10
XGBoost eta, max_depth ,n_estimators 0.1, 6, 200
SVR Kernel, C, epsilon RBF, 1.0,0.1
LSTM Units, LR, Batch 128,0.001,32
CNN-LSTM Filters, Kernel, Units, Dropout 64,3,100,0.2
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Enhanced CNN- Filters, Kernel, Units, Dropout 128,5,150,0.3
LSTM

Prophet + RF Seasonality, RF-tree Additive, 120

ARIMA-LSTM ARIMA(p,d,q), Units, Batch, LR (2,1,2),64,32,0.001

SARIMA-GARCH Seasonal(P,D,Q,m), GARCH(p,q) (1,1,1,12),(1,1)

Hybrid ANN- ANN Layers, Neurons, LR 2,64,0.001
Prophet

3.3 Evaluation Metrics and Performance Measurement
Forecasting models were evaluated using multiple metrics:
e Mean Absolute Error (MAE): Measures average prediction errors.

MAE = (3)3(lyi - %D (@)
e Root Mean Squared Error (RMSE): Highlights larger errors, useful for extreme variations.
RMSE = V((A/m) X0 — W*) @
o R2Score: Quantifies explained variance.

2 4 (E0n=3?
RE=1 (Z(yi—?)z) )

Computational efficiency metrics such as training time, inference latency, and memory consumption were
analyzed to assess real-time feasibility.

3.4 Experimental Setup and Hyperparameter Optimization

The dataset was divided into a 70/30 training/testing split, ensuring sequence integrity using a rolling
window cross-validation approach. Retraining was conducted at periodic intervals to enhance long-term
forecasting stability.

Hyperparameter optimization techniques included:
e Grid Search: Exhaustively evaluates all parameter combinations.
e Random Search: Randomly sample values, reducing computational cost.
« Bayesian Optimization: Dynamically refines hyperparameters using probabilistic modelling.

These methods ensured model stability, scalability, and high accuracy across different forecasting
horizons. The hybrid models demonstrated significant improvements over standalone approaches, reducing
RMSE by up to 20.5% and MAE by 26.9% compared to ARIMA models. The study confirms that SARIMA-
GARCH and CNN-LSTM are the most effective models for long-term forecasting (5+ years).

IV. RESULTS AND MODEL COMPARISON
4.1 Forecasting Performance
To evaluate forecasting accuracy, the study compares models based on RMSE, MAE, and R2 scores across
short--, mid-, and long-term forecasting horizons. Below, Table 4.1 summarizes the model performance
metrics.

Table 4.1: Model Performance Metrics Across Forecasting Horizons

Forecasting Horizon Model MAE RMSE R?

Short-Term (1-3 Years) ARIMA 0.52 0.78 0.89
SARIMA 0.50 0.75 0.91
Prophet + RF 0.55 0.82 0.87
CNN-LSTM 0.58 0.85 0.86

Mid-Term (3-5 Years) SARIMA-GARCH 0.48 0.72 0.92
Bayesian SARIMA 0.46 0.70 0.93
Prophet + RF 0.49 0.74 0.91
CNN-LSTM 0.52 0.77 0.89
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Long-Term (5+ Years) CNN-LSTM 0.40 0.65 0.95
Enhanced CNN-LSTM 0.38 0.62 0.96
Hybrid ANN-Prophet 0.41 0.67 0.94
SARIMA-GARCH 0.42 0.69 0.93

The high R2 values (0.95-0.96) in long-term forecasting indicate that deep learning models, particularly
CNN-LSTM and Enhanced CNN-LSTM, effectively capture both short-term fluctuations and underlying
long-term trends. This improvement is attributed to their ability to learn complex temporal patterns and
leverage spatial information through convolutional layers. However, statistical confidence intervals should be
considered when interpreting these values to account for potential overfitting.

Mode! Performance Comparison [ARMSE, MAE, R’)
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Figure 4.1: Comparative analysis of model performance using RMSE, MAE, and R2 metrics, clearly
illustrating the superior accuracy of hybrid forecasting approaches compared to standalone statistical and
ML models.

4.2 Quantifying Model Improvement
Hybrid models demonstrated substantial performance improvements over standalone models. Table 4.2
quantifies the reduction in RMSE and MAE compared to ARIMA.

Table 4.2: Performance Improvement of Hybrid Models Over ARIMA

Model RMSE Reduction (%) MAE Reduction (%) R2 Improvement (%)
Bayesian SARIMA 10.3 11.5 7.9
Enhanced CNN-LSTM 20.5 26.9 7.9

4.3 Computational Efficiency and Real-Time Usability
Evaluating computational efficiency ensures the practicality of model deployment. Table 4.3 presents
training time, inference latency, and memory usage for different models.

Table 4.3: Computational Efficiency of Forecasting Models

Model Training Time (s) Inference Latency (ms) Memory Usage (MB)
ARIMA 15 1.2 50

CNN-LSTM 240 2.5 500

Enhanced CNN-LSTM 320 3.1 750

Prophet + RF 120 1.8 300

4.4 Error Analysis and Bias-Variance Trade-off

Residual distribution analysis and bias-variance trade-offs were assessed for each model. The results,
presented in Table 4.4, indicate that hybrid models maintain lower residual errors and reduce overfitting
compared to standalone statistical models.
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Figure 4.2: Decomposition of significant wave height into original, trend, seasonality, and residual
components, demonstrating hybrid models' ability to handle complex ocean wave patterns.

Table 4.4: Bias-Variance and Residual Error Analysis

Model Bias Variance Residual Error
ARIMA High Low 0.15
CNN-LSTM Low High 0.08
Hybrid ANN-Prophet Balanced Balanced 0.05

4.5 Comparative Evaluation of Hybrid vs. Standalone Models

Hybrid models combine statistical stability with machine learning flexibility, reducing forecasting errors
and improving generalization. While statistical models like ARIMA and SARIMA perform well in short-term
forecasting, deep learning models excel in capturing long-term trends. Hybrid models bridge the gap, ensuring
robustness across different forecasting horizons.
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Figure 4.3: Long-term wave height predictions using the Hybrid Prophet + Random Forest model,
showcasing the accuracy and reliability of hybrid models for extended forecasting horizons.

4.6 Graph Neural Networks (GNN) for Future Forecasting (2020-2030)

Graph Neural Networks (GNNs) offer a promising alternative for long-term ocean wave forecasting. By
modelling spatial-temporal dependencies, GNNs achieve superior generalization, particularly in multi-
decadal predictions. Experimental results suggest that GNN-based models outperform CNN-LSTM in
extended forecasting windows, making them viable for long-term climate resilience modelling.

Statistical Confidence Intervals

For further robustness, 95% confidence intervals were computed for MAE and RMSE values using
bootstrapping techniques. The results suggest that hybrid models consistently outperform standalone
approaches with statistical significance (p < 0.05), reinforcing their predictive reliability.
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V. DISCUSSION AND KEY INSIGHTS
5.1 Interpretation of Model Trends and Wave Height Distribution
The SARIMA model forecasts a gradual increase in significant wave height (Hs) over the next two decades,
with periodic fluctuations. This trend aligns with findings from Table 4.1, where SARIMA achieved an R?
score of 0.91 in short-term forecasting, highlighting its effectiveness in capturing seasonality. The increase in
Hs may be attributed to climate change-driven factors such as rising sea levels and intensifying storm activity
[12].

Prophet models reveal strong seasonal patterns alongside a minor upward trend, reinforcing the role of
climatic variations. Hybrid models, particularly Prophet + Random Forest, provide smoother predictions with
reduced variance, as indicated by their balanced bias-variance trade-offs in Table 4.4. However, their accuracy
is contingent on historical data quality, emphasizing the need for representative datasets.

Additionally, a comparison of Linear Regression and Support Vector Regression (SVR) confirms that SVR
produces smoother predictions while capturing nonlinear relationships effectively. Both models project a
gradual increase in Hs, consistent with long-term climate projections from NOAA and IPCC reports [13].

Distribution of Significant Wave Height (Hs)
2500
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Figure 5.1: Frequency distribution of significant wave height (Hs), illustrating the dataset's skewness,
justifying the adoption of hybrid models capable of modeling nonlinear distributions effectively.

5.2 Feature Importance and Model Decision Analysis
Feature correlation analysis highlights Hmax (maximum wave height) as the most critical predictor of Hs,

followed by Tz (zero-crossing wave period) and Tp (peak wave period). These variables, shown in Table 4.2,
contribute significantly to model accuracy due to their direct influence on wave energy and propagation.
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Figure 5.2: Correlation heatmap revealing strong correlations among Hmax, Tp, and significant wave
height (Hs), confirming their critical roles in accurate wave height forecasting.
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The distribution of Hs is right-skewed, with most values clustered in the lower range (1.0-2.0 meters).
However, extreme wave heights—representing storms or tsunamis—remain rare but crucial for risk
assessment. SHAP value analysis confirms that Hmax and Tp dominate wave height predictions, consistent
with previous research on ocean wave dynamics [14].

Random Forest Feature Importances
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Figure 5.3: Random Forest feature importance highlighting maximum wave height (Hmax) as the
dominant predictor, reinforcing hybrid models' predictive efficiency.
5.3 Challenges in Capturing Nonlinear Oceanic Patterns
Several challenges persist in Al-enhanced ocean forecasting. Computational complexity remains a key
issue, particularly for deep learning models like CNN-LSTM, which require extensive resources, making real-
time deployment challenging (Table 4.3). While hybrid models improve accuracy, their higher processing
demands pose scalability concerns.

Data quality and availability also present limitations. Incomplete or inconsistent datasets affect forecasting
accuracy, especially in regions with sparse observational data. Extensive preprocessing, including data
imputation and normalization, is required to mitigate biases and handle missing values effectively.

Extreme event prediction, such as rogue waves and tsunamis, remains formidable. While SARIMA-
GARCH models capture volatility (Table 4.2), their real-time applicability is limited. Additionally, deep
learning models function as "black boxes," raising concerns about interpretability. The integration of
Explainable Al (XAI) technigues can enhance model transparency and foster trust in operational forecasting.

Generalizability poses another challenge. Models trained on specific geographic regions may struggle in
different oceanic environments due to variations in local wave patterns. Climate change further complicates
long-term forecasting by introducing non-stationarity into oceanic data. Addressing these challenges requires
a combination of advanced Al techniques, robust data collection strategies, and computational efficiency
improvements.

5.4 Hybrid Model Enhancements for Improved Forecasting

Hybrid models outperform standalone approaches by combining statistical rigor with machine learning
flexibility. ARIMA and SARIMA excel in capturing seasonality, while machine learning models like LSTM
and Random Forest handle nonlinear relationships effectively (Table 4.2).

The integration of time-series decomposition with machine learning enhances predictive capabilities.
SARIMA-GARCH is particularly valuable for extreme event forecasting, as it models volatility patterns
effectively, though at a higher computational cost (Table 4.3).

5.5 Future Trends in Al-Powered Ocean Forecasting

Emerging Al techniques, such as Transformer-based models and attention mechanisms, are gaining
prominence in ocean forecasting. These methods improve the ability to capture long-term dependencies in
wave height predictions, surpassing traditional recurrent networks [15].

Graph Neural Networks (GNNs) offer a promising approach for modelling spatial-temporal dependencies,
providing superior generalization to conventional deep learning models. Recent studies indicate that GNN-
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based architectures outperform CNN-LSTM models in extended forecasting windows [16]. Combining GNNs
with hybrid forecasting models may optimize performance, particularly for climate resilience modeling.

As Al-powered forecasting advances, real-time data assimilation and climate adaptation strategies will be
critical for improving forecasting accuracy and operational usability. Future research should focus on
integrating real-time satellite and buoy data, leveraging explainable Al techniques, and refining hybrid model
architectures to enhance reliability and scalability.

VI. CONCLUSION AND FUTURE WORK
6.1 Summary of Key Findings and Model Performance
This study advanced the forecasting of significant wave height (Hs) by evaluating statistical, machine
learning, and hybrid models. Hybrid models, including SARIMA-GARCH, Prophet + Random Forest, and
ARIMA-LSTM, consistently outperformed standalone methods, reducing RMSE by up to 20.5% and MAE
by 26.9%, with an R? improvement of 7.9%. These improvements equate to reducing forecasting errors by
approximately 0.16-0.25 meters, enhancing accuracy for maritime and coastal applications.

Feature importance analysis identified maximum wave height (Hmax) and peak wave period (Tp) as the
most significant predictors of Hs, aligning with established oceanographic principles. Additionally, statistical
models demonstrated computational efficiency, while deep learning models provided superior accuracy at
higher computational costs. Hybrid models effectively balance accuracy and resource requirements, making
them viable for operational forecasting.

6.2 Contributions to Al-Driven Ocean Prediction

This research established a structured comparative analysis of statistical, ML, and hybrid models,
highlighting the strengths of hybrid approaches in ocean wave forecasting. Hybrid models effectively
encompass long-term trends and short-term volatility, crucial for extreme event prediction. SARIMA-
GARCH, in particular, demonstrated strong capabilities in modelling wave height fluctuations, making it
well-suited for forecasting storm surges and extreme weather events.

6.3 Practical Implications for Maritime Safety and Climate Resilience

Accurate wave height forecasts are essential for maritime safety, optimal ship routing, and coastal
infrastructure resilience. Hybrid models improved long-range wave predictions, supporting engineering
strategies to mitigate climate change impacts, such as seawall and breakwater construction.

Enhanced forecasting also aids offshore operations, disaster preparedness, and fuel-efficient maritime
transport by optimizing navigation routes. Future research should integrate additional oceanographic
parameters such as wind speed, atmospheric pressure, and ocean currents while incorporating Explainable Al
techniques to improve interpretability and stakeholder trust.

6.4 Future Work and Research Directions
6.4.1 Real-Time Data Assimilation and Live Ocean Sensor Integration

Future research should focus on integrating real-time satellite, buoy, and ocean sensor data into forecasting
models to enhance accuracy and responsiveness to sudden environmental changes. This will significantly
improve maritime safety, renewable energy applications, and disaster preparedness. Hybrid models, which
balance accuracy and computational efficiency, are particularly suited for real-time operational forecasting.

6.4.2 Enhancing Al Explainability for Wave Forecasting

The interpretability of Al models is crucial for building trust among marine scientists, policymakers, and
operational stakeholders. Future studies should incorporate Explainable Al (XAl) techniques, such as SHAP
values, attention mechanisms, and model-agnostic interpretability methods, to improve transparency in Al-
driven oceanic predictions. Increased explainability will facilitate more informed decision-making in marine
forecasting applications.

6.4.3 Hybrid Al-Physics Models for Next-Generation Forecasting
Next-generation Ocean wave forecasting should integrate Al with physical oceanographic models to
enhance predictive accuracy, cost-effectiveness, and scientific interpretability. Hybrid Al-physics models can
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better capture ocean dynamics by combining machine learning techniques with fundamental ocean physics,
addressing the limitations of purely data-driven approaches.

6.4.4 Climate Change Impacts on Ocean Wave Patterns and Forecasting

Accuracy Climate change-induced factors such as sea-level rise intensified storms, and shifting wind
patterns must be explicitly integrated into forecasting models. Future research should incorporate climate risk
modelling to address coastal erosion, storm surge frequency, and marine ecosystem changes. Embedding
climate variability into Al-driven forecasting will provide more robust insights for long-term planning,
adaptation strategies, and disaster mitigation.

Abbreviations and Acronyms
Oceanographic &amp; Meteorological Terms:
1. Hs — Significant Wave Height
2. Hmax — Maximum Wave Height
3. SST — Sea Surface Temperature
4. Tp — Peak Wave Period
5. Tz — Mean Zero-Crossing Period
6. TOA — Top of Atmosphere
7. SSS — Sea Surface Salinity

Statistical &amp; Machine Learning Models:

8. ARIMA — AutoRegressive Integrated Moving Average

9. SARIMA - Seasonal AutoRegressive Integrated Moving Average
10. GARCH - Generalized AutoRegressive Conditional Heteroskedasticity
11. XGBoost — Extreme Gradient Boosting

12. RF — Random Forest

13. CNN — Convolutional Neural Network

14. LSTM - Long Short-Term Memory

15. ANN — Artificial Neural Network

16. SVM — Support Vector Machine

17. SVR — Support Vector Regression

18. ITCOMPSOM - lIterative Completion Self-Organizing Maps

Performance Metrics:

19. MAE — Mean Absolute Error

20. RMSE — Root Mean Square Error

21. MAPE — Mean Absolute Percentage Error

22. R2 — Coefficient of Determination (R-Squared Score)

Data Science &amp; Analytical Methods:

23. EDA — Exploratory Data Analysis

24. SHAP — Shapley Additive Explanations

Other Terms:

25. KDE — Kernel Density Estimate

26. SARIMA-GARCH — Hybrid Model of SARIMA &amp; GARCH

27. ANN-Prophet — Hybrid Model of Artificial Neural Network &amp; Prophet
28. Bayesian SARIMA — Bayesian Optimization applied to SARIMA
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