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A B S T R A C T

Accurate prediction of significant wave height (SWH) is critical for coastal safety, marine operations, and disaster 
management. Traditional numerical models for wave prediction are computationally intensive and often lack 
accuracy, prompting a shift towards data-driven methods. This study explores the efficacy of machine learning 
(ML) models in forecasting SWH in the coastline of North Stradbroke Island, Queensland, Australia. Using a 
dataset spanning 2010 to 2022, the study employs wave characteristics such as maximum wave height (Hmax), 
wave periods (Tz, Tp), peak direction, and sea surface temperature (SST) as predictors. Three ML models—Linear 
Regression, Decision Tree, and Random Forest—were trained and evaluated using performance metrics like 
Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R-squared (R²). The Random Forest model 
demonstrated the best predictive accuracy with the lowest MSE (0.0074) and highest R² (0.958), outperforming 
both Linear Regression and Decision Tree models. This improvement in prediction accuracy supports the model’s 
application for coastal management, ensuring better forecasting of wave conditions. The proposed approach 
shows significant advantages, including better handling of non-linearities and reduced computational costs 
compared to conventional numerical methods, such as SWAN and WAM, making it highly applicable for real- 
time wave forecasting, particularly for regions with complex coastal dynamics such as North Stradbroke Island.

1. Introduction

Extreme marine phenomena impact human life, impede coastal city 
development, and threaten human well-being [1].Hurricanes, in 
particular, are extremely dangerous marine weather phenomena that 
endanger the security and welfare of people living in coastal cities [2]. 
The passage of hurricanes entails intense winds and rainfall. Simulta
neously, the enormous waves generated by hurricanes can cause ships to 
capsize, damage sea platforms, and result in significant disasters for sea 
transportation, construction, and fisheries [3]. Accurate wave prediction 
can mitigate specific disasters and decrease economic losses in marine 
transportation, offshore oil and gas exploration, marine scientific 
research, water operations, and military activities [4].

The marine meteorological environment is highly intricate, charac
terized by a combination of numerous waves originating from various 
directions, each with different amplitudes and periods [5–7]. A single 
wave is often not indicative. As a result, significant wave height (SWH) 
is used as the main ocean wave measurement metric [8,9]. Hence, 

precise analysis and forecasting of ocean waves can furnish essential 
marine meteorological reference parameters for the normal progression 
of maritime activities and prevent the detrimental impacts of extreme 
marine meteorological events on human production and life (“ [10,11])

SWH is a crucial parameter in coastal engineering, marine opera
tions, and disaster management, influencing the design and resilience of 
coastal infrastructure. SWH plays a vital role in various applications, 
such as determining the resilience of coastal infrastructure to wave at
tacks [12], assessing wave overtopping risks [13], predicting wave 
runup [14], scouring [15], pipe soil interactions [16], wave damping
caused by breakwater [17], waves resonance and understanding coastal 
flow slides (=dilative slope failure) mechanisms. Accurately predicting 
SWH is essential for mitigating risks associated with coastal erosion, 
coastal vulnerability [18,19] port design, and marine energy generation 
[20]. Furthermore, SWH forecasting is key for developing sustainable 
wave energy systems and safeguarding offshore installations.

SWH prediction is indispensable for a wide range of activities. It 
supports coastal safety by enabling the forecasting of severe weather 
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events, enhances maritime operations through improved fuel efficiency 
and navigation, and is essential for aquaculture, military operations, and 
the developing wave energy sector [21–24]. Accurate SWH and wave 
period modeling is critical for optimizing wave energy extraction [25].

The growth of offshore industries, particularly marine energy and oil 
and gas, has highlighted the need for refined wave data. Numerous 
studies have been conducted to improve the accuracy and efficiency of 
wave characterization methods to support the design, operation, and 
management of offshore assets [26,27]. Over the years, different 
methods have been developed, ranging from traditional numerical 
models to advanced deep learning techniques.

The Seasat mission, launched in 1978, was a groundbreaking satel
lite dedicated to studying the Earth’s oceans [28]. One of its primary 
instruments was a radar altimeter, which emitted radar pulses towards 
the ocean surface and measured the time it took for the signal to return. 
This technique allowed scientists to determine the height of the ocean 
surface relative to a reference ellipsoid [28–30].

To extract valuable information about ocean waves from the altim
eter data, scientists employed a process called waveform retracking. 
This technique involved modeling the waveform and identifying key 
features, such as the leading edge and peak amplitude. By analyzing 
these features, researchers could estimate the significant wave height 
(SWH), a measure of the average height of the highest one-third of the 
waves.

While Seasat’s radar altimeter provided valuable insights into ocean 
wave conditions, it faced certain limitations. For instance, Seasat 
altimeter required significant calibration and validation efforts to ensure 
the accuracy of altitude, wave height, and wind speed measurements 
[29,30]. Various atmospheric and geophysical effects influenced the 
measurement accuracies, necessitating correction models. A significant 
wave height-dependent bias was identified in Seasat-measured surface 
heights, which could not be neglected for high-accuracy applications. 
The altimeter’s ability to resolve short wavelength geoid features was 
limited, with high coherence only for wavelengths longer than 70 km 
[31]. Oceanographic effects were more significant than instrument noise 
in limiting geoidal resolution thereby affecting its ability to measure low 
wave heights and dynamic height changes accurately [32].

The advent of radar altimetry with the 1985 Geosat mission marked a 
significant milestone in global oceanography. These satellite-borne in
struments transmit radar pulses to the sea surface and record the 
returning signals. To derive crucial parameters like SWH, the received 
waveforms undergo a rigorous analysis process known as waveform 
retracking. This technique involves modeling the waveform and 
extracting relevant information [33].

Earlier studies have indicated that altimeter-derived SWH measure
ments are on par with buoy measurements in open ocean areas. How
ever, validation studies show that altimeter SWH data from Sentinel-3 
and Jason-3 are generally accurate in coastal regions, but errors increase 
near the shore due to tidal currents and water depth variations [34]. 
Sentinel-6 and SARAL/AltiKa altimeters show high accuracy in open 
ocean but face challenges in coastal areas due to environmental in
terferences [33,35].

As can be seen that early methods relied heavily on complex nu
merical models, which were resource-intensive and computationally 
expensive [36].

Numerical models, including SWAN [37,38], WAM, Wave Watch III 
[39–41], and JONSWAP [42], have been employed to study the growth 
and decay of wind-wave energy spectra. These models are used to pre
dict wave characteristics in various ocean conditions, considering fac
tors such as wind fetch, duration, and spatial variability. Numerical 
models for wave prediction are computationally intensive and have been 
criticized for their insufficient accuracy [43,44]. Moreover, the 
requirement for detailed local bathymetry data makes it difficult [44] to 
apply these models consistently across diverse oceanic regions [43]. 
Given the challenges posed by numerical methods in wave parameter 
prediction, researchers have shifted their focus to data-driven modeling. 

These approaches harness the power of data to uncover hidden re
lationships between variables, offering a more efficient and potentially 
accurate solution [45]. Data-driven modeling has become a popular 
approach for predicting wave parameters in coastal and ocean engi
neering. These models utilize meteorological and sensor data to estimate 
spatially variable wave characteristics, including significant wave 
height and period. The field has experienced rapid advancements in the 
application of data-driven methods for wave forecasting over the past 
decade [46].

Past buoy data is commonly used to train forecasting models for 
specific locations. [47] made a foundational contribution by applying an 
ANN to predict wave period and height using wind data at three Indian 
sites, demonstrating the feasibility of data-driven approaches for wave 
forecasting.

Several studies, including those by [48–51] have utilized ANNs for 
wave forecasting. [52]compared SVM with different kernel functions to 
ANNs and found SVM with RBF kernel to be more effective for wave 
height prediction. [53] evaluated multiple soft computing techniques, 
including ANNs, SVMs, Bayesian networks, and ANFIS, for wave height 
forecasting. [54]proposed a genetic programming approach as an 
alternative to numerical models for predicting peak wave height. [55] 
compared MRAN and GAP-RBF with SVR and ELM for SWH prediction 
across multiple locations. [56]assessed the performance of MTEANN 
against SVR and ELM for wave energy flux forecasting at various time 
horizons. [57]further developed the MTEANN model. Ali et al. proposed 
a novel MLR-CWLS model for short-term wave height prediction. 
Furthermore, LSTM neural networks have been utilized to wave height 
forecasting [58–61].

Wavelet-based models are widely used in various fields for signal 
processing, time series forecasting, and other predictive tasks. However, 
these models often face challenges in accurately predicting real-world 
data due to several inherent limitations and improper implementa
tions [62].

The performance of wavelet-based models can be unstable due to the 
empirical selection of wavelet layers, which affects the accuracy of 
predictions. Optimizing wavelet layers can improve prediction accuracy

The evolution of SWH prediction has transitioned from resource- 
intensive numerical models to advanced machine learning techniques. 
Modern approaches, including LR, LSTM, Decision Tree, Random Forest, 
and hybrid models, have significantly improved the accuracy and effi
ciency of SWH predictions. These advancements are crucial for various 
marine and coastal applications, ensuring better preparedness and 
safety.

The primary objective of this study is to investigate the effectiveness 
of machine learning models in predicting significant wave height (SWH) 
of North Stradbroke Island, Queensland, Australia. This study introduces 
a novel approach by incorporating a comparative analysis of three 
distinct machine learning models—Linear Regression, Decision Tree, 
and Random Forest—using a comprehensive dataset spanning from 
2010 to 2022. This comparative analysis has not been extensively 
explored in previous research, particularly in the context of regions with 
complex coastal dynamics like North Stradbroke Island. Moreover, the 
novel part of this study is to investigate the impact of feature variables 
(maximum wave height (Hmax), wave periods (Tz,Tp), peak direction, 
and sea surface temperature (SST) on target variable (significant wave 
height, Hs), with a specific focus on these three ML models alongside 
their learning curves of the models to provide a deeper understanding of 
their performance and reliability. This study introduces a novel 
approach by incorporating feature and target variables, which has not 
been exclusively explored in previous research. The findings from this 
study are expected to provide new insights into SWH, which could have 
significant implications for coastal management, marine operations, and 
disaster management. Specifically, this study aims to answer the 
following research questions: Specifically, this study aims to answer the 
following research questions:

How do different machine learning models (Linear Regression, 
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Decision Tree, and Random Forest) compare in terms of accuracy and 
reliability in predicting significant wave height?

What are the key predictors (e.g., maximum wave height, wave pe
riods, sea surface temperature) that most significantly influence the 
accuracy of these models?

How can the integration of multiple wave characteristics enhance the 
predictive performance of machine learning models?

By addressing these questions, this study seeks to fill a critical 
knowledge gap in the field of coastal engineering and marine science. 
The novelty of this research lies in its comprehensive evaluation of 
machine learning models in a specific coastal region with unique wave 
dynamics. Previous studies have often focused on individual models or 
generalized approaches without considering the specific characteristics 
of the study area. This research, therefore, provides a more tailored and 
context-specific analysis, which is crucial for developing accurate and 
reliable wave height prediction models.

The paper is structured to first introduce the importance of accurate 
wave height prediction and discuss the limitations of existing methods. 
It then outlines the study area and data, detailing the ML models and 
algorithms used, along with the data preprocessing, model training, and 
evaluation processes. Following this, the results of the ML models are 
presented, including a comparison of their performance. The discussion 
highlights the implications of these findings for improving SWH pre
diction. The paper concludes with a summary of the key outcomes and 
acknowledges the limitations of the study.

2. Study area and data

2.1. Sites selection and description

The value of data is getting more and more indispensable for scien
tific researchers because of its critical role in driving evidence-based 
decision-making, enabling accurate predictions, validating hypotheses, 
and fostering innovation across diverse fields through advanced 
analytical and computational tools [63]. The region of interest for wave 
height prediction encompasses North Stradbroke Island, located in 
Moreton Bay, Queensland, Australia. The island is situated approxi
mately 30 km southeast of Brisbane (Fig. 1).

The economy and industry of coastal regions, including North 
Stradbroke Island, are heavily influenced by marine and coastal activ
ities. Accurate SWH predictions can significantly benefit the local 
economy by improving the safety and efficiency of maritime operations, 
which are vital for trade and transportation. Enhanced wave forecasts 
can aid in the planning and execution of offshore projects, such as oil 
and gas exploration and marine renewable energy installations, thereby 
boosting industrial growth.

Furthermore, the tourism industry, which is a major economic driver 
for many coastal regions, can benefit from reliable wave height pre
dictions. Ensuring the safety of water sports enthusiasts and beachgoers 
can enhance the attractiveness of coastal destinations. Additionally, 
accurate wave forecasts can help in the management and preservation of 
coastal ecosystems, which are crucial for maintaining biodiversity and 
supporting fisheries.

By addressing these economic and industrial impacts, this study 
underscores the broader significance of improving SWH prediction 
models. The findings from this research are expected to contribute to 
safer and more efficient coastal and marine operations, ultimately sup
porting the sustainable development of coastal regions.

This region was chosen for its critical importance in wave height 
prediction, attributed to the following key factors: 

i. The island boasts a diverse coastline featuring various beaches, 
points, and bays [64]. This complexity creates unique wave 
refraction and diffraction patterns, influencing the distribution 
and intensity of waves across different areas of the island 
(Edward [65]).

ii. North Stradbroke Island’s eastern coastline is directly exposed to 
the vast expanse of the Pacific Ocean. This exposure makes the 
island susceptible to receiving swells generated by distant storms 
and weather systems, leading to larger waves and a greater po
tential for hazardous conditions [66].

iii. The ocean floor surrounding North Stradbroke Island exhibits 
varying depths and contours [67]. These bathymetric features 
interact with incoming swells, modifying wave heights and di
rections as they approach the island. Shallow areas can cause 

Fig. 1. The geographical context of the dataset for the region of interest.

A. Durap                                                                                                                                                                                                                                          Results in Engineering 24 (2024) 103573 

3 



waves to shoal and increase in height, while deeper channels can 
focus wave energy, leading to concentrated wave patterns [68].

iv. The island’s location and surrounding topography create unique 
wind patterns that can significantly influence wave height. 
Strong onshore winds can enhance wave steepness and height, 
while offshore winds can groom the wave faces and reduce wave 
height [69].

v. North Stradbroke Island is a popular destination for surfers and 
other water sport enthusiasts [70]. Accurate wave height pre
diction is crucial for ensuring the safety and enjoyment of these 
activities, as well as for managing coastal erosion and protecting 
infrastructure [71,72].

vi. Data collected from North Stradbroke Island is valuable for 
refining regional wave models, which are used to forecast wave 
conditions across a wider area. By understanding the unique 
wave characteristics of the island, scientists and meteorologists 
can improve the accuracy of wave forecasts for the entire 
southeastern Queensland coastline.

2.2. Dataset acquisition and preparation

This study employed a dataset of wave characteristics obtained from 
a CSV file within the Queensland Government Open Data Portal. The 
dataset includes measurements such as significant wave height (Hs), 
maximum wave height (Hmax), zero-upcrossing wave period (Tz), peak 
energy wave period (Tp), peak direction, and sea surface temperature 
(SST). The research objective centers on predicting significant wave 
height (Hs) using the remaining features as predictors. A snippet dataset 
used in this study were shown in Figs. 2 and 3 as examples.

For analysis, the data was structured into a pandas DataFrame. The 
dataset was checked for missing values, and none were found. Subse
quently, the data was divided into input features (X), comprising Hmax, 
Tz, Tp, peak direction, and SST, and the target variable (y), representing 

Hs. To ensure optimal performance of machine learning algorithms, 
features were standardized using the StandardScaler method. This 
guarantees that all features have a zero mean and unit variance, placing 
them on a comparable scale.

2.2.1. Feature selection and engineering techniques
For this analysis, all available features within the dataset were 

employed without additional feature engineering. This decision was 
justified given that the features were entirely numerical and deemed 
relevant to the predictive task.

2.2.2. Overview of the machine learning algorithms considered for 
prediction

Three machine learning algorithms were investigated for their pre
dictive modeling capabilities, including linear regression, decision tree 
regression, and random forest regression.

The predictive modeling potential of these machine learning algo
rithms was assessed,

The selection of these models was based on their ability to effectively 
handle both linear and non-linear relationships between the input fea
tures and the target variable. 

• Linear Regression: Assumes a linear relationship between the input 
features and the target variable [73].

It assumes a linear relationship between features (represented by the 
vector x) and the target variable (y) [74]. This relationship is expressed 
in the equation: 

y = β0 + β1x1 + β2x2 + … + βnxn + ε (1) 

• β₀₀ is the intercept, signifying the predicted value of y when all 
features are 0.

Fig. 2. SWH and Hmax time series.
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• β₁₁ to βₙn are the regression coefficients, quantifying the impact of 
each feature on y.

• ε represents the error term, capturing discrepancies between the 
model’s predictions and actual values.

• Decision Tree Regression: Builds a tree-like model of decisions based 
on the input features [75].

Decision Tree Regression tackles nonlinear relationships by repeat
edly splitting the data space based on feature values, building a tree-like 
structure [76]. Each internal node represents a feature-based decision, 
and leaf nodes predict target values based on the data that reaches them.

The equation at each node can be summarized as:
if 〈condition on a feature〉 then go left else go right 

• Random Forest Regression: An ensemble method that combines 
multiple decision trees to make a prediction [77].

It builds upon Decision Tree Regression by creating an ensemble of 
many decision trees, each trained on a bootstrapped sample of the 
original data and a random subset of features. Final predictions are made 
by averaging the predictions of all trees.

The combined equation can be seen as: 

Fig. 3. Tp and Tz time series.

Fig. 4. Time series of significant wave height used in ML.
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ŷ = (1 /T) ∗
∑

i
∧Tŷi (2) 

• T is the number of trees.
• ŷᵢi  is the prediction of the i th tree.

2.2.3. Model training and validation procedures
Models were trained on an 80 % subset of the data and subsequently 

evaluated using a held-out test set comprising the remaining 20 % [78]. 
This data partitioning strategy ensured that model performance was 
assessed on unseen data. Fig. 4.

2.2.4. Performance metrics used to evaluate the models
The efficacy of various machine learning models (in this case, Linear 

Regression, Decision Tree, and Random Forest) is commonly assessed 
through quantitative performance metrics. Key metrics employed for 
evaluation include Mean Squared Error (MSE), Root Mean Squared Error 
(RMSE), Mean Absolute Error (MAE), and R-squared (Coefficient of 
Determination). These metrics provide distinct insights into the preci
sion and predictive power of the models under consideration.

Explicating the Metrics
Mean Squared Error (MSE): This metric quantifies the average 

squared discrepancy between predicted values and their corresponding 
observed values. The squaring operation accentuates the impact of 
outlying errors. MSE is particularly relevant when penalizing large er
rors is prioritized [79]. 

MSE =
1
n
∑n

i=1
(Yi − Ŷ i)

2 (3) 

Root Mean Squared Error (RMSE): This widely used regression 
metric measures the average magnitude of prediction errors [80]. It is 
sensitive to large errors, making it suitable when such errors are 
particularly undesirable. 

RMSE =
̅̅̅̅̅̅̅̅̅̅
MSE

√
(4) 

Mean Absolute Error (MAE): This metric calculates the average 
magnitude of prediction errors without the squaring operation inherent 
to RMSE [81]. Consequently, it exhibits reduced sensitivity to outliers 
compared to RMSE. 

MAE =
1
n
∑n

i=1
|Yi − Ŷ i| (5) 

R-squared (R²): This statistical measure indicates the proportion of 
variance in the dependent variable that can be explained by the inde
pendent variable(s) within a regression model [82]. It provides an 
indication of how well the model’s predictions align with the observed 
data, with higher values implying a better fit. 

R2 = 1 −

∑n
i=1(Yi − Ŷ i)

2

∑n
i=1(Yi − Y)2 (6) 

Where: n is the total number of observations
Yi is the actual value,
Ŷi is the predicted value,
Y‾ is the mean of the actual values.
Step by step procudere of this paper is given (Fig. 5). Fig. 6.

3. Experimental results

The analysis utilizes a dataset of wave measurements collected in 
North Moreton Bay between 2010 and 2022. This dataset includes 
variables such as significant wave height (Hs), maximum wave height 
(Hmax), zero-upcrossing wave period (Tz), peak energy wave period 
(Tp), peak direction, and sea surface temperature (SST). The primary 
focus of this analysis is the prediction of significant wave height (Hs).

These machine learning models, including linear regression, random 
forest regression, and decision tree regression, were trained for this task. 
Model performance was evaluated using metrics such as Mean Squared 
Error (MSE), Root Mean Squared Error (RMSE), and R-squared (coeffi
cient of determination) (Table 1). The learning curves were generated to 
visually represent the performance of the models in relation to the size of 
the training set.

Model prediction accuracy and reliability were evaluated using the 
following metrics: Mean Squared Error (MSE), Root Mean Squared Error 
(RMSE), and R-squared (coefficient of determination). Lower MSE and 
RMSE values indicate superior model performance, while a higher R- 
squared (closer to 1) signifies a model’s ability to explain a greater 
proportion of variance in the target variable. Further assessment of 
model reliability could involve residual analysis (examining the differ
ences between actual and predicted values), though this step remains to 
be conducted.

Model prediction accuracy and reliability were assessed using Mean 
Squared Error (MSE), Root Mean Squared Error (RMSE), and R-squared 
(coefficient of determination). Lower MSE, RMSE values indicate better 
performance, while a higher R-squared (closer to 1) suggests that the 
model explains a larger proportion of the variance in the target variable.

While the linear regression model has a high R² (0.9493), indicating 
it explains a significant portion of the variance in the data, its error 
metrics (MSE, RMSE) are relatively high. This suggests the model cap
tures the overall trend but may have less accuracy in individual 
predictions.

The decision tree model shows improved error metrics compared to 
linear regression, indicating better overall predictive accuracy. How
ever, its R² (0.9182) is slightly lower, suggesting it may capture slightly 
less of the underlying data structure compared to the linear model.

The random forest model exhibits the lowest error metrics and a high 
R² (0.9583), indicating superior predictive accuracy and the ability to 
explain a large portion of the variance in the target variable. This sug
gests the random forest model is the most effective among the three for 
this wave prediction task.

Further support for the random forest’s effectiveness comes from 
examining the cumulative proportion of variance explained by the 
principal components (PCs) for each model. This plot reveals how well 
each model captures the variability in the data (Fig. 7).

Key Observations:
Linear Regression: This model exhibits the lowest cumulative 

explained variance ratio, indicating that it struggles to capture the data’s 
underlying structure. It requires a greater number of PCs to explain a 
significant portion of the variance.

Decision Tree: The Decision Tree model performs moderately better, 
with a slightly higher cumulative explained variance ratio. It captures 
more variability than Linear Regression but still falls short of the random 
forest.

Random Forest: Standing out as the most effective model, the 
Random Forest achieves the highest cumulative explained variance 
ratio. This demonstrates its ability to capture the most variability in the 
data using the fewest PCs, further reinforcing its role as the most reliable 
approach for this prediction task.

We also employed violin plots to visualize the distribution of eval
uation metrics (Mean Squared Error, Root Mean Squared Error, Mean 
Absolute Error, and R-squared) for the linear regression, decision tree 
regression, and random forest regression models. Violin plots combine 
the insights of a box plot with a kernel density estimate, revealing the 
shape of the distribution for each metric. This allows for a detailed 
comparison of the models’ performance across metrics. (Fig. 8)

The width of each violin plot reflects the density of scores. Ideally, a 
model would exhibit a narrow distribution at lower error metrics (MSE, 
RMSE, MAE) and a wider distribution at higher R-squared values, 
indicating superior performance. Learning curves (Fig. 5) offer another 
valuable visualization technique, depicting how model performance 
improves with experience, further aiding in evaluation. (Fig. 8). Fig. 9.
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Fig. 5. The framework architecture, illustrating the steps involved in the wave height prediction process.
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The learning curves depict all three models improving in perfor
mance as the number of training examples increases. Training and cross- 
validation scores generally converge, indicating that the models are 
learning without significant overfitting.

The slight gap between training and validation scores in the linear 
regression model suggests it may benefit from increased complexity to 
better capture patterns in the data.

The decision tree model shows consistently high training scores and 
improving validation scores with more data, indicating strong 

performance and good generalization ability.
The random forest model exhibits the best learning curves. Its high 

training and validation scores with minimal gap between them suggest 
superior performance without overfitting. This suggests that the model 
is well-suited for this task.

Based on these metrics, the random forest model performs best for 
this task, followed by the decision tree and then linear regression. 
However, remember that model choice depends on multiple factors, 
including interpretability, training time, and the specific needs of the 
project.

Fig. 10 compares the predicted significant wave height against the 
observed values for the linear regression, decision tree, and random 
forest models. The ideal scenario is represented by the diagonal black 
line, where predicted and observed values would perfectly align.

The linear regression model (left plot) performs well for lower sig
nificant wave heights, with predictions clustering near the ideal line. 
However, its performance degrades for larger wave heights, where the 
data points deviate from the line. This suggests the linear model may 

Fig. 6. Step-by-step methodical exploration of the machine learning workflow of this study.

Table 1 
Model Performance Evaluation Metrics.

ML Models MSE RMSE R-squared

Linear Regression 0.0089 0.0947 0.9493
Decision Tree 0.0144 0.1202 0.9182
Random Forest 0.0074 0.0858 0.9583

Fig. 7. Cumulative Explained Variance by Model.
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Fig. 8. Score Distributions: Linear, Decision Tree, and Random Forest Regression Models. ’Violin’ widths show density across evaluation metrics, revealing dis
tribution patterns.

Fig. 9. Learning Curves for MLs Predicting SWH.

Fig. 10. Scatter Plots: Linear, Decision Tree, and Random Forest for Wave Height Prediction.
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struggle to capture the complexity of the relationship at higher wave 
heights. Fig. 11.

Table 2 analyzes residuals (the differences between actual and pre
dicted values) for linear regression, decision tree regression, and random 
forest regression models. The description column highlights the re
siduals’ distribution, aiding in the identification of potential biases and 
the assessment of model fit.

A comparison between the final prediction (3.47) and the true value 
(3.50) reveals a minimal difference, further confirming the model’s 
accuracy (see Fig. 12). This observation aligns with the analysis of re
siduals presented in Table 2, where the random forest model consis
tently exhibits a tight clustering of residuals around the zero line.

While the model’s accuracy is evident in its minimal prediction error 
(Fig. 12), a deeper dive into feature relationships can provide further 
insights. To explore these interdependencies, we calculated the corre
lation matrix of the dataset (Fig. 13).

The correlation matrix of the dataset was calculated to examine the 
relationships between features and the target variable. A correlation 
matrix measures the strength and direction of linear associations be
tween variable pairs. This analysis aids in comprehending how changes 
in one variable may correspond to changes in another.

The correlation matrix was visualized using a heatmap. This color- 
coded representation depicts the correlation coefficient for each vari
able pair. Correlation coefficients range from − 1.0 (strong negative 
correlation) to 1.0 (strong positive correlation), with values near 
0 indicating a weak or absent relationship.

Based on the analysis of the heatmap, it is evident that a robust 
positive correlation exists between the variables ’Hs’ (Significant wave 
height) and ’Hmax’ (The maximum wave height in the record). This 
observation is logical, as it is anticipated that the maximum wave height 
would correspondingly rise with an increase in the significant wave 
height.

Likewise, there exists a significant positive correlation between ’Tp’ 
(The peak energy wave period) and ’Hs’. This phenomenon may be 
attributed to the fact that larger waves generally possess a greater 
amount of energy, thereby leading to an extended duration of peak 
energy wave period.

In contrast, the analysis reveals a limited or negligible correlation 
between the approximation of sea surface temperature (SST) and sig
nificant wave height (Hs), suggesting that SST may not possess strong 
predictive capabilities for Hs. However, even the correlation between 
wave direction and sea temperature was not captured as big as Hs and 
Hmax. It concluded that wind patterns, ocean currents, and local ge
ography influence wave direction. This observation underscores the 
indirect impact of wave characteristics on sea surface temperature, 
which occurs through their influence on mixing and heat/moisture ex
change mechanisms (Fig. 14).

Understanding the relationship between sea surface temperature 
(SST) and wave direction is crucial for assessing climate change impacts 
on coastal regions. This knowledge informs adaptation strategies, sus
tainable coastal management practices, and the protection of vulnerable 
communities and ecosystems.

These insights into variable relationships are valuable for feature 
selection in machine learning model development.

This analysis aids in forecasting significant wave height, a vital 
parameter for navigation, offshore engineering, and coastal manage
ment. Model comparisons help identify the optimal algorithm for this 
task. However, remember that the best model depends on specific 
application needs, including the balance between accuracy and 
computational efficiency.

Our analysis shows that the random forest regression model offers 
the best predictive performance for significant wave height. This is 
supported by its strong learning curves and favorable performance 
metrics. The model demonstrates a good balance of bias and variance, 
evident in the minimal gap between training and validation scores.

To gain a deeper understanding of the factors driving the model’s 
predictions, we analyzed the feature importance plot (Fig. 15). This 
visualization reveals the relative contributions of each predictor to the 
model’s accuracy.

The feature importance plot illustrates the relative contributions of 
various predictors used by the Random Forest model to forecast signif
icant wave height (SWH). The analysis reveals that Hmax (Maximum 
Wave Height) is the most influential feature, contributing approximately 
35 % to the model’s predictive power. This is expected as maximum 
wave height directly correlates with the overall wave energy and, 
consequently, the significant wave height.

Following Hmax, Tz (Zero-upcrossing Wave Period) accounts for 
around 25% of the model’s importance, suggesting that the period at 
which waves pass a certain level is a critical factor in determining wave 
height. Tp (Peak Energy Wave Period), which represents the period at 
which the wave energy is concentrated, contributes about 20 %, rein
forcing its role in characterizing wave dynamics.

Peak Direction and Sea Surface Temperature (SST) each contribute 
10 % to the model’s predictions. While these features are less influential 

Fig. 11. Residuals vs. Predicted Values Scatter Plots: Linear, Decision Tree, and Random Forest Regression Models.

Table 2 
Comparison of Model Residuals: Assessing Bias and Accuracy.

Model Residuals Description

Linear 
Regression

Generally centered around the zero line, with no clear pattern or 
trend. Suggests the model is unbiased.

Decision Tree Centered around the zero line with some noticeable outliers. 
Largely unbiased.

Random Forest Closely centered around the zero line with a tight clustering. 
Indicates the model is very accurate and unbiased.
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than the wave height and period metrics, they still provide valuable 
information. The direction of the peak energy and the temperature of the 
sea surface likely affect wave patterns and energy distribution, thereby 
influencing significant wave height.

The plot highlights the importance of incorporating multiple wave 
characteristics into predictive models, with some features having more 
substantial impacts on predictions than others. This insight is crucial for 
developing robust models that accurately forecast significant wave 
height, which is essential for marine operations and coastal 
management.

4. Discussion

Extreme marine phenomena have substantial impacts on human life, 
hindering the development of coastal cities and threatening human well- 
being [4]. Among these phenomena, hurricanes pose significant risks 
due to their intense winds and rainfall, which can lead to severe con
sequences for marine transportation, offshore structures, and coastal 
regions [83]. Accurate wave prediction is critical for mitigating specific 
disasters and reducing economic losses in marine transportation, 
offshore oil and gas exploration, marine scientific research, and military 

Fig. 12. Histogram illustrating the distribution of predicted significant wave heights from a random forest ensemble.

Fig. 13. Heatmap of the correlation matrix for the North Moreton Bay wave dataset.
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activities [4]
The marine meteorological environment is complex, characterized 

by numerous waves originating from various directions with different 
amplitudes and periods. SWH serves as a primary metric for ocean wave 
measurement due to its practical value in simplifying wave analysis 
[84]. Over the past few decades, methods for predicting SWH have 
evolved, with the third-generation wave model being the most widely 
used numerical model for wave prediction. Key models include the 
Wave Model (WAM), proposed in 1988, the Simulating Waves Near
shore (SWAN) model, developed in 1999, and the WAVEWATCH III 
model introduced in 2002 [84]. However, despite their advancements, 
these models still rely on numerous empirical parameters, limiting their 
accuracy in wave simulation [85].

One of the key challenges is the inability to fully capture the strong 
nonlinear physical processes and mechanisms that govern ocean wave 
behavior, which remain poorly understood [86]. Another significant 
limitation is the computational cost and time associated with traditional 
numerical models. These methods often require extensive computa
tional resources and long processing times to simulate wave behavior 
accurately [87]. Additionally, traditional models can struggle hard with 
accurately predicting wave conditions in complex environments, such as 

ports and terminals, where wave energy interactions with structures like 
breakwaters and seawalls add further complications [88].

The rise of machine learning has brought significant progress to 
various fields, including SWH prediction, due to its strong nonlinear 
learning capabilities, low computational costs, and quick calculation 
speeds [14]

Accurate wave height predictions are crucial for various industries, 
including maritime safety, offshore operations, and coastal engineering. 
For example, accurate SWH forecasts help in planning ship routes to 
avoid rough seas, ensuring the safety of crews and cargo. In offshore 
industries, precise wave height predictions are essential for designing 
and operating platforms and wind turbines to withstand wave loads. In 
coastal engineering, understanding wave impacts aids in planning beach 
replenishment, constructing coastal protection structures, and man
aging coastal areas effectively.

This study demonstrated that the Random Forest (RF) model out
performed Linear Regression and Decision Tree Regression in predicting 
significant wave height (SWH) in the region of North Stradbroke Island.

The RF model achieved the lowest Mean Squared Error (MSE) and 
Root Mean Squared Error (RMSE), and the highest R-squared (R²) value, 
indicating superior predictive accuracy and reliability.

Fig. 14. Relationships and Influences Explaining the Correlation between Sea Surface Temperature and Wave Direction.

Fig. 15. Feature importance.
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The superior performance of the RFR model is attributed to its ability 
to handle both linear and non-linear relationships and its ensemble 
approach, which reduces overfitting and improves generalization.

The feature importance analysis revealed that maximum wave height 
(Hmax) was the most influential predictor, followed by zero-upcrossing 
wave period (Tz) and peak energy wave period (Tp). This aligns with the 
physical understanding that larger waves generally have higher energy 
and longer periods.

The Linear Regression model, despite its high R² value, showed less 
accuracy (for this study) in predicting individual wave heights, partic
ularly at higher values, suggesting it may not fully capture the complex 
relationships in the data.

The Decision Tree model, while better than Linear Regression in 
terms of error metrics, had a slightly lower R², indicating it might cap
ture less of the underlying data structure.

The findings underscore the potential of machine learning models, 
particularly Random Forest, in improving the accuracy of SWH pre
dictions, which is crucial for coastal management, marine operations, 
and the safety of water sports enthusiasts.

The findings align with previous studies that have highlighted the 
effectiveness of machine learning models in wave height prediction. For 
instance, [49] and demonstrated the accuracy of Random Forest and 
Support Vector Machine models in short-term wave height prediction.

Ikram et al. [89] compared various regression techniques, including 
Random Forest, for predicting significant wave heights and found that 
Random Forest models provided robust performance across multiple 
time horizons.

Zhou et al. [90] employed a hybrid model combining Empirical 
Mode Decomposition and Long Short-Term Memory networks for sig
nificant wave height forecasting, achieving improved accuracy over 
traditional models. This supports the notion that advanced machine 
learning techniques can enhance prediction accuracy.

Accurate SWH forecasts can enhance maritime safety by aiding in the 
planning of ship routes to avoid rough seas, ensuring the safety of crews 
and cargo.

In offshore industries, precise wave height predictions are essential 
for designing and operating platforms and wind turbines to withstand 
wave loads.

For coastal engineering, understanding wave impacts aids in plan
ning beach replenishment, constructing coastal protection structures, 
and managing coastal areas effectively.

The study relied on a dataset from a specific region (North Strad
broke Island), which may limit the generalizability of the findings to 
other coastal areas with different wave dynamics.

The models were trained on historical data, and their performance in 
real-time forecasting scenarios was not evaluated.

The study did not incorporate additional variables such as wind 
speed, direction, and atmospheric pressure, which could potentially 
improve the predictive capabilities of the models.

Future studies should explore the integration of additional variables 
like wind speed, direction, and atmospheric pressure to enhance the 
predictive accuracy of ML models.

Investigating the performance of other machine learning algorithms, 
such as neural networks and gradient boosting machines, could provide 
valuable insights into the potential of different approaches for SWH 
forecasting.

5. Conclusion

This study evaluates the predictive capabilities of machine learning 
(ML) models—Linear Regression, Decision Tree, and Random Forest
—for forecasting significant wave height (SWH) in the complex coastal 
dynamics of North Stradbroke Island, Queensland, Australia. The 
Random Forest model emerged as the most effective, achieving the 
lowest Mean Squared Error (MSE), Root Mean Squared Error (RMSE), 
and the highest R-squared (R²) value. Its ensemble approach, which 

balances bias and variance effectively, enables accurate predictions 
across diverse wave conditions.

The findings have significant engineering applications. Accurate 
SWH predictions are essential for designing coastal infrastructure such 
as breakwaters, seawalls, and offshore platforms, ensuring resilience 
against extreme wave forces. The Random Forest model can enhance 
maritime safety by providing precise wave forecasts for navigation and 
offshore energy operations, minimizing risks and optimizing resource 
utilization. It also supports disaster management strategies by enabling 
early warning systems for storm surges and coastal erosion. The incor
poration of key predictors—maximum wave height (Hmax), wave pe
riods (Tz and Tp), and sea surface temperature (SST)—into decision- 
making frameworks can facilitate tailored solutions for coastal plan
ning and marine operations.

Beyond coastal management, the methods and results of this study 
can be extended to similar environmental problems where predictive 
accuracy is critical. For instance, the Random Forest model could be 
adapted to forecast riverine flood levels, assess sediment transport in 
estuaries, or model water quality dynamics in aquatic ecosystems. Its 
ability to handle non-linear interactions and incorporate diverse envi
ronmental variables makes it a versatile tool for predicting hydrody
namic and environmental phenomena. Applications could include 
optimizing water resource management, improving flood risk assess
ments, and aiding habitat conservation efforts.

Despite its strengths, this study has limitations, including reliance on 
historical data and the exclusion of additional meteorological variables 
such as wind speed and atmospheric pressure. Future research should 
explore integrating real-time datasets and advanced hybrid machine 
learning models to enhance predictive accuracy and broaden applica
bility to diverse environmental settings.

This study underscores the transformative potential of data-driven 
methodologies in addressing environmental challenges. By offering a 
reliable and efficient alternative to traditional numerical models, the 
proposed Random Forest-based framework serves as a powerful tool for 
sustainable coastal planning, risk mitigation, and environmental man
agement. Its adaptability ensures relevance across a spectrum of envi
ronmental issues, paving the way for innovative and practical solutions.

6. Limitations and future research

In this section, the limitations of the study are acknowledged, and 
several directions for future research are suggested. It is important to 
recognize these limitations to provide a comprehensive understanding 
of the study’s scope and to identify areas where further investigation 
could yield valuable insights. By addressing these limitations, the study 
aims to pave the way for future research that can build upon the findings 
and explore new dimensions of the topic.

6.1. Limitations

• Regional Specificity: Our study focused on North Stradbroke Island, 
which means the findings might not be directly applicable to other 
coastal areas with different wave dynamics (like these site-specific 
cases [91–97]).

• Historical Data: The models were trained using historical data, so 
their performance in real-time forecasting scenarios was not 
evaluated.

• Additional Variables: We did not include other potentially influential 
variables such as wind speed, direction, and atmospheric pressure, 
which could improve the models’ accuracy.

6.2. Future research

• Incorporating More Variables: Future studies should include addi
tional variables like wind speed, direction, and atmospheric pressure 
to enhance the predictive accuracy of the models.
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• Exploring Other Models: Investigating the performance of other 
machine learning algorithms, such as neural networks and gradient 
boosting machines, could provide valuable insights.

• Real-Time Forecasting: Conducting real-time forecasting and vali
dation of the models in different coastal regions with varying wave 
dynamics will help assess their robustness and generalizability.
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Konferansı Bildirileri. (2015).

[64] S. Burgin, Sand mining on North Stradbroke Island: an Islander view of the 
rehabilitation of the lands, Int. J. Environ. Stud. 77 (2020) 954–968, https://doi. 
org/10.1080/00207233.2020.1727232.

[65] E. Bryant, Behavior of grain size characteristics on reflective and dissipative 
foreshores, Broken Bay, Australia, SEPM J. Sediment. Res. 52 (1982), https://doi. 
org/10.1306/212F7F72-2B24-11D7-8648000102C1865D.

[66] M. Wandres, J. Aucan, A. Espejo, N. Jackson, A. De Ramon N’Yeurt, H. Damlamian, 
Distant-source swells cause coastal inundation on Fiji’s coral coast, Front. Mar. Sci. 
7 (2020), https://doi.org/10.3389/fmars.2020.00546.

[67] I.D. Goodwin, T.R. Mortlock, S. Browning, Tropical and extratropical-origin storm 
wave types and their influence on the East Australian longshore sand transport 
system under a changing climate, J. Geophys. Res. Oceans. 121 (2016) 4833–4853, 
https://doi.org/10.1002/2016JC011769.

[68] G. Vieira Da Silva, T. Murray, D. Strauss, Longshore wave variability along non- 
straight coastlines, Estuar. Coast. Shelf. Sci. 212 (2018) 318–328, https://doi.org/ 
10.1016/j.ecss.2018.07.022.

[69] Short, A.D., 2020. Central east region. pp. 517–600. https://doi.org/10.1007/9 
78-3-030-14294-0_18.

[70] B. Farmer, A.D. Short, Australian national surfing reserves – rationale and process 
for recognising iconic surfing locations, J. Coast. Res. 50 (2007), https://doi.org/ 
10.2112/JCR-SI50-020.1.
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