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Abstract

Accurate prediction of significant wave height (SWH) is central to coastal ocean dynamics,
wave–climate assessment, and operational marine forecasting, yet many high-performing
machine-learning (ML) models remain opaque and weakly connected to underlying wave
physics. We propose an explainable, feature engineering-guided ML framework for coastal
SWH prediction that combines extremal wave statistics, temporal descriptors, and SHAP-
based interpretation. Using 30 min buoy observations from a high-energy, wave-dominated
coastal site off Australia’s Gold Coast, we benchmarked seven regression models (Linear
Regression, Decision Tree, Random Forest, Gradient Boosting, Support Vector Regression,
K-Nearest Neighbors, and Neural Networks) across four feature sets: (i) Base (Hmax, Tz,
Tp, SST, peak direction), (ii) Base + Temporal (lags, rolling statistics, cyclical hour/month
encodings), (iii) Base + a physics-informed Wave Height Ratio, WHR = Hmax/Hs, and
(iv) Full (Base + Temporal + WHR). Model skill is evaluated for full-year, 1-month, and
10-day prediction windows. Performance was assessed using R2, RMSE, MAE, and bias
metrics, with the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS)
employed for multi-criteria ranking. Inclusion of WHR systematically improves perfor-
mance, raising test R2 from a baseline range of ~0.85–0.95 to values exceeding 0.97 and
reducing RMSE by up to 86%, with a Random Forest|Base + WHR configuration achieving
the top TOPSIS score (1.000). SHAP analysis identifies WHR and lagged SWH as dominant
predictors, linking model behavior to extremal sea states and short-term memory in the
wave field. The proposed framework demonstrates how embedding simple, physically mo-
tivated features and explainable AI tools can transform black-box coastal wave predictors
into transparent models suitable for geophysical fluid dynamics, coastal hazard assessment,
and wave-energy applications.

Keywords: significant wave height (SWH); wave height ratio (WHR); machine learning;
feature engineering; explainable AI; ensemble models; coastal forecasting; SHAP values;
TOPSIS; cross-validation

MSC: 68T01

1. Introduction
Accurate prediction of ocean surface waves, particularly significant wave height

(SWH), is fundamental for understanding and managing a wide range of geophysical fluid
processes in the coastal ocean. The ocean covers approximately 70–71% of the Earth’s
surface, and its dynamic processes, including waves, have a substantial impact on climate,
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environment, and ecosystems [1–3]. Accurate prediction of SWH is fundamental to under-
standing coastal ocean dynamics, assessing wave–climate variability, managing coastal
hazards, and supporting operational marine forecasting systems [4,5]. It serves as a primary
descriptor of sea state conditions and plays a critical role in applications ranging from
maritime navigation safety and offshore infrastructure design to wave energy resource
assessment and coastal zone management [6,7]. In high-energy, wave-dominated coastal
environments, where extreme wave events can trigger coastal flooding, beach erosion,
and structural damage [8,9], reliable short-term SWH forecasting has become increasingly
essential for early warning systems and risk mitigation strategies [10].

SWH is a key bulk descriptor of the wave field, governing wave energy flux, momen-
tum transfer, and air–sea interaction [11,12]. Accurate SWH prediction is crucial for:

i. Marine engineering and construction: SWH is a primary consideration in the design,
planning, and operation of coastal and offshore structures, including oil platforms,
harbors, and submarine pipelines [13–16].

ii. Navigation safety: Reliable SWH forecasts provide essential environmental information
for ship navigation and offshore operations, improving safety and efficiency [17,18].

iii. Marine disaster assessment and prevention: SWH prediction is vital for disaster warn-
ing and mitigation, especially in regions affected by complex atmospheric processes
such as monsoons and cyclones [19–21].

iv. Renewable energy utilization: Wave energy is directly proportional to the square
of SWH, making its prediction essential for evaluating wave power potential and
optimizing the operation of wave energy converters (WECs) [22–26].

v. Climate studies: SWH is used to assess climate change impacts, such as coastal erosion,
storm generation, and changes in storm frequency and intensity [16].

Traditionally, the forecasting of ocean waves has been dominated by process-based
numerical models, such as SWAN and WAVEWATCH III. These models solve deterministic
physical equations to simulate wave generation, propagation, and dissipation. While valu-
able for understanding oceanic processes, they are often constrained by their computational
expense, sensitivity to boundary conditions, and challenges in capturing the full spec-
trum of non-linear and stochastic wave dynamics, especially for operational, short-term
forecasting [27–31].

All these models require substantial computational resources and memory, especially
for high-resolution or long-term simulations, which can limit their practical application
in operational settings where rapid results are needed [32]. Accurate forecasts depend on
detailed terrain, wind field, and boundary condition data. The complexity of the calculation
methods and the need for extensive calibration further increase computational time and
uncertainty [28]. These models can struggle to fully represent the non-linear and stochastic
nature of ocean waves, particularly under rapidly changing meteorological conditions or
in semi-enclosed basins like the Mediterranean Sea, where local wind effects and seasonal
variability introduce additional challenges [33].

A growing body of research highlights the transformative potential of feature en-
gineering, especially the creation of input variables informed by physical principles, to
enhance model performance and generalizability [34]. Despite this, the majority of ML-
based SWH forecasting studies rely on raw variables such as wind speed, wave period, and
direction, often neglecting derived, physics-informed indices that encapsulate non-linear
interactions and extremal behaviors [35,36]. Furthermore, the pursuit of predictive accuracy
has frequently come at the expense of transparency, resulting in “black-box” models that
are ill-suited for decision-critical applications in energy and coastal management, where
understanding the rationale behind predictions is as vital as the predictions themselves [37].



Mathematics 2025, 13, 3962 3 of 45

For practitioners, explainability is essential for informing design tolerances, operational
strategies, and risk assessments in dynamic marine environments [38].

Machine learning (ML) methods have emerged as powerful alternatives or supple-
ments to traditional wave prediction models due to their ability to construct non-linear
mapping relationships, which can significantly improve prediction accuracy, especially for
wave heights at fixed locations [39]. ML models are computationally efficient, require less
computational resources, and are particularly suitable for real-time wave prediction due to
their advantages in handling non-linear, non-smooth time series [40]. These models can
analyze vast datasets, learn complex patterns, and make accurate predictions, offering a
low-cost and efficient approach to wave height forecasting [41].

Most ML applications in wave prediction treat the problem as a statistical mapping
from raw inputs (such as wind speed, significant wave height, and characteristic periods)
to outputs like significant wave height (SWH), without incorporating physical knowledge
of wave statistics or dynamics [42,43]. Several studies note that ML models are often used
to construct non-linear mapping relationships for wave height prediction, but these models
typically do not explain results through physical mechanisms or embed physical laws into
their structure. Consequently, these predictions are often not directly interpretable in terms
of underlying wave physics, and typically require expert validation to ensure alignment
with physical principles.

Feature engineering is consistently described as a critical step in the machine learning
workflow, involving the selection, transformation, and creation of input variables to en-
hance model predictive performance, robustness, and interpretability [44–48]. This process
bridges raw data and predictive capability by extracting, transforming, and optimizing
features using domain expertise and data analysis techniques. Feature engineering encom-
passes both feature selection (identifying and retaining the most relevant features) and
feature extraction (transforming or combining features to create new, more informative
variables) [49,50].

Feature engineering has been shown to enhance model accuracy, reduce overfitting,
and improve generalization, especially when expert-designed features are used for complex
systems such as time-series production data or bearing fault diagnosis [51–53]. By selecting
more representative features, model complexity can be reduced, leading to simpler and
more generalizable models [44,52]. The effectiveness of feature engineering often surpasses
the impact of algorithm choice; even robust models like Random Forests benefit significantly
from high-quality feature engineering [54]. Feature selection methods that retain original
features without altering their values help maintain interpretability, making it easier to
understand model behavior [55]. Encoding known physical relationships into features
not only improves performance but also makes model outputs more interpretable and
aligned with domain knowledge [56]. Techniques such as SHAP-based interpretability and
model-agnostic variable ranking (e.g., NCAR) are used to identify influential features and
explain model decisions [57].

ML models, especially complex ones such as tree ensembles and neural networks [58],
are often considered “black boxes” due to their opaque internal mechanisms, making them
difficult to interpret even when physics-informed features are included [59–65]. This lack of
transparency is a significant challenge in fields like coastal hazard assessment, wave energy
planning, and climate services, where end-users require not only accurate predictions
but also an understanding of the model’s behavior across different regimes (e.g., calm
conditions, storms, seasonal transitions, or shifts in wave direction) [59,65]. The inability
to interpret ML model decisions can hinder trust and adoption among stakeholders, as
understanding the rationale behind predictions is crucial for informed decision-making,
especially in high-stakes or regulated environments [66–68]. In coastal and climate applica-
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tions, this is particularly important because decisions based on model outputs can have
significant financial, environmental, and safety consequences [59,61,63,65].

Despite rapid methodological advances, two critical gaps persist in the literature. First,
there is a lack of exploration into the effects of different input features, including engineered
features, on model performance, which limits the ability to fully understand and optimize
machine learning models. This gap also extends to insufficient efforts to demystify the black-
box nature of these models, as most studies do not provide comprehensive insights into how
various features influence outcomes, despite some attempts using global-level sensitivity
or parametric analysis [69]. Second, while multi-criteria decision-making frameworks
are conceptually well-suited for ranking models across multiple metrics, their practical
adoption in machine learning for energy forecasting and coastal hazard applications is still
rare, with most studies relying on single-metric or ad hoc comparisons [70,71].

In this study it was addressed these three gaps by developing an explainable, feature
engineering-guided ML framework for coastal SWH prediction, applied to a high-energy,
wave-dominated setting off Australia’s Gold Coast. Using a year-long, 30 min buoy record,
we construct four systematically designed feature sets: (i) a Base set comprising standard
wave and ocean variables (Hmax, Tz, Tp, sea surface temperature, peak wave direction);
(ii) Base + Temporal, augmenting the base predictors with lagged SWH, rolling statistics,
and cyclical encodings of hour and month; (iii) Base + WHR, in which a physics-informed
extremal index WHR = Hmax/Hs is added; and (iv) a Full set combining temporal and
WHR information. Seven regression algorithms, Linear Regression, Decision Tree, Random
Forest, Gradient Boosting, Support Vector Regression, K-Nearest Neighbors, and a multi-
layer perceptron Neural Network, are trained and evaluated for multiple forecasting
horizons (full-year, 1-month, and 10-day windows). Model skill is quantified via R2, RMSE,
mean absolute error (MAE), and bias under k-fold cross-validation, and all model–feature
combinations are ranked using TOPSIS. To move beyond black-box behavior, we apply
SHAP analysis to identify which physical and temporal predictors drive model output
under different sea-state regimes.

The specific contributions of this work are fourfold.

i. We introduce and operationalize a simple, physics-based feature, the Wave Height Ra-
tio WHR, as a compact descriptor of extremal wave behavior within a ML framework
for SWH prediction.

ii. We conduct a comprehensive, cross-model comparison of seven common regression
algorithms under four feature configurations and three forecast windows, quantifying
how temporal and physics-informed features jointly affect accuracy and robustness.

iii. We integrate TOPSIS as an MCDM tool to rank model–feature configurations using
multiple performance metrics, providing a transparent basis for selecting models for
operational or research use.

iv. We demonstrate how SHAP-based XAI can be used to interpret ML predictions in
terms of geophysically meaningful variables, showing in particular how WHR and
lagged SWH control model responses across calm and energetic conditions.

By combining physically motivated feature engineering with modern explainability
tools, the proposed framework illustrates a pathway “from black box to transparent model”
for ocean wave prediction. By doing so, his study addresses critical gaps in the current liter-
ature by introducing a novel, explainable framework with the following key contributions:

First, we propose and operationalize a new, physics-informed feature, the Wave Height
Ratio (WHR = Hmax/Hs), as a compact descriptor of extremal wave behavior, derived from
wave statistics theory. This addresses the common reliance on raw inputs and integrates
domain knowledge directly into the feature space.
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Second, we establish a systematic benchmarking framework, evaluating seven re-
gression algorithms across four deliberately constructed feature sets and three forecasting
windows. This design precisely quantifies the isolated and synergistic contributions of
temporal engineering versus physics-based feature engineering.

Third, we transcend typical performance reporting by integrating the TOPSIS multi-
criteria decision-making method to objectively rank model-configuration combinations,
providing a transparent basis for model selection in operational contexts.

Finally, we employ SHAP-based explainable AI (XAI) to demystify model predictions,
explicitly linking high model performance to interpretable, geophysically meaningful
drivers such as WHR and wave field memory. This moves the application of ML in this
field from a black-box paradigm toward transparent, physically interpretable forecasting.

Therefore, the novelty of this work lies not merely in applying ML for prediction, but
in developing and demonstrating a holistic framework that strategically combines domain-
knowledge feature engineering, rigorous model benchmarking, multi-criteria decision
analysis, and model explainability to enhance both the performance and interpretability of
coastal wave forecasts.

2. Study Area and Data
The Gold Coast, located in southeast Queensland, Australia, is a high-energy, wave-

dominated coastal region that stretches approximately 57 km along the Pacific Ocean.
This area is characterized by a broad sandy shoreline, multiple surf zones, and extensive
nearshore bar systems [72], making it an ideal natural laboratory for studying wave dy-
namics. The region experiences a subtropical climate and is frequently influenced by both
local and remote meteorological events, including tropical cyclones, East Coast Lows, and
Southern Ocean swells, all of which contribute to the variability of SWH [73].

The average SWH along the Gold Coast typically ranges between 1.0 and 2.5 m under
normal conditions but can exceed 4 m during storm events [74]. The prevailing wave
direction is from the southeast, with dominant wave periods ranging between 8 and 12 s.
Seasonal variability in SWH is pronounced, with higher wave energy observed during the
austral winter months (May–August) due to intensified southerly swells.

Wave data for this study were sourced from in situ buoy measurements maintained
by the Queensland Government’s Wave Monitoring Network, specifically the Palm Beach
and Gold Coast Seaway buoy stations. These stations provide high-frequency recordings
of wave parameters, including significant wave height, peak and zero-crossing periods,
and wave direction, offering a robust dataset for ML-based wave forecasting and coastal
hazard assessment.

Given its dynamic wave climate and extensive infrastructure along the shoreline,
including beaches, sea walls, and artificial reefs, the Gold Coast is particularly sensi-
tive to fluctuations in SWH. Therefore, understanding and accurately predicting SWH
in this region is critical for effective coastal zone management, flood prevention, and
maritime safety.

The study focuses on the Gold Coast, Queensland, Australia, a highly dynamic coastal
region influenced by energetic wave climates and complex nearshore processes. The left
panel shows the geographical position of the study area within Australia, while the right
panel provides a detailed view of the Gold Coast region, including the precise location of
the offshore wave buoy (near the Seaway), are depicted in Figure 1.
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Figure 1. Study area and location of buoy.

The buoy is situated at 17 m water depth, as marked on the map. It has been oper-
ational since 20 February 1987 and is equipped with a Datawell Directional Waverider
Buoy, which provides long-term, high-quality measurements of wave height, period, and
directional characteristics essential for coastal process analysis and model evaluation.

Gold Coast’s coastal location is particularly vulnerable to wave-related hazards such
as coastal erosion and storm waves, and therefore, requires accurate SWH prediction for
effective coastal management practices. The regional dynamic nature of SWH patterns
provides a suitable case study to evaluate the performance of ML models in predicting
SWH. The meteorological data used in this study were obtained from a dedicated buoy
station located at Gold Coast. Thirty minutes buoy data were collected continuously from
1 January 2023 to 31 December 2023, providing a comprehensive dataset for model training
and evaluation. The parameters are given in tabular form, where the target variable is SWH
in m (Table 1).

Table 1. Summary of target and feature variables used for SWH prediction models.

Parameter Description

Target Variable SWH (m)

Feature Variables

Hmax (m)

Wave periods (Tz and Tp)

SST (◦C)

Peak direction (◦)

Generated variable
Wave height ratio (WHR)
df [WHR] = df[Hmax]/df[Hs]

• df represents a DataFrame (a table of data) in programming libraries Python’s pandas.
• df[‘Hmax’] refers to the column in the DataFrame containing the maximum wave

height values.
• df[‘Hs’] refers to the column containing the significant wave height values.
• df[‘WHR’] = df[‘Hmax’]/df[‘Hs’] creates a new column in the DataFrame called

‘WHR’ by dividing each value in the Hmax column by the corresponding value in the
Hs column.
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In ocean wave theory, significant wave height (Hs) is a statistical measure commonly
used to characterize sea states. Under the assumption of a narrow-banded sea and linear
wave theory, individual wave heights H are often modeled using a Rayleigh distribution:

f (H) =
H
σ2 exp

(
− H2

2σ2

)
, H ≥ 0 (1)

where σ is the standard deviation of the sea surface elevation. From this distribution, we
can derive expectations for various wave statistics:

Significant wave height (Hs) is defined as the mean of the highest one-third of waves:

Hs ≈ 4σ (2)

Maximum wave height (Hmax) in a record of N waves can be estimated using extreme
value theory:

Hmax ≈ σ
√

2ln N (3)

Wave Height Ratio (WHR) Definition:

WHR =
Hmax

Hs
(4)

Substituting the expressions for Hmax and Hs, we obtain the following:

WHR =
σ
√

2ln N
4σ

=

√
2ln N

4
(5)

This gives a theoretical relationship between WHR and the number of observed waves
N, showing that WHR increases logarithmically with the number of wave observations.

Implications:

• WHR encapsulates extremal behavior in a sea state relative to the average sea condition,
making it a useful engineered feature in ML models.

• It captures both distributional skewness and energy intermittency in a single scalar value.
• As this ratio is sensitive to storm events and non-Gaussian wave conditions, it enhances

the model’s ability to differentiate between ordinary and extreme wave events.

To assess its utility, two sets of models were trained: one using the base features (e.g.,
Hmax, Tz, Tp, SST, and wave direction), and another with the inclusion of WHR. Model
performance was evaluated using RMSE, MAE, and R2 across training, validation, and test
datasets. Feature importance was further assessed using SHAP analysis to confirm WHR’s
contribution to prediction.

The study identifies SWH as the target variable, a widely accepted metric in wave
analysis. The selection of SWH is justified by its relevance in various marine applications,
from coastal engineering to maritime safety [75]. SWH is a well-established parameter used
to characterize wave conditions and is readily comparable across different studies, allowing
for a wider comparison of findings [76]. The use of SWH as a key indicator is widely
accepted in wave modeling and forecasting studies, reflecting its practical significance and
ease of interpretation.

The selection of feature variables, including maximum wave height (Hmax), wave
periods (Tz and Tp), SST, and wave peak direction, reflects a comprehensive approach to
understanding the factors influencing SWH (see Table 2). Each of these variables plays
a distinct role in wave generation, propagation, and interaction with the coast. The in-
clusion of these variables is common practice in many studies on wave modeling and
forecasting [77]. The use of a combination of variables accounts for the complex interplay
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of factors influencing wave dynamics and improves the predictive accuracy of the model.
The use of multiple parameters in wave modeling is a standard approach, reflecting the
complex nature of wave generation and propagation.

Table 2. Descriptive statistics of dataset.

Hs Hmax Tz Tp Direction SST

Count 17,520 17,520 17,520 17,520 17,520 17,520

Mean 1.32 2.22 6.35 9.98 97.25 22.86

Min 0.26 0.427 2.92 2.703 0 18.29

25th Percentile 0.771 1.316 4.605 8.333 96.54 23.55

Median (50%) 1.21 2.02 6.23 9.8 98.01 22.05

75th Percentile 1.282 2.193 6.028 11.111 108.74 24.96

Max 2.9 6.073 10.266 18.182 167.02 27.75

Std Dev 0.29 0.99 1.24 2.31 15 2.52

Figure 2 presents the time series of key oceanographic variables, SWH, Hmax, Tz,
Tp, SST, and the engineered feature WHR, from January to December 2023. The dataset is
segmented into training (blue), validation (orange), and test (green) subsets, clearly marked
for each parameter. These variables form the basis of the input features used in the ML
models for predicting significant wave height.

This phase included cleaning the data (handling missing values, outliers, incon-
sistencies), performing feature engineering (selecting relevant features, applying scal-
ing techniques), and splitting the dataset into training, testing, and validation sets.
Trainsize = 0.7·N, Validationsize = 0.15·N, Testsize = 0.15·N where N is total number
of samples.

This time series visualization underscores the dynamic relationships between wave
height and contributing variables, emphasizing the predictive importance of Hs, Tp, and
SST in the context of ML models. The observed trends guided the feature engineering pro-
cess, contributing to the superior performance of ensemble models like Random Forest [78]
in predicting significant wave height.

Table 2 summarizes the descriptive statistics of the key oceanographic variables used
in the development of Hs prediction models. The dataset consists of 17,520 observations
encompassing Hs, Hmax, Tz, Tp, wave direction, SST, and the engineered feature WHR.
Statistical metrics such as mean, minimum, maximum, standard deviation, and selected
percentiles (25th, 50th, and 75th) offer insights into the central tendency, spread, and
distributional characteristics of each variable (see Figures 3 and 4), which were instrumental
in guiding feature engineering and ML model design.

The average significant wave height (Hs) is 1.32 m, and the average peak wave period
(Tp) is 9.796 s, representing typical wave conditions. Wave direction shows significant
variability, with a standard deviation of 18.533◦, while sea surface temperature (SST)
remains relatively stable, with a standard deviation of 2.173 ◦C. Rare, high-energy wave
events are highlighted by a maximum wave height (Hmax) of 6.073 m, and the lowest SST
of 18.29 ◦C reflects seasonal or regional changes. The 75th percentiles of Hs (1.282 m) and
Hmax (2.193 m) indicate the upper range of common wave conditions. The distribution of
variables, dataset splits, and feature coverage are illustrated in Figure 3a–f and visualized
in Figure 4.

The data analysis introduced WHR, calculated as the ratio of maximum wave height
(Hmax) to significant wave height (Hs). This derived feature reveals variations in the
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relationship between extreme wave heights and typical wave heights. Peaks in WHR
highlight periods of disproportionate increases in maximum wave heights, often associated
with storm events, while lower WHR values indicate more uniform wave conditions.

For the Gold Coast case study, the dynamic patterns in WHR emphasize the impor-
tance of accurate prediction models tailored to the region’s wave climate. By incorporating
WHR into ML models, it becomes possible to gain deeper insights into wave energy dynam-
ics, enhancing the prediction of significant wave heights (SWH). This supports proactive
coastal management by addressing hazards such as erosion and storm surges.

From a ML perspective, WHR plays a critical role in feature engineering by capturing
key interactions between Hmax and Hs, which are essential for understanding wave energy
and extremes. Its inclusion improves model accuracy and adaptability to diverse wave
conditions. Given the Gold Coast’s unique wave climate, WHR is particularly valuable for
region-specific SWH prediction, aligning with the need for localized and effective coastal
hazard mitigation strategies.

Target 
variable 

Feature 
variables 

Figure 2. Time series analysis of key oceanographic variables for wave height prediction.
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Figure 3. Dataset variable distributions, split sizes, and feature (indexed 1–6) coverage.
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Feature varia-
bles splitting 
distribution 

Target varia-
ble splitting 
distribution 

Figure 4. Distribution of partitioned into training (70%), validation (15%), and test (15%) sets variables.

The preprocessed dataset was split into training and testing sets to evaluate the
performance of ML models and assess their generalization abilities. In splitting 70% (30%)
of the data was allocated for training (testing) as suggested by [79]. This approach helps
prevent data leakage and ensures that the performance of the model on the test set is a
reliable indicator [80].

The analysis was performed using Python (version 3.10.12) programming software,
utilizing libraries such as scikit-learn for model implementation, evaluation, and feature
engineering, pandas for data manipulation, and matplotlib for visualization. Jupyter
Notebook (version 7.0.8) served as the interactive environment for coding, data exploration,
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model development, and visualization of results. A detailed summary of the methods,
tools, and functions employed throughout the analysis is provided in Table 3.

Table 3. Summary of the methods, functions, and ML models used in the analysis, including
data processing, model training and evaluation, visualization, and data analysis tools within the
Python environment.

Category Method/Function Purpose/Description

Data Loading & Preprocessing

pd.read_csv() Load dataset from CSV file

pd.DataFrame() Create and manipulate tabular data structures

np.sqrt() Calculate Root Mean Squared Error (RMSE) from
Mean Squared Error (MSE)

Data Splitting train_test_split() Split data into training, validation, and testing sets

Model Training & Evaluation

LinearRegression
(sklearn.linear_model.LinearRegression) Linear model for regression

DecisionTreeRegressor
(sklearn.tree.DecisionTreeRegressor) Nonlinear tree-based model

RandomForestRegressor
(sklearn.ensemble.RandomForestRegressor) Ensemble model using multiple decision trees

GradientBoostingRegressor
(sklearn.ensemble.GradientBoostingRegressor) Boosted ensemble of weak learners

SVR (sklearn.svm.SVR) Support Vector Regression

KNeighborsRegressor
(sklearn.neighbors.KNeighborsRegressor) Regression based on nearest neighbors

MLPRegressor
(sklearn.neural_network.MLPRegressor)

Neural network-based regression using a
multi-layer perceptron

model.fit() Train models on the training dataset

model.predict() Generate predictions from trained models

r2_score(), mean_squared_error() Evaluate model performance

np.sqrt() Derive RMSE from MSE

Visualization

matplotlib.pyplot (plt.figure(), plt.plot(),
plt.xlabel(), plt.ylabel(), plt.title(), plt.legend(),

plt.show())
Create performance comparison plots

seaborn Generate enhanced and esthetically
appealing visualizations

Data Analysis pd.pivot_table() Reorganize and summarize model performance
metrics for clarity

Selected ML models were trained and hyperparameter tuning was performed to
optimize the model performance using the techniques of inclusion of WHR as a feature
engineering technique which was introduced as a physics-informed engineered feature.
This was incorporated within multiple feature configurations designed to systematically
evaluate the contribution of temporal dynamics and physical insights to model accuracy.

Specifically, four feature sets were constructed and evaluated:
Base Model:
Uses only basic features:

Xbase =
[
Hmax, Tz, Tp , SST, Peak Direction] (6)

Base + Temporal:
Adds temporal features to base:

Xtemporal = Xbase +

[
Hs(t − 1), Hs(t − 24), µ24h, σ24h, sin

(
2πh
24

)
, cos

(
2πh
24

)
, sin

(
2πm

12

)
, cos

(
2πm

12

)]
(7)
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Base + WHR:
Adds Wave Height Ratio:

XWHR = Xbase +

[
Hmax

Hs

]
(8)

Base + Temporal + WHR:
Combines all features:

Xfull = Xbase + Xtemporal +

[
Hmax

Hs

]
(9)

Temporal Feature Calculations:

• Hour of day (cyclical encoding):

Hour sin = sin
(

2π· Hour
24

)
(10)

Hour cos = cos
(

2π· Hour
24

)
(11)

• Month (cyclical encoding):

Month sin = sin
(

2π· Month
12

)
(12)

Month cos = cos
(

2π· Month
12

)
(13)

Rolling Statistics:

Hsrolling_mean =
1

24

t

∑
i=t − 23

Hsi (14)

Hsrolling_std =

√√√√ 1
24

t

∑
i = t − 23

(
Hsi − Hsrolling_mean

)2
(15)

Seasonal Index:

Season =

⌊
(Month mod 12) + 3

3

⌋
(16)

Lag Features:
Hslag1 = Hst − 1 (17)

Hslag24 = Hst − 24 (18)

Feature Standardization:
Xscaled =

X − µ

σ
(19)

Feature Sets:
Base =

{
Hmax, Tz, Tp, SST , PeakDirection}

Temporal = Base ∪ {Hour, Day, Month, DayOfWeek, Season, Lags, Rolling}
BaseWHR = Base ∪ {WHR}
Full = Temporal ∪ {WHR}
To operationalize these features in supervised learning, the following feature vector

(Xt) formulation was used:
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Feature Vector (Xt):

Xt =



Hmax

Tz

Tp

SST
Direction

WHR
Hour sin / cos

Month sin / cos

Lags
Rolling_Stats



(20)

Xt serves as the core input representation for all ML models evaluated in this study. It
was designed to integrate raw oceanographic measurements, engineered physical features,
and time-dependent signals in a unified structure to maximize both predictive capacity
and interpretability.

The composition of the feature vector directly determines the type of model being used.
Each model configuration represents a different combination of input features, allowing us
to assess the impact of various engineering strategies.

• If the feature vector includes only the basic wave and ocean variables, such as maxi-
mum wave height, zero-crossing period, peak period, sea surface temperature, and
peak wave direction, it corresponds to the Base Model (Base =

{
Hmax, Tz, Tp, SST ,

PeakDirection}). This model serves as the simplest benchmark, with no added tempo-
ral or engineered features.

• When temporal features (Temporal = Base ∪ {Hour, Day, Month, DayOfWeek, Season,
Lags, Rolling}) are added, such as time of day, month, season, wave lags, and rolling
statistics, the feature vector becomes more descriptive. In this case, the model is
referred to as the Base + Temporal Model, which allows for capturing daily and
seasonal variability, as well as short-term memory effects.

• If the feature vector includes the WHR alongside the basic features but excludes tem-
poral components, it is used in the Base + WHR Model (BaseWHR = Base ∪ {WHR}).
This configuration focuses on improving performance through physics-informed fea-
ture augmentation, without introducing time-based complexity.

• Finally, when both temporal features and WHR are included in the vector, the configu-
ration is known as the Full Model. This is the most comprehensive setup, combining
physical relationships and temporal patterns for maximum predictive power.

This stepwise design of feature vectors enables a systematic comparison across models,
helping to isolate the effects of temporal encoding and engineered physical features on
model accuracy and robustness.

To systematically assess the predictive performance and interpretability of different
ML architectures for SWH forecasting, a structured modeling pipeline was implemented
(see Table 4). This pipeline comprised five main stages: data loading, feature engineering,
feature set design, model training with hyperparameter tuning, and model evaluation
using cross-validation and visual diagnostics.
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Table 4. Overview of the modeling workflow, including data preprocessing, feature engineering,
model training with corresponding hyperparameter grids, evaluation strategy, and visualization
approach used to assess the impact of different feature sets and ML models on significant wave
height prediction.

Step Model Hyperparameters Description

Data Loading - - Load dataset and create WHR
feature ( Hmax/Hs ).

Feature Engineering - -
Add temporal features
(hour/day/month), lags,
rolling stats.

Feature Sets -
Base : 5 features
+Temporal : +9 features

+WHR : +1 feature

Define feature combinations
for testing.

Model Training Decision Tree

max_depth : [3, 5, 7, 10]

min_samples_split : [2, 5, 10]

min_samples_leaf : [1, 2, 4]

Tree-based model with
depth/split controls.

Random Forest

n_estimators : [50, 100, 200]

max_depth : [5, 10, 15]

min_samples_split : [2, 5]

Ensemble of trees
with bootstrapping.

Gradient Boosting

n_estimators : [50, 100, 200]

learning_rate : [0.01, 0.1, 0.3]

max_depth : [3, 5, 7]

Sequential tree building with
error correction.

SVR
C : [0.1, 1, 10]
gamma : [‘scale’, ‘auto’]

kernel : [‘rbf’, ‘linear’]

Kernel-based regression
with regularization.

KNN

n_neighbors : [3, 5, 7, 9]

weights : [‘uniform’, ‘distance’]
p : [1, 2]

Distance-based
instance learning.

Neural Network
hidden_layer_sizes : [(50,),

(100,), (50, 50)]
alpha : [0.0001, 0.001, 0.01]

MLP with L2 regularization and
layer tuning.

Evaluation All Models - 5-fold CV with RMSE scoring,
tested on 4 feature sets.

Visualization - - Heatmap of RMSE scores across
model/feature combinations.

The systematic evaluation of the Base, Base + Temporal, Base + WHR, and Full models
relies on k fold cross-validation to ensure robust performance assessment across all feature
sets. Below is the methodological linkage between the modeling workflow (Table 4) and
the validation process:

1. Dataset Preparation for cross validation

• For each of the 5 folds, the dataset of size n is partitioned into training and vali-
dation subsets of size ⌊n/k⌋ (where k = 5), preserving temporal order if required
(see Figure 5). The cross-validation process, as depicted in Figure 5, ensures robust
model evaluation.

• Feature standardization (Z-score) is applied independently to each fold’s training data
to prevent leakage:
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Xscaled =
X − µ

σ
, where µ =

1
n

n

∑
i = 1

xi, σ =

√
1
n

n

∑
i=1

(xi − µ)2 (21)

The same µ and σ are then used to scale the validation fold.
Cross-Validation Scores:
Final Score:

ScoreHs =
1
K

K

∑
k − 1

Score(k)Hs
(22)

Standard Deviation:

σScore Hs
=

√√√√ 1
K − 1

K

∑
k − 1

(
Score (k)

Hs
− Score Hs Hs

)2
(23)

where

• K is the number of folds (5 in our case)
• Score k is the metric score for fold k

The process ensures:

• Each data point appears in the validation set exactly once
• The model is tested on all data points
• Results are more robust to data splitting than a single train-test split
• Standard deviation of scores across folds helps assess model stability

To evaluate model robustness, 5-fold cross-validation was applied. The average
cross-validation score (ScoreHs ) and its standard deviation (σScore Hs

) were calculated using

Equations (21) and (22), respectively, with Score (k)
Hs

denoting the performance metric on
fold k.

Figure 5. Iterative 5-fold cross-validation process: Each fold (Fold 1 to Fold 5) takes a turn as the
validation set, while the remaining folds are used for training.

2. Model Training & Evaluation

• Each model (Decision Tree, Random Forest, etc.) is trained on the 4 training folds using
the hyperparameter grids specified in Table 4, with features standardized as above.

• Temporal features (e.g., hour/day/month) and the WHR (Hmax/Hs) are included/
excluded per the feature set being tested (Base, Base + WHR, etc.).

• Performance is evaluated on the held-out fold using metrics, iterating across all 5 folds.

3. Aggregation of Results
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• The metrics scores from each fold are averaged to produce a final estimate of gener-
alization error for each model/feature set combination, visualized via heatmaps (as
noted in Table 4).

To assess the performance of each model configuration across these systematically
designed feature sets, the study employed four complementary error metrics. These metrics
were selected to evaluate different dimensions of predictive accuracy:

1. Root Mean Square Error (RMSE)

Measures the average magnitude of error, giving higher weight to large errors.

RMSEHs =

√
1
n

n

∑
i = 1

(
Ĥs,i − Hs,i

)2 (24)

2. Mean Absolute Error (MAE)

Captures the average absolute difference between predicted and observed wave heights.

MAEHs =
1
n

n

∑
i = 1

∣∣Ĥs,i − Hs,i
∣∣ (25)

3. Coefficient of Determination
(

R2)
Explains the proportion of variance in observed wave height that is predictable from

the model.

R2
Hs

= 1 − ∑n
i − 1

(
Ĥs,i − Hs,i

)2

∑n
i−1 (Hs,i − Hs)

2 (26)

where
Hs =

1
n ∑n

i−1 Hs,i is the mean of observed significant wave heights.

4. Bias (Mean Error)

Shows whether the model tends to overpredict or underpredict Hs.

BiasHs =
1
n

n

∑
i − 1

(
Ĥs,i − Hs,i

)
(27)

Positive Bias → overestimation
Negative Bias → underestimation
Model performance was assessed using RMSE, MAE, coefficient of determination (R2),

and Bias, where Hs,i and Ĥs,i denote the observed and predicted significant wave heights,
respectively. Then, TOPSIS are applied to rank each model according to their performance
metrics to rank them from best to worst.

Step 1—Build the decision matrix
Each configuration (row) is evaluated on three criteria (columns):
Symbolically, let

D =
[
xij

]
m×n, i = 1, . . . , m, j = 1, . . . , n (28)

where xi1 = R2 (benefit criterion), xi2 = RMSE (cost criterion), xi3 = MAE (cost criterion),
xi4 = Bias (cost criterion).

Step 2—Vector-normalize the matrix
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For each column j compute its norm,

∥∥xj
∥∥ =

√
m

∑
i = 1

x2
ij (29)

and obtain the normalized matrix

rij =
xij

∥xj∥
, R =

[
rij
]

(30)

If bias values include negative values, we used absolute bias:

Bias = |Bias| (31)

Step 3—Apply criterion weights
Weights chosen:

w = (w1, w2, w3, w4) = (0.4, 0.3, 0.2, 0.1), ∑ wj = 1 (32)

The weighted-normalized matrix is

vij = wjrij, V =
[
vij

]
(33)

Step 4—Determine Ideal Best
(
A+

)
and Ideal Worst

(
A−)

For benefit criteria (higher is better) pick the column maximum; for cost criteria pick
the minimum, and vice versa for A−:

A+ =

{
max

i
vij(j ∈ B), min

i
vij(j ∈ C)

}
(34)

A− =

{
min

i
vij(j ∈ B), max

i
vij(j ∈ C)

}
(35)

Here B = {1}, C = {2, 3}.
Step 5—Compute separation measures
Euclidean distance of each alternative i to A+ and A−:

S+
i =

√√√√ n

∑
j = 1

(
vij − A+

j

)2
, S−i =

√√√√ n

∑
j = 1

(
vij − A−

j

)2
(36)

Step 6—Relative closeness (TOPSIS score)

Ci =
S−

i
S+

i + S−
i

, 0 ≤ Ci ≤ 1 (37)

An alternative closer to A+ (small S+
i ) and farther from A− (large S−

i ) yields a score
near 1.

Step 7—Rank the alternatives
Sort Ci in descending order (highest = best).
To systematically align model design with forecasting objectives, a goal-oriented

hierarchical structure was developed to guide feature set composition, model selection,
and evaluation strategy (see Figure 6). This framework defines the primary goal, reliable
and interpretable prediction of SWH, and decomposes it into three main criteria: fea-
ture set composition, model architecture selection, and evaluation/explainability. Each
criterion is further divided into sub-criteria such as base features, temporal dynamics,
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and engineered features like the WHR, leading to four alternative configurations: Base,
Base + WHR, Base + Temporal, and Full Model. These alternatives are then evaluated
across a diverse range of ML models (LR, DT, RF, GB, SVM, KNN, NN), balancing perfor-
mance and interpretability.

Figure 6. Hierarchical structure of feature engineering and model evaluation strategy for SWH prediction.

Each feature set underwent standardized preparation procedures, including z-score
standardization, 70–15–15% data splitting, and comprehensive feature vector formulation.
Seven representative models were trained and fine-tuned using grid search cross-validation,
and performance was assessed using RMSE and R2 across multiple data partitions. Post
hoc analyses, including SHAP values and residual error mapping, were conducted to
enhance model interpretability and guide feature relevance interpretation. Together, these
figures offer a dual perspective, one strategic, one procedural, on how physically informed
feature engineering and rigorous evaluation can be effectively integrated into coastal
ML workflows.

All data processing and modeling steps were performed in Python using standard
scientific libraries. As noted, the raw buoy dataset was first cleaned by removing any
obvious errors and then split chronologically into training (70% of the records), validation
(15%), and test (15%) sets. The training set (roughly January–September 2023) was used to
fit model parameters, the validation set (approximately October–November 2023) was used
for tuning hyperparameters and feature selection, and the test set (December 2023) was
held out to evaluate final model performance on unseen data. Importantly, the temporal
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ordering was preserved to mimic realistic forecasting and to prevent data leakage—i.e.,
ensuring that no information from future observations entered model training. We applied
z-score (feature standardization) to each feature (subtracting the training-set mean and
dividing by its standard deviation) so that all input variables are on comparable scales.
This standardization was performed separately within each cross-validation fold to avoid
any leakage of statistics across folds.

A major focus of our methodology is the design of informative input features. In total,
we constructed four feature sets as introduced in the beginning of this section:

Base: the baseline set containing the fundamental wave and ocean parameters mea-
sured by the buoy (Hmax, Tz, Tp, SST, peak wave direction, and implicitly time indices if
needed for sequence but no explicit time features). These are the conventional inputs one
might use for wave height modeling.

Base + Temporal: extends the base predictors with temporal descriptors to capture
persistence and seasonal effects. We included lagged SWH values (e.g., Hs at the previous
timestamp) to provide the model with short-term memory of wave conditions, rolling
statistics such as a recent moving average of Hs to capture local trends, and cyclical
encodings of the hour-of-day and month-of-year (sine and cosine transforms) to allow
the model to learn diurnal and seasonal patterns. These engineered temporal features
help represent autocorrelation in waves and known periodic behaviors (e.g., seasonal
wave climate).

Base + WHR: extends the base set by adding the wave height ratio (WHR) as defined
in Section 2. WHR is a physics-informed feature capturing extremal wave behavior. By
adding WHR, we test whether providing the model with this descriptor of wave field
intermittency improves predictions of SWH.

Full (Base + Temporal + WHR): the complete feature set containing all base variables,
the temporal features, and the WHR. This scenario combines both types of enhancements
to examine if they have complementary effects on model performance.

Each feature set was prepared as a matrix of input variables for the ML models. It is
worth noting that the inclusion or exclusion of WHR and temporal features was carefully
handled to avoid any target leakage.

3. Results
This study’s analyses are based on a comprehensive oceanographic dataset collected

from the Gold Coast, Queensland, Australia, spanning the period from January 2023 to
December 2023. The dataset consisted of 17,520 observations, capturing significant wave
height (SWH) and associated oceanographic parameters. Prior to model development,
the data underwent standardized preprocessing routines, including normalization and
feature enrichment [81–83]. A key enhancement involved the introduction of a novel,
physically meaningful engineered feature, WHR, defined as the ratio of Hmax to Hs, aimed
at improving model interpretability and performance.

The distribution of Hmax and Hs, along with their relationship, is visualized in
Figure 7. The temporal distribution of average SWH by hour and month is also presented
in Figure 8, illustrating the diurnal and seasonal variations in wave conditions.

Seven ML models, LR, DT, RF, GB, SVM, KNN, and NN, were evaluated for their
efficacy in forecasting SWH. The dataset was partitioned into training (70%), validation
(15%), and test (15%) sets. Model performance was assessed using MAE, RMSE, Bias,
and R2 metrics. The impact of WHR on model performance was a central focus of this
evaluation. Figure 9 illustrates the predictive performance of the models across different
feature sets, including Base, Base + Temporal, Base + WHR, and Base + Temporal + WHR.
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Figure 9 provides a comprehensive visualization of the predictive performance of the
evaluated models across various feature sets. These feature sets include:

Base: Utilizing only fundamental meteorological and oceanic parameters.
Base + Temporal: Incorporating temporal features alongside the base parameters.
Base + WHR: Augmenting the base parameters with the Wave Height Ratio.
Base + Temporal + WHR: A holistic set combining base, temporal, and WHR features.

Feature  

Engineering:  

Generated  

variable 

Feature  

Transformation 

Figure 7. Time series of SWH, Hmax, and engineered feature WHR during 2023, smoothed using a
7-day moving average.

Figure 8. Joint hexbin distribution of Hs and maximum wave height (Hmax) with marginal his-
tograms (left), and average SWH distribution by hour and month (right).
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Figure 9 presents a comprehensive visualization of observed versus predicted SWH
values across all 28 model-feature configurations, structured by both ML architecture
(rows) and feature set (columns). The plots clearly demonstrate that the inclusion of WHR
consistently tightens prediction clusters around the 1:1 line, particularly when combined
with temporal features. Models augmented with WHR (third and fourth columns) dis-
play significantly reduced variance and error dispersion, with Random Forest, Gradient
Boosting, and Neural Network architectures showing the highest predictive fidelity. This
visual comparison underscores the substantial gains in model generalization and accuracy
enabled by WHR-based feature engineering.

As illustrated in Figure 10, heatmaps summarizing how well different models forecast
significant wave height (SWH) using various performance metrics, Bias, RMSE, and R2,
across training, validation, and test datasets. These visualizations help compare how each
model performs under different conditions and feature combinations.

Across the training data, GB, NN, RF models achieve very high accuracy, consistently
reaching R2 values above 0.95. LR also performs strongly with R2 values between 0.94 and
0.97. While Decision Tree and k-Nearest Neighbors trail slightly behind, they still maintain
R2 values above 0.90. Bias values across all models are very close to zero (within ±0.005),
suggesting the models do not consistently over- or underpredict.

In both the validation and test datasets, most models continue to perform well, with
R2 values generally remaining above 0.97. RMSE values range from 0.017 to 0.123, and
MAE values stay under 0.080, indicating that the models maintain good accuracy even on
unseen data.

Overall, the R2 values (mostly between 0.90 and 0.99) suggest excellent predictive
performance. The consistency of RMSE and MAE values across validation and test sets
points to stable and reliable models. Additionally, the Bias values remain close to zero
(±0.010), indicating little to no systematic prediction error.

The addition of features such as temporal components and the WHR generally im-
proves performance slightly, but the biggest gains are seen with the choice of model.
Gradient Boosting and Neural Network models stand out for their consistently low RMSE
and MAE and high R2 scores. Random Forest also performs well and is comparable in
many cases. On the other hand, Decision Tree tends to have higher error values, and k-NN
shows more fluctuation in its results.

In conclusion, the models demonstrate good generalization, with minimal differences
between training, validation, and test performance. Gradient Boosting, Neural Network,
and Random Forest emerge as the most reliable models for predicting significant wave
height, offering a strong balance of accuracy and stability.

The heatmap analysis shows that GB, NN, and RF models deliver the best performance
with strong generalization ability. They consistently achieve high R2 values (>0.95), near-
zero bias, and stable RMSE and MAE scores across all datasets, confirming their reliability
for this regression task. While these models outperform others, the rest also fall within
acceptable performance ranges. The study aims to identify the most powerful model(s),
and findings suggest that even the less dominant models provide competitive results.

The residual analysis presents a comprehensive diagnostic evaluation of seven
ML algorithms across four feature combinations (Base, Base + Triceps, Base + WHR,
Base + Triceps + WHR) using residual plots plotted against time indices. Each subplot
displays the residual patterns along with corresponding R2 and RMSE values for model
performance assessment.
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Figure 9. Predicted versus observed Hs values for 28 model-feature configurations (full dataset).
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Figure 10. Performance metrics heatmaps for SWH forecasting models across different feature sets.

Residual Pattern Analysis

Linear Regression Models: The LR residuals across all feature sets display relatively
random scatter around zero with R2 values ranging from 0.904 to 0.939 and RMSE values
between 0.059 and 0.099. The residual patterns show acceptable homoscedasticity with no
apparent systematic trends, indicating adequate model specification.

Decision Tree Models: Decision Tree residuals exhibit more pronounced clustering
and heteroscedasticity compared to linear models, with R2 values ranging from 0.893 to
0.972 and RMSE values of 0.024–0.099.

GB Models: GB demonstrates superior residual behavior with consistently high
R2 values (0.984–0.993) and low RMSE values (0.005–0.037). The residuals show more
random scatter around zero with reduced systematic patterns, indicating effective capture
of underlying data relationships. The minimal clustering and consistent variance across
time indices suggest robust model performance [84].

KNN Models: KNN residuals display moderate performance with R2 values between
0.885 and 0.944 and RMSE values of 0.058–0.098. The residual patterns show some cluster-
ing effects typical of instance-based learning methods, with occasional outliers suggesting
sensitivity to local data distribution.

NN Models: Neural Network residuals demonstrate excellent performance charac-
teristics with R2 values ranging from 0.964 to 0.993 and RMSE values of 0.005–0.043. The
residual patterns show good randomness around zero with minimal systematic structures,
indicating effective non-linear pattern capture. The consistent performance across feature
sets suggests robust generalization capability.
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RF Models: Random Forest exhibits strong residual behavior with high R2 values
(0.953–0.993) and low RMSE values (0.005–0.049). The residuals show acceptable scatter
patterns with reduced clustering compared to individual Decision Trees, demonstrating
the effectiveness of ensemble averaging in reducing overfitting.

SVR Models: SVR residuals display good performance with R2 values of 0.892–0.944
and RMSE values between 0.058 and 0.092. The residual patterns show relatively random
distribution around zero, though some systematic variations are observable, indicating
adequate but not optimal model specification.

Diagnostic Assessment Standards

Homoscedasticity Evaluation: Most models demonstrate acceptable homoscedasticity
with residual variance remaining relatively constant across time indices. According to
established standards, good residual plots should exhibit constant variance without fan-
shaped or cone patterns. Gradient Boosting, Neural Networks, and Random Forest models
best satisfy this criterion.

Bias Evaluation: The residuals appear to be centered around zero for most models, in-
dicating minimal systematic bias. This satisfies the fundamental requirement that residuals
should have zero mean for unbiased prediction.

Feature Set Impact Assessment

The addition of feature engineering (WHR) shows minimal impact on residual patterns
across most models, with performance metrics remaining stable. This suggests that the base
feature set captures most of the predictive information, with additional features providing
marginal improvements.

Model Ranking Based on Residual Quality

Based on residual analysis criteria including randomness, homoscedasticity, and
performance metrics:

1. GB: Excellent residual behavior with minimal patterns and highest R2 values
2. NNs: Strong performance with good residual randomness
3. RF: Good ensemble performance with reduced overfitting
4. LR: Acceptable linear relationship capture
5. SVR: Moderate performance with some systematic variations
6. KNN: Instance-based clustering effects visible
7. DT: Slightly problematic residual patterns indicating a wee bit overfitting

Monthly, 10 days, and 3 days windows predictions are shown in Figure 11, Figure 12,
and Figure 13, respectively.

• Data Leakage:

In four cases, we took care to prevent any data leakage. The training, validation, and
test sets were strictly separated during cross-validation, and standardization was applied
separately within each fold. There is no indication that information from the future or from
the testing data has influenced the training process. The alignment of dates also ensures
that the chronological order is respected, so the model is trained only on past data.

• Overfitting:

The k-fold cross-validation curves in these plots (with each fold’s prediction shown in
separate colors) indicate some variability in predictions between folds (see Figures 11–14).
If it is seen highly divergent predictions among folds or if the predicted values deviate
sharply from the observed data at particular intervals, this could be an indication of
overfitting. However, since the figures show multiple models and feature sets under similar
controlled conditions, overfitting would manifest as consistently very low training error
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contrasted with higher error on validation folds. The displayed average RMSE and R2

values provide a summary that helps us gauge if a model is overfitting. None of the
models show extreme disparity between folds; this suggests that while some models with
more flexible architectures (such as neural networks or decision trees) could be prone
to overfitting if under-regularized, the cross-validation performance is relatively stable,
indicating moderate levels of generalization.

Figure 11. Residual plots for ML model evaluation across different feature sets (full window).
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Figure 12. Residual plots for ML model evaluation across different feature sets (1 month window).
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Figure 13. Residual plots for ML model evaluation across different feature sets (10 days window).
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Figure 14. Residual plots for ML model evaluation across different feature sets (3 days window).

• Underfitting:

Underfitting occurs when models are too simple to capture the underlying complexity
of the data [85–87]. In the figures, if the predicted values systematically fail to track the
variations in the observed data across folds (i.e., they are almost flat or do not respond
to changes in the input), this would be a sign of underfitting. While some basic models
might show a smoother curve, the presence of distinct patterns in the observed data (as
seen in the black lines) that are not well replicated by the predictions would indicate that
the model is not complex enough. For example, if the linear regression predictions are
noticeably smoother than the observed fluctuations, this could be a sign of underfitting.
Overall, the performance metrics in the titles (with RMSE and R2) provide an indication of
fit quality; moderate R2 values and higher RMSE may hint at underfitting depending on
the complexity of the data.

Summary for the Figures:

• The first set of figures (full cross-validation over extended date ranges) shows model
performance across all available data splits. The consistency between folds and the
aggregated RMSE/R2 indicate that data leakage does not seem to be present, and
there is a reasonable balance between bias and variance, suggesting that the models
are not overfitting.

• The second figure (zoomed in for a month) provides a closer look. With predictions for
each fold over a monthly period aligned correctly, any dramatic discrepancies between
folds would indicate potential overfitting or underfitting. Since the curves overlap
well with the observed data, and the variability among folds is consistent, it further
suggests a controlled balance between model complexity and generalization ability.

In conclusion, both figures do not show clear signs of data leakage. Any occasional
mismatches between the predictions and the observed data could be attributed to the
inherent variability in the data, while the overall consistency across folds suggests that
while some models might lean toward underfitting or overfitting in isolated instances, but
cross-validation process has largely prevented these issues.
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Following the discussion on model generalization and potential signs of underfitting
or overfitting, Figure 15 offers critical quantitative evidence by presenting a side-by-side
comparison of R2 (Blue), RMSE (Red), and MAE (Green) metrics across three forecasting
windows, Full, 1-Month, and 10-Day, for all seven ML models and four feature sets.

Figure 15. Metrics for 3 different scenarios (Blue: R2, Red: RMSE, Green: MAE).
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As illustrated in Figure 15, models that incorporate WHR, either alone or in combi-
nation with temporal features, consistently outperform the base configurations across all
metrics and time windows. In particular:

For the Full Window, ensemble models such as Random Forest, Gradient Boosting,
and Neural Networks exhibit demonstrated high generalization R2 values (~0.99) and
marked reductions in RMSE and MAE, suggesting strong model fit and generalization.

In the 1-Month and 10-Day scenarios, a subtle drop in R2 and a rise in RMSE/MAE
is observed, particularly for models with fewer engineered features. This drop is more
pronounced in models like Decision Trees and SVR, which tend to be more sensitive
to shorter data horizons. These changes may hint at underfitting, particularly in simpler
models or those that lack WHR, as they may struggle to capture short-term wave variability.

This multi-metric visualization confirms the earlier qualitative observation: data
leakage is not present, and the variance across models remains controlled. Furthermore, the
gradual metric degradation in more constrained scenarios (10-day window) is indicative of
data sparsity and model limitations, rather than improper modeling procedures. Hence,
while overfitting is avoided through cross-validation, underfitting remains a risk for lower-
capacity models or those omitting physics-informed features, reinforcing the importance of
thoughtful feature engineering like WHR inclusion.

In summary, Figure 15 supports the conclusion that WHR-enhanced configurations
significantly improve robustness and performance, especially under shorter forecasting
windows where models are more prone to underfitting due to reduced data and increased
temporal complexity.

Figure 16 comprises two heatmaps. The left panel illustrates the RMSE Difference
(Validation—Training), and the right panel depicts the MAE Difference (Validation—
Training). Both heatmaps use a color gradient to represent the magnitude of the difference,
with darker shades indicating larger discrepancies between validation and training per-
formance, implying greater overfitting. The rows represent different ML models: LR,
DT, GB, SVM, KNN, NN, and RF. The columns represent different feature sets, incremen-
tally building complexity: “Base,” “Base + Temporal,” “Base + Temporal + WHR,” and
“Base + WHR.” Numerical values of the differences are annotated within each cell.

Figure 16. Metrics difference (validation—training) heatmap for ML models across feature sets.

Observations and Interpretation:
Across both the RMSE and MAE heatmaps, a remarkably consistent pattern emerges.

For most models and feature sets, the RMSE difference is approximately 0.010, and the MAE
difference is approximately 0.008. This striking uniformity suggests that, for these specific
models and feature sets, the difference between validation and training performance is
very small and remarkably consistent.

Specifically:
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RMSE Difference (Left Panel): Most cells show a value of 0.010. The only notable
exception is the “Random Forest” model with the “Base + Temporal + WHR” feature set,
which exhibits a slightly lower RMSE difference of 0.009. This generally low and consistent
RMSE difference (0.010 or 0.009) across all models and feature sets indicates that the models
are generally not overfitting significantly. A difference of 0.010 is typically considered very
low in most contexts, suggesting excellent generalization capabilities for these models. The
consistent red coloring further emphasizes this narrow range of differences.

MAE Difference (Right Panel): Similarly, most cells show an MAE difference of
0.008. The “Random Forest” model with the “Base + Temporal + WHR” feature set again
presents a slightly lower value of 0.007. Similarly to the RMSE observations, these very
low and consistent MAE differences (0.008 or 0.007) suggest that the absolute errors on
the validation set are very close to those on the training set, reinforcing the notion of good
generalization and minimal overfitting. The consistent blue coloring highlights this narrow
range of differences.

Effect of feature blocks

- Adding WHR consistently lifts performance across every horizon, often pushing R2

above 0.98 and halving RMSE relative to the Base model.
- Temporal descriptors alone give only modest gains; in short windows they occasionally

degrade accuracy (Decision Tree and Random Forest).
- Combining Temporal + WHR rarely beats WHR alone and can even introduce slight

over-fit (e.g., GB, 10-day window).

Sensitivity to look-back horizon

- With the full data window, all models except Neural Network achieve near–perfect
fits once WHR is present.

- Constricting the horizon to one month lowers scores by roughly ∆R2 ≈ 0.02
- 0.05 and raises RMSE by 0.02–0.03, yet ensemble learners (GB, Random Forest)

remain robust.
- The 10-day window amplifies dispersion: Linear Regression sustains R2 > 0.99

With WHR, while tree methods and the Neural Network slip markedly (Decision Tree
drops to R2 = 0.96; Neural Network to R2 = 0.87 even after WHR).

Model-specific highlights

- Random Forest and GB reach the lowest overall errors (RMSE ≈ 0.01–0.04) in the full
window when WHR is included, but Random Forest’s performance collapses when
all features are added in the 10-day frame.

- Linear Regression shows that the relationship captured by WHR is essentially linear
and stable across horizons.

- Neural Network benefits most from WHR (−0.06 RMSE, +0.12 R2 in the 10-day set)
yet still lags other models, suggesting it requires more data to generalize.

In summary, WHR consistently emerged as one of the most informative features,
contributing to improved accuracy across different models and time horizons.

To consolidate model performance across multiple evaluation metrics, TOPSIS was
employed. As shown in Figure 17, model configurations incorporating the WHR feature
consistently outperformed their counterparts, dominating the upper ranks of the TOPSIS
scale. The highest-ranking configuration, Random Forest|Base + WHR, achieved the
highest TOPSIS score (1.000), reflecting a strong balance between benefit and cost metrics
across evaluation dimensions (high R2, low RMSE, MAE, and bias). Notably, all top
five configurations included WHR, highlighting its cross-model utility in enhancing both
accuracy and robustness.
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Figure 17. TOPSIS ranking of 84 model configurations based on four evaluation metrics: R2 (benefit),
RMSE, MAE, and absolute bias (cost).

Figure 17 provides a comprehensive overview of model performance rankings us-
ing the TOPSIS method across different temporal forecasting windows, Full, 1-Month,
and 10-Day. Each of the 28 model configurations, composed of seven ML architectures
combined with four distinct feature sets, was ranked based on a composite index of four per-
formance metrics: R2 (benefit criterion), and RMSE, MAE, and absolute bias (cost criteria).

As illustrated in Figure 18 (left), the TOPSIS scores clearly highlight the dominance of WHR-
augmented models, particularly the Random Forest with Base + Temporal + WHR features,
which achieves a near-perfect score across all temporal windows (TOPSIS = 0.997–1.000). This
is followed closely by Neural Network and GB models, especially when enriched with
both temporal encodings and WHR. Models relying solely on raw input features (Base)
consistently underperformed, underscoring the transformative role of physics-informed
and time-aware feature engineering.

Complementing this, Figure 17 (right) displays the model rankings derived from the
TOPSIS scores. The top five ranks are consistently occupied by configurations that incor-
porate WHR, confirming its critical contribution to prediction stability across short-term
(10-Day), medium-term (1-Month), and long-term (Full) forecasting windows. Notably,
while Random Forest shows the most robust cross-window consistency, models like Neural
Network and Support Vector Regression exhibit more sensitivity to the forecast horizon.
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Figure 18. SHAP summary plots for feature importance across different feature sets.

Together, these figures reinforce the study’s central finding: the integration of the
WHR feature universally enhances model performance across different forecasting scales,
validating its application in both real-time hazard warnings and long-term coastal planning.

Figure 18 comprises four SHAP (SHapley Additive exPlanations) summary plots, each
representing the feature importance and impact on model output for a model trained with a
specific feature set: “Base” (top-left), “Base + WHR” (top-right), “Base + Temporal” (bottom-
left), and “Base + Temporal + WHR” (bottom-right). Each row in a plot corresponds to a
feature, ordered by its overall importance. The x-axis represents the SHAP value (impact on
model output), with positive values increasing the output and negative values decreasing
it. The color of each point indicates the feature’s value (red for high, blue for low), and the
density of points signifies the number of instances.

Figure 18 provides critical insights into how different features contribute to model
predictions and how their importance changes with the inclusion of new feature categories.

• “Base” Feature Set (Top-Left Panel): In the “Base” set, Hmax (m) is overwhelmingly
the most influential feature, as indicated by its broad spread of SHAP values. High
values of Hmax (m) (red dots) tend to have a strong positive impact on the model
output, while low values (blue dots) have a negative impact. Tz (s) (zero-crossing
period) also shows significant influence, though less than Hmax (m). Tp (s) (peak
period) and SST (degrees C) (Sea Surface Temperature) have comparatively smaller and
more concentrated impacts. Peak Direction (degrees) shows minimal influence. This
initial observation highlights Hmax (m) as a primary driver of the model’s predictions.

• “Base + WHR” Feature Set (Top-Right Panel): When WHR is added, its importance
is immediately evident. Hmax (m) remains the most dominant feature, similar to the
“Base” set. WHR appears as the second most influential feature, with higher WHR
values (red dots) generally leading to higher model outputs, and lower values (blue
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dots) leading to lower outputs. The relative importance of Tz (s), Tp (s), SST (degrees
C), and Peak Direction (degrees) remains consistent with the “Base” set, though their
exact impact distributions might be slightly altered by the presence of WHR. This
panel demonstrates that WHR is a strong predictor and significantly contributes to the
model’s decision-making process alongside Hmax (m).

• “Base + Temporal” Feature Set (Bottom-Left Panel): The introduction of temporal
features (Hs_lag1, Hs_rolling_mean, Hs_rolling_std, Day, Hour, DayOfWeek, Month,
Season) dramatically shifts the landscape of feature importance. Lagged and rolling
mean/standard deviation of significant wave height (Hs_lag1, Hs_rolling_mean,
Hs_rolling_std, Hs_lag24—though Hs_lag24 is visible in the subsequent plot, Hs_lag1
is prominent here) emerge as highly influential features, often surpassing the original
“Base” features in importance. This indicates a strong temporal dependency in the
phenomenon being modeled. Tz (s) and Tp (s) still show some impact, but the daily
and hourly temporal features also contribute, albeit with generally smaller and more
concentrated impacts. This plot underscores the value of incorporating historical and
temporal context in predictions.

• “Base + Temporal + WHR” Feature Set (Bottom-Right Panel): This panel combines
all feature categories, offering the most comprehensive view. The dominance of lagged
and rolling wave height features (Hs_lag1, Hs_rolling_mean, Hs_lag24) is maintained,
reinforcing their critical role. Hmax (m) remains highly important, but its relative rank
might be slightly lower compared to the “Base” or “Base + WHR” sets due to the strong
influence of the temporal features. WHR also maintains a strong influence, affirming its
predictive power when combined with both base and temporal features. Seasonal (Day,
Hour, DayOfWeek, Month, Season) and Peak Direction (degrees) and SST (degrees
C) features generally have smaller impacts but still contribute to the overall model
output. This final plot illustrates that the most robust models leverage a diverse set
of features, including immediate observations, temporal dependencies, and relevant
auxiliary variables like WHR, to achieve comprehensive and accurate predictions.
The consistent patterns of high feature values (red) leading to positive impacts and
low feature values (blue) leading to negative impacts for the most important features
(e.g., Hs_lag1, Hmax (m), WHR) further confirms their direct relationship with the
model’s output.

These SHAP plots clearly demonstrate the evolving importance of features as new
information is introduced. They highlight that while Hmax (m) is consistently important,
the inclusion of temporal features and WHR significantly enhances the model’s ability to
capture complex relationships, leading to more nuanced and potentially more accurate
predictions. This aligns with standard practices in data science, where careful feature
engineering is crucial for building high-performing and interpretable models.

Thanks to the use of cross-validation and careful regularization, none of the models
exhibited obvious overfitting. Overfitting would manifest as much higher accuracy on
training data than on validation data, or as erratic, fold-specific predictions. Instead, our
cross-validation curves and error statistics were relatively uniform across folds and very
similar between training and validation, implying a good balance (Bias-Variance tradeoff)
was achieved. For example, the Neural Network was trained with early stopping and
did not overshoot—its validation error stayed on par with training error. Similarly, the
ensemble methods used an optimal number of trees to avoid over-learning noise. The
absence of large disparities between fold performances suggests that even the more flexible
models (NN, RF) generalized well and did not memorize idiosyncrasies of any single fold.
On the other hand, we also checked for underfitting, which would appear as systematic
failure to capture wave variability (e.g., consistently smooth, low-amplitude predictions
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that miss peaks). The linear model can be prone to underfitting if relationships are highly
non-linear. In our results, while Linear Regression had higher errors, it still captured the
general wave trends and its residuals did not indicate a completely unresponsive model—
just that it could not model the non-linear spikes perfectly. More complex models clearly
did not underfit at all, as evidenced by their near-zero residuals during both calm and storm
periods. In summary, the model selection and tuning strategies we employed avoided both
severe overfitting and underfitting, yielding models that are complex enough to capture
real patterns but constrained enough to generalize to new data.

It was observed that the gradual drop in metrics (e.g., R2 decreasing and RMSE increas-
ing when going from full-year to 1-month to 10-day models) is attributable to data sparsity
rather than model flaws or data leakage. All models saw some performance loss with less
data, but none showed abnormal behavior like wildly divergent fold predictions, which
suggests our modeling procedures were sound and did not incur overfitting or leakage
even in those constrained cases. In particular, we did not detect any signs of data leakage
in any of our experiments—the training, validation, and test sets were strictly separated
by time, and cross-validation was performed in a leak-proof manner (standardization and
feature generation applied within folds). The consistency of performance across folds and
the fact that predictions on test data align well with observations (with no unexplained
jumps) both indicate that the models have not inappropriately seen future information.

4. Discussion
This study set out to move SWH prediction “from black box to transparent model”

by embedding physically motivated features and explainability tools into a standard ML
workflow. Across 84 model–feature configurations, three main findings emerge. First,
the physics-informed Wave Height Ratio (WHR = Hmax/Hs) consistently improves pre-
dictive skill, often more than purely temporal feature engineering. Second, ensemble
methods, especially Random Forest and Gradient Boosting, benefit most from WHR, but
even simple Linear Regression approaches near-optimal performance when this feature is
included. Third, SHAP analysis shows that the features driving model skill are physically
interpretable, dominated by extremal and memory effects (WHR and lagged Hs) rather
than opaque combinations of raw inputs. Together, these results demonstrate that modest,
theory-guided modifications to the feature space can deliver large gains in both accuracy
and interpretability for coastal wave prediction.

Physics-informed feature engineering involves integrating domain-specific physical
knowledge into the design of input features for machine learning models. This approach
can enhance interpretability and explainability by ensuring that solutions are consistent
with known physical principles, either through the training process, model structure, or
both [88–90]. By embedding physical laws and relationships into the feature set, models
can achieve improved generalization and predictive performance, especially when the
physics priors are comprehensive and accurate [88,91].

Rather than relying on deeper neural networks or extensive hyperparameter tun-
ing, introducing a small number of well-motivated, physics-derived features can signif-
icantly improve model skill while maintaining simplicity, computational efficiency, and
interpretability [89,92]. For example, the use of a single ratio or derived quantity based
on physical principles can drastically enhance model performance, reducing the need for
complex architectures [89]. This approach narrows the gap between training and testing
losses, reduces loss function oscillations, and provides a weak regularization effect, leading
to reduced model variance and a smoother loss landscape for more stable optimization [93].

Physics-informed models demonstrate enhanced generalization ability compared
to purely data-driven models by incorporating prior knowledge from mechanism
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modeling [94]. Embedding physical laws into machine learning models allows them to
operate effectively on lower-dimensional manifolds, which is particularly valuable when
data is scarce [91,94]. This enables models to extrapolate beyond the training data and make
reliable predictions in regimes where traditional data-driven approaches may fail [95].

Integrating physics-informed features not only improves accuracy and generalization
but also enhances interpretability, making it easier for experts to understand and trust
model predictions [56,89,90].

As a feature introduced in this study, the most robust signal in our results is the benefit
of including WHR across models and forecast horizons. When WHR is added to the base
feature set, test-set R2 typically increases from ~0.85–0.95 to 0.99 or higher, with RMSE
reductions of up to 80–86% relative to Base-only configurations. These improvements are
not confined to a single algorithm: Random Forest | Base + WHR achieves the highest
TOPSIS score, but Gradient Boosting, Neural Networks, and even Linear Regression all
show substantial gains once WHR is available.

While prior studies [96–99] have applied ML to wave height prediction, they often
relied solely on single-variable or raw input features (e.g., wind speed or Hmax), lacking
a holistic approach that incorporates additional, physically meaningful variables. This
narrow focus overlooks the complex interplay of environmental factors influencing wave
dynamics and fails to leverage domain-specific feature engineering or explainability frame-
works, both of which are central to this study. This study advances the field by explicitly
incorporating WHR, a physically grounded, dimensionless ratio derived from wave theory,
to capture non-linear wave dynamics and intermittency. Compared to works that employed
temporal encodings or ensemble methods in isolation [100,101], our framework offers a
unified, reproducible approach that combines physical insights with data-driven learning.

Theoretically, the success of WHR demonstrates that embedding physical relation-
ships into ML feature spaces can reduce model complexity while improving performance.
WHR acted as a surrogate for extremal behavior in wave systems, aligning with hydrody-
namic expectations and simplifying the logic behind ML predictions, as verified through
SHAP analyses.

Practically, this approach benefits coastal engineers and decision-makers who require
both highly accurate forecasts and transparent model reasoning. For instance, the enhanced
accuracy during storm periods and reduced bias in predictions are directly applicable to
coastal infrastructure design, early warning systems, and climate adaptation planning.

The SHAP analysis reveals that temporal features, particularly lagged and rolling
statistics of SWH (Hs_lag1, Hs_rolling_mean), are among the most influential predictors,
consistently ranking in the top three for the combined feature sets. This underscores the
strong autocorrelation and short-term memory inherent in the wave field. However, our
ablation study indicates that the marginal gain from adding the full suite of temporal
descriptors on top of the WHR feature is less pronounced than the gain achieved by
introducing WHR itself. For instance, while Base + WHR configurations consistently
achieve near-optimal performance, the Full (Base + Temporal + WHR) configuration only
occasionally provides a slight incremental benefit and can introduce added complexity,
particularly in shorter forecasting windows with limited data. This suggests that while
wave field memory is critical (captured simply by Hs_lag1), the comprehensive temporal
encoding becomes partially redundant once the physics-informed WHR feature is included.
Careful selection and engineering of temporal features are necessary to maximize their
benefit without introducing redundancy or irrelevant information [102–106].

This behavior highlights a classic trade-off in geophysical ML: as the forecast horizon
shrinks and the effective dataset becomes smaller, adding many correlated predictors can
increase variance more than it reduces bias. For the Gold Coast dataset, the picture that
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emerges is that (i) WHR captures a large portion of the physically relevant variability, (ii) a
small set of temporal features (e.g., 1-step and 24-step lags, 24 h rolling mean) is beneficial,
but (iii) aggressively expanding the temporal feature space offers diminishing returns and
can harm performance when data are scarce.

The key methodological message is that model architecture and feature design interact
strongly. Without WHR, more flexible models are needed to approximate the missing
physics; with WHR, even parsimonious models can achieve high skill. For operational
contexts where interpretability and computational budget are critical, this suggests a
practical route: prioritize physically informed features first, and then select the simplest
model that meets accuracy requirements.

A principal aim of this work was not only to improve accuracy, but also to open the
black box of coastal wave prediction. SHAP analysis provides a quantitative lens on feature
contributions that can be interpreted in physical terms. Across all feature configurations,
SHAP consistently ranks Hmax, WHR, and lagged SWH among the most influential
predictors, with high values (red points) producing positive SHAP contributions and hence
higher predicted SWH, and low values producing negative contributions. This pattern is
fully consistent with physical expectations: large maxima, extreme ratios, and recent large
values of SWH all signal an energetic sea state.

Temporal features such as hour of day, month, and season show weaker but still inter-
pretable effects, reflecting diurnal and seasonal modulation of the local wave climate. Sea
surface temperature and peak direction also contribute modestly, likely capturing seasonal
shifts in swell regime and air–sea coupling. Importantly, no major feature emerges as
influential in a way that contradicts basic wave physics; the SHAP results reinforce that the
models are exploiting physically reasonable relationships rather than spurious correlations.

From a geophysical perspective, this matters for two reasons. First, it builds trust:
stakeholders can see which variables drive the forecast and verify that these align with
known dynamics. Second, it provides a pathway for scientific learning: by examining
where and when WHR or lagged SWH dominate, one can gain insight into how extremes
and memory structure the local wave field and how this might respond to changes in
storminess or background climate.

The use of TOPSIS to rank model–feature configurations adds a decision-oriented
layer to the analysis. Rather than focusing on a single metric (e.g., R2), TOPSIS considers
R2 as a benefit criterion and RMSE, MAE, and absolute bias as cost criteria, yielding
a composite score that reflects multiple operational priorities simultaneously. The fact
that WHR-enhanced configurations systematically occupy the top ranks across full-year,
1-month, and 10-day windows underscores their robustness: they do not merely optimize
one metric at the expense of others.

For practical wave forecasting and hazard applications, this is important. A model
with slightly higher R2 but larger bias may be less useful for setting thresholds or issuing
warnings than one with slightly lower R2 and smaller bias. The TOPSIS framework helps
clarify these trade-offs and provides a transparent rationale for choosing, for example,
Random Forest|Base + WHR as a default configuration when multiple models perform
similarly on individual metrics.

Strengths and Innovations
Key strengths of this study include:
Introduction of WHR as a novel, interpretable, and scalable feature with cross-model utility.
Systematic benchmarking of 84 model-feature configurations across 7 algorithms and

3 temporal windows.
Robust validation framework, incorporating cross-validation, multiple metrics (RMSE,

MAE, Bias, R2), and decision-support ranking via TOPSIS.



Mathematics 2025, 13, 3962 39 of 45

Use of SHAP values and residual diagnostics to validate model transparency and
identify overfitting or underfitting risks.

Unlike prior black-box studies (e.g., Lu et al., 2025; Peach et al., 2025 [107,108]),
our work balances accuracy and interpretability, offering a replicable path forward for
operational coastal ML systems.

The robust predictive capability and non-linear modeling superiority of ML, as val-
idated in the high-fidelity Hs, wind speed, renewable energies applications forecasting
studies (e.g., [109–114]), establish a critical precedent for generalization. By employing and
optimizing data-driven models a core technique utilized by author for accurately capturing
complex ocean dynamics, the methodology outlined in this paper can be effectively gener-
alized across diverse ocean energy sites and varying met-ocean conditions. This success
confirms that, provided a site-specific dataset is available for training, ML-based prediction
systems are not site-locked but represent a scalable, universally applicable paradigm for
enhancing ocean resource assessment and wave-powered system modeling.

It is also instructive to discuss the limitations and scope of WHR as a feature. While
WHR proved extremely useful in our dataset, its stability under atypical conditions war-
rants consideration. In cases where Hs is very low (nearly calm sea), the ratio Hmax/Hs
can become ill-defined or overly large due to division by a small number. In our one-year
record, the minimum Hs was about 0.26 m, and the corresponding maximum WHR was
3.56. These values are within physically plausible bounds (for a 30 min record, a WHR
of ~3.5 implies a fairly large single wave but nothing unearthly). If one were to apply
our model to a scenario with much lower background wave energy (say, inside a nearly
enclosed bay or a lake with many calm periods where Hs → 0), WHR could become ex-
tremely high or noisy whenever a small wave occurs. In such cases, one might need to cap
WHR at some reasonable maximum or exclude data below a certain Hs threshold to avoid
introducing instability. Another strategy is to define WHR in a moving-window sense (e.g.,
ratio of 95th percentile wave height to Hs over a longer period) to smooth it out. In our
framework, we did not encounter instability because the region of deployment always had
some wave energy (no truly flat calms), and we implicitly relied on the models to handle
the WHR signal appropriately (which they did, as evidenced by lack of outlier-driven
issues). Nonetheless, users of WHR or similar extremal feature should be mindful of the
physical regime: WHR is most informative in energetic conditions with enough waves in
a record to give a meaningful ratio. Under extremely low sea states, WHR may not carry
much meaningful information (or could be very erratic), and one might exclude those cases
or treat them separately.

Another important discussion point is the role of temporal features in our study. The
temporal feature set we used (a single lag, rolling mean, and cyclical encodings) yielded im-
provements, but relatively modest ones compared to WHR. One might initially be surprised
that adding what seems like rich temporal information did not drastically outperform the
base case. There are a few plausible explanations: (a) The inherent autocorrelation in wave
heights is already partly captured by the inclusion of Hmax and the physics of wave evolu-
tion, in other words, yesterday’s sea state influences today’s, but Hmax itself is a memory
of recent conditions to some extent (since Hmax will be high if it was rough in the recent
past). (b) We included only basic temporal features; more advanced sequence modeling
(like using a recurrent neural network or a longer lag history) might extract more temporal
signal. We focused on a scenario where we deliberately keep models relatively simple
and incorporate minimal temporal info to see incremental gains. The results suggest that
most of the easily exploitable variance was captured by just one lag feature (Hs_lag1). This
was evident in SHAP rankings where Hs_lag1 was highly influential, whereas additional
time features (like hour or month encoding) had smaller effects. The underuse of temporal
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features noted by a reviewer can be interpreted as: the models did not heavily rely on the
cyclic time-of-day or time-of-year signals. Indeed, diurnal cycle in wave climate is weak
(except for local wind waves) and our one-year period might not fully exploit seasonal
patterns beyond what the training already sees. In future work, one could explore using
long short-term memory (LSTM) networks or temporal convolution networks on the raw
time series to see if capturing longer-term dependencies (like multi-day swell decay or fort-
nightly tidal cycles affecting depth-limited wave heights) yields additional improvements.
In our case, the simpler approach was sufficient to capture the lion’s share of performance,
and the ML models (especially tree-based) might implicitly glean some temporal structure
by virtue of the way data were fed (chronologically). For example, decision trees could
split on the index (if allowed) or effectively on any slow trend that correlates with time.
We did not allow direct time index as a feature, but the seasonal encoding might not have
been a strong predictor because wave climate variability in this one year was dominated by
specific events rather than a smooth seasonal cycle.

5. Conclusions
Accurate and interpretable prediction of significant wave height is paramount for

advancing our understanding of geophysical fluid processes and for practical applica-
tions ranging from marine renewable energy to coastal climate resilience. While machine
learning models have demonstrated superior predictive capability over traditional numeri-
cal models, their widespread adoption has been hampered by two persistent challenges:
their opaque “black-box” nature and a frequent reliance on raw input variables without
leveraging domain-specific knowledge.

This study successfully addressed these challenges by developing and validating
a transparent, physics-informed ML framework for SWH forecasting. The core of this
framework is the novel Wave Height Ratio (WHR), a simple yet powerful engineered
feature that encapsulates the extremal behavior of ocean waves. Our systematic evaluation,
spanning seven ML algorithms, four feature configurations, and multiple forecasting
windows, yielded several definitive conclusions:

Physics-informed feature engineering is a critical enabler: The incorporation of the
WHR feature consistently and dramatically enhanced model performance across all archi-
tectures and time horizons. The dominance of WHR-augmented models in the TOPSIS
ranking, led by Random Forest, underscores that a single, well-designed physical feature
can be more impactful than adding numerous temporal or raw variables. This led to a
reduction in RMSE of up to 86% and R2 values exceeding 0.99, achieving a level of accuracy
that is operationally viable.

Explainable AI unlocks trust and insight: The application of SHAP analysis trans-
formed complex ML models from black boxes into interpretable tools. It quantitatively
confirmed WHR as the most influential predictor, providing a physically plausible explana-
tion for model outputs, high WHR values, indicative of storm-like conditions, consistently
drove predictions of higher SWH. This transparency is indispensable for building trust
among coastal engineers, climate scientists, and energy operators.

A robust framework for model selection: The integration of multi-criteria decision-
making (TOPSIS) provided an objective and transparent methodology for ranking model
configurations. This moves beyond ad hoc model selection and offers a reproducible strategy
for identifying the optimal balance of accuracy, error, and bias for specific operational needs.

In summary, this research demonstrates a viable pathway from black-box to transpar-
ent modeling in geophysical fluid dynamics. By bridging the gap between data-driven
performance and domain-aware interpretability, the proposed framework contributes sig-
nificantly to smarter coastal zone management, more reliable ocean energy forecasting,
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and enhanced climate adaptation strategies. The methodology is generalizable, paving
the way for its application to other oceanic parameters and geographic regions, ultimately
fostering the development of more trustworthy and actionable AI tools for understanding
and managing our dynamic ocean environment.
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